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Abstract

Positron Emission Tomography (PET) is an important tool for detection, staging
and follow-up in a wide range of diseases, including cancer and neurological
disorders. As a functional imaging tool, PET can visualize biological processes,
where positron emitting radioactive isotopes are connected to molecules with
different functions in the body. While PET-images can be visually interpreted,
they can also be used for quantitative measurements, where functions such as
glucose metabolism, dopamine receptor function, and blood-flow can be
quantified. Measurements can be performed in static imaging, or in dynamic
imaging where graphical methods can be used for analysis.

PET images benefit from fusion with anatomical images which facilitates the
interpretation. The combination of PET with computed tomography (CT) as in
PET/CT hybrid equipment is a well-established imaging method. Magnetic
Resonance Imaging (MRI) has some advantages over CT such as the high soft
tissue contrast, but the combination with PET in a fully integrated system is far
more technically challenging. Most of the technical concerns have been solved,
and PET/MRI modalities are now commercially available.

Among the remaining challenges, the attenuation correction is still not yet
completely solved, where the attenuation maps on the PET/MRI modalities are
approximate and bone is not accounted for in all parts of the body. There are also
challenges with quantitative PET in general, where for example low spatial
resolution and presence of noise can lead to quantitative errors. The purpose of
this thesis was to investigate and develop strategies to reduce quantitative errors
in PET imaging with special focus on PET/MRI.

In study I, we studied the limits for quantification of size and uptake in small
lesions in PET images reconstructed with a resolution modelling algorithm. We
constructed a phantom of small balloons and reconstructed images with three
different algorithms and measured volume and activity concentration in the
images. The measured activity concentration in the lesions was corrected for the
low resolution that yields partial-volume effects (PVE). We found that resolution
modelling improved quantification of all lesions, and that in combination with
correction factors, lesions larger than ~9 mm diameter could be correctly
quantified.

Study II is focused on the effect of frame time length on the graphical Logan-
analysis for dynamic studies with 1*C-raclopride. Logan analysis is reported to be
sensitive to noise, and image noise is heavily dependent on the frame time length.
Noise can also generate bias when using iterative reconstruction methods. We
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concluded that with region-based analyses, a bias of approximately 10% in the
non-displaceable binding potential was found when using the shortest time
frames, and that the bias was mainly caused by the reconstruction algorithm.
Long time frames generated stable parameters.

The last two studies focused on the attenuation correction in PET/MRI hybrid
equipment. In study III, a method for attenuation correction in PET/MRI was
implemented and evaluated. The method is developed for the pelvic region and is
based on statistical decomposition of T2-weighted images. We found that the new
method improved quantification, especially in regions in vicinity of bone. In
study IV, we proposed a concept for patient-specific quality assurance of
attenuation maps, based on measurements of the MRI Bo-field. The method
shows potential to find errors in the attenuation map related to metallic implants,
air, and patient contour.

The work in this thesis has contributed to increased knowledge about the effect
of resolution and noise for quantification in PET images. It has also introduced a
new method for attenuation correction in PET/MRI, and a concept for quality
assurance of PET/MRI attenuation maps.
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Sammanfattning

Positronemissionstomografi (PET) ar en teknik f6r medicinsk avbildning som ger
tredimensionella bilder av biologiska funktioner i kroppen. Tekniken bygger pa
anvandning av ligander, molekyler med en funktion i kroppen, som ar markta
med en radioaktiv isotop. Liganderna &ar framtagna for att avbilda olika
funktioner i kroppen, exempelvis glukosmetabolism, dopaminreceptorer,
celldelning eller perfusion. Dessa radioligander injiceras normalt i patientens
ven, férdelas under en tid, och avbildas i en PET-kamera d4 de sander ut stralning
i form av fotoner. Vid avbildningen insamlas radata som rekonstrueras till PET-
bilder.

PET kombineras ofta med datortomografi (DT) eller magnetresonans-tomografi
(MR) i PET/DT eller PET/MR hybridutrustningar. DT och MR anvinds for att
avbilda anatomin i kroppen och ge stod till tolkning av PET-bilderna. De anvands
ocksa for att skapa attenueringskartor som behovs for att korrigera for att fotoner
absorberas i kroppen innan de detekteras av PET-kameran.

PET-bilder ar kvantitativa, vilket betyder att pixlarna representerar mitningar av
radioaktivitet i patienten. Fordelningen av radioaktivitet kan anvindas for att fa
information om fysiologiska processer. Det finns dock flera begriansningar for
noggrannheten i dessa matningar. Den spatiala upplosningen ar relativt 1ag,
vilket skapar en utsmetning, s.k. partiella volymseffekter. Det gor att aktiviteten
i ett mindre objekt med hog aktivitet kommer att verka ldgre dn den verkligen ar.
Effekten beror inte bara p4 PET-kamerans upplosning, utan dven pa objektets
storlek och form.

En annan begransande faktor ar brus, som ar sirskilt relevant vid dynamisk PET.
I dynamisk PET avbildas patienten i en tidsserie, och aktiviteten i ett omrade kan
maétas Over tid i en tidsaktivitetskurva. Dessa kurvor kan analyseras for att
berikna parametrar som ger information om patientens fysiologi. En grupp av
analysmetoder kallas grafiska metoder. Grafiska metoder ar robusta och litta att
implementera, men kan ge systematiska fel om de appliceras i data med mycket
brus. Brus kan ocksa ge upphov till systematiska kvantitativa fel nar PET-bilderna
rekonstrueras med iterativa metoder. Brusnivan i dynamisk PET paverkas av hur
matdatat grupperas i olika tidsfonster, dar korta fonster ger mer brus.

Kvantifieringen i PET-bilder paverkas ocksé av attenuering, som korrigeras med
hjélp av en attenueringskarta. DT-bilder skapas av fotonattenuering, vilket gor
dem lampliga som underlag for berdkning av attenueringskartor. MR-bilder
diaremot, bygger pa helt annan fysik som inte har koppling till attenuering.



Beridkning av attenueringskartor fran MR-bilder dr darfor mer komplicerat. Det
saknas ocksa metoder for att bedoma kvalitén pa enskilda attenueringskartor.

Syftet med denna avhandling var att forbattra kvantitativa méatningar i PET, med
avseende pé partiella volymseffekter, optimering av dynamiska protokoll for en
grafisk metod samt attenueringskorrektion f6r PET/MR.

Studie I handlar om partiella volymseffekter i smé lesioner. Ett nytt fantom
tillverkades for att efterlikna sma tumorer. Fantomet skannades i PET-kameran
och bilderna rekonstruerades med och utan upplosningshdjande algoritmer.
Korrektionsfaktorer for mer korrekt kvantifiering berdknades och applicerades
pé varje lesion. Resultaten visade att det med upplosningshoéjande rekonstruktion
gick att kvantifiera lesioner med volym storre dn 0.35 ml, vilket motsvarade en
diameter pd ~9 mm. Bilderna utan upplésningshéjande algoritmer gick inte att
anvanda for kvantifiering av de sma lesioner som ingick i studien.

Studie II syftade till att studera paverkan fran olika sitt att dela upp dynamiskt
data i tidsfonster, med avseende p& parametrar i den grafiska Logan-metoden
applicerat pa data fran radioliganden uC-raclopride. Det visade sig att nir
analysen applicerades pa striatum-regionen i hjarnan si fanns ett systematiskt
fel pd 10% for de kortaste tidsfonstren. Detta berodde huvudsakligen pa fel
orsakade av den iterativa metoden for rekonstruktion av bilder. Langa tidsfonster
gav stabila parametrar.

De tva sista studierna behandlar attenueringskorrektion for PET/MR. I studie
III implementerades och utviarderades en metod for attenueringskorrektion i
PET/MR, baserad pa statistisk dekomposition av T2-viktade MR-bilder i backen-
omréadet. Metoden visade sig forbittra kvantifiering, med storst forbattring i
nédrheten av benviavnad. I studie IV forslas ett nytt koncept for utvirdering av
kvalitén pa MR-baserade attenueringskartor. Metoden baseras pa méatning och
simulering av patientinducerade storningar pA MR-kamerans huvudmagnetfalt.
Den visade sig ha potential att hitta fel i attenueringskartan som kommer frén
metallimplantat, luftfickor och fel i patientkonturen.

Denna avhandling har bidragit till 6kad kunskap om effekter pa kvantifiering i
PET-bilder frdn upplosning och brus. Den har ocksé introducerat en férbattring
av attenueringskorrektion for PET/MR, och ett koncept for att utviardera kvalitén
pa attenueringskartor for PET/MR.
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Introduction

1 Introduction

Medical imaging enables visualisation of internal structures and biological
functions in the human body and is a cornerstone in modern medicine. In
positron emission tomography (PET), biochemical processes are studied via
injection of radiotracers in the patient. The radiotracers are designed to
biologically interact with the body and trace different functions which are imaged
in a PET scanner. PET images depict the tracer distribution in the body and can
be the basis for quantitative measurements of the radioactivity and thereby the
underlying biochemical processes.

An aim in modern medicine is to customize healthcare to the individual patient.
PET can play an important role, for monitoring treatment response, and also for
assessing response before therapy by using radiolabelled drugs [1]. Quantitative
PET enables not only visualization of tracer uptake, but measurements that can
be compared between patients and related to outcome.

PET scanners today are usually combined with computed tomography (CT) or
magnetic resonance imaging (MRI) into PET/CT or PET/MRI hybrid equipment.
CT and MRI provide anatomical information and give context to the functional
PET images, and MRI can also produce functional information. In addition, CT
and MRI are used to produce attenuation maps that are necessary for quantitative
PET images. While PET/CT is clinical routine in many standardised workflows,
PET/MRI is a newer tool with many applications still to be explored.

One major field for PET exams is oncology, and PET can be involved in many
aspects of cancer care. The most important oncological tracer is 18F-
fluorodeoxyglucose (FDG), a molecule with many similarities to glucose, for
imaging of glucose metabolism. 8F-FDG PET is used for detection and staging of
cancer, target delineation for radiotherapy treatment planning and monitoring of
treatment response [2]. Correct quantification is of importance to improve
accuracy in all these aspects.

Brain imaging is another important field. While glucose imaging with 8F-FDG is
of importance also for neurological diseases, there are also more selective tracers
for neuro receptor imaging [3]. An important quantitative measure is the binding
potential (BP), which is a combined measure of a specific receptor’s density and
affinity to the tracer molecule in a brain region [4].
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1.1 Challenges with quantitative PET

The PET image should ultimately reflect the tracer distribution in the body.
However, there are several degrading factors that impair quantitative
measurements. While many of these factors are routinely corrected for, there are
remaining challenges that limit the quantitative accuracy.

1.1.1  Spatial resolution and noise

In comparison with other imaging modalities, like CT and MRI, PET images have
lower spatial resolution and more noise. Low spatial resolution leads to partial-
volume effects (PVE), which means that the activity is partially spread out to
adjacent regions [5]. This leads to errors in the measured activity and in assessing
the metabolically active volume of lesions. There are different methods to correct
for PVE, all with various advantages and shortcomings. One method is to include
resolution modelling in the iterative image reconstruction algorithm. Such
algorithms had been only recently introduced commercially at the start of this
doctoral project, and their effect on quantification of small objects was not fully
known. The possibility to combine these algorithms with other correction
methods had also not been fully investigated. A common way to study PVE is to
use a phantom with fillable plastic spheres in a background with lower
radioactivity, where the spheres mimic tumours or other lesions. A drawback of
these phantoms is that the plastic walls around the spheres are free from
radioactivity, often referred to as cold [6], which does not represent normal
physiology. Because of this, there was a demand for alternative methods,
especially for studies on partial-volume effects.

Noise is another obstacle in PET quantification. Apart from obviously imposing
statistical uncertainty in quantification, noise can also introduce bias. In dynamic
PET, where kinetic parameters are of interest, so called graphical methods can be
applied to derive these parameters. Graphical methods apply mathematical
transforms on the time-activity curves so that they form a linear connection,
where the linear parameters can be interpretated physiologically. The most
common graphical method for reversible tracer bindings is the Logan plot [7].
This method is robust and easy to implement, but can be biased in high-noise
conditions [8]. Another noise-related bias appears in images reconstructed with
the iterative reconstruction algorithm ordered subset expectation maximization
(OSEM) [8]-[10]. A positive low-count bias is often discussed to be due to the
non-negativity constraint in the algorithm, that sets negative values to zero.

Noise in dynamic PET is closely linked to frame time length, where shorter
acquisition time frames will result in more noise. The choice of dynamic protocol
for the Logan plot can yield bias both from the noise sensitivity of the Logan
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algorithm and OSEM-related bias. More knowledge was needed on the total effect
from the frame time length on dynamic parameters from the Logan plot.

1.1.2 Attenuation correction in PET/MRI

Attenuation correction is the largest among PET corrections. To correct for the
gamma photon loss within the patient (attenuation), information is needed about
the attenuating properties of the imaged object, in form of an attenuation map.
In PET/CT scanners, the CT images are based on attenuation of x-ray photons,
and the attenuation map for PET photons can be well estimated from CT images.
For PET/MRI scanners, the process is less straight forward since MRI is not
based on attenuation of photons. There are numerous methods for calculation of
attenuation maps from magnetic resonance (MR) images, based on different
algorithms and imaging sequences. One of the limitations with MRI is that bone
tissue gives very low signal for most MRI sequences, and the current clinical
method for PET/MRI attenuation correction in most anatomic regions assigns
bone the same attenuation coefficients as fat.

A related field of research is MRI-based radiotherapy treatment planning, where
substitute CT images (sCTs) are calculated from MRI sequences. These sCTs can
be converted to attenuation maps and used for PET/MRI attenuation correction.
One example is based on the statistical decomposition algorithm (SDA), which
can be described as an atlas-based method where tissues are registered separately
[11]. There was a need for evaluation of the capacity of this method for PET/MRI
attenuation correction.

The conversion from MRI to sCT is not perfect. Errors that can occur are for
example materials, e.g., metallic implants, that are not handled by the algorithm.
Other examples are artifacts from the MRI sequence that results in errors in the
sCT, or patients with atypical anatomies which are not handled by the sCT
algorithm. While both PET/MRI and sCTs for radiotherapy treatment planning
exist in clinical use, there is no current method for quality assurance of individual
attenuation maps. For radiotherapy treatment planning, there are proposed
methods that would occur relatively late in the patient workflow [12], [13]. An
early quality control would provide a measure of the attenuation correction
accuracy and would be an important checkpoint in the therapeutic workflow.
There is a potential in using the patient-induced perturbations of the main
magnetic field of the MRI scanner as a base for such a method.
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1.2 Aims

The general aim of this thesis is to improve quantitative measurements in PET
with focus on PET/MRI. The specific aims are:

1. To contribute to better quantification of small lesions in PET, evaluated
with phantom measurements that accurately mimics patient physiology.

2. To investigate the effect of frame binning protocol in kinetic parameters
measured with the Logan plot, and find the limits of frame lengths to
yield stable parameters.

3. To evaluate a new method for attenuation correction in PET/MRI with
potential to improve PET quantification.

4. To develop the concept for a novel method for quality assurance of
PET/MRI attenuation maps and sCTs based on the patient-induced
perturbations of the main magnetic field.
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2 Positron emission tomography

2.1 Principle

In PET imaging, the patients are injected with radiotracers. These tracers are
molecules with functions in the body, containing a positron emitting isotope. The
positively charged positron interacts with an electron and converts into energy in
the form of two gamma photons. By detecting these photons, images can be
created that depict the radiotracer distribution within the body. The radiotracers
can be designed to mimic different functions and allow the investigator to
examine for example glucose metabolism, cell proliferation, perfusion, or
dopamine receptor function.

2.1.1 Positron emission

Positron emission occurs when an unstable nucleus loses energy by converting a
proton into a neutron. In this process, a positively charged positron is emitted.
Interactions between the positron and surrounding atoms makes the positron
slow down, and finally annihilate with an electron. The annihilation results in two
gamma photons emitted in almost opposite direction to each other due to
conservation of momentum. Detection of the two photons is the base for PET
imaging. The measured photon detection events are used for the reconstruction
of PET images.

2.1.2 The PET scanner

The PET scanner consists of multiple rings of detectors. The detectors are made
of crystals that convert the 511 keV photons into light, which in turn is converted
to an electrical signal with one of the following detector types: photomultiplier
tubes (PMTs), avalanche photo diodes (APD) or silicon photomultipliers (SiPMs).
If the measured signal fits within the energy window for 511 keV, it is considered
a detection. The volume that can be imaged by the PET scanner is referred to as
the field of view (FOV). Commonly, the axial FOV is 15-25 cm, while the radial
FOV covers 60-70 cm in diameter [14]—[16]. If a longer axial FOV is needed in a
scan, the patient table can be moved into several bed positions.

2.1.2.1  True coincidence

A coincidence occurs when two photons are detected within a time window, which
means that they are considered to originate from the same positron annihilation.
This can also be referred to as a prompt coincidence. The size of the time window
is decided by the time resolution of the crystal materials. Between the detector
pairs, an imaginary line is formed, referred to as the line of response (LOR). When
two detected primary photons originate from the same annihilation, it is called a
true coincidence (figure 1a).
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Figure 1. True coincidence (A), scattered coincidence (B) and random coincidence (C). Scattered
and random coincidence results in a false LOR, here visualized with dashed lines.

2.1.2.2  Scattered coincidence

If at least one of the annihilation photons is scattered before detection, it will lose
its direction and take a new path. If the energy lost in scattering is small enough,
the detection can still fit within the energy window. This leads to a false LOR
(figure 1b), and loss of contrast and incorrect quantification in the PET image.
The proportion of scattered events is not related to count rate, but rather
depending on the activity distribution and scatter geometry [17], [18].

2.1.2.3 Random coincidence

When two annihilations occur almost simultaneously, and one photon from each
annihilation is not detected, the remaining photons can be detected and form a
false LOR (figure 1c). If the number of detected events in detector a and b is
uncorrelated, the rate of random events between detector a and b, R, is a
function of the count rate in each detector as

Rap = 2TNGN, (1)

where T is the window width of the timing window and N, and N} are the single
count rates for each detector [19]. This holds true where there are no true
coincidences, that is, outside the imaged object.

2.1.3 Data storage

The collected PET raw data can be stored in two modes. A list of all events, with
detector pairs and timing information, is referred to as list mode. This requires
large data-storage space but is also flexible and can be of use for elaborating with
varying scanning times. A more compact data storage is achieved with sinograms.
In the sinogram, each LOR is represented as a function of the projection angle
and the perpendicular distance between the LOR and the centre of the scanner
(figure 2). Even if data is collected in list mode, it is re-sampled into sinograms
before image reconstruction.
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Figure 2. A PET image and the corresponding raw data sinogram. A point (xi, y.) in the image (red
dot) is represented as a curve in the sinogram. A point (ri, 8,) in the sinogram (green dot) is
represented as a green line (the LOR) in the image space.

2.1.4 Radiotracers

Radiotracers, that is, pharmaceuticals labelled with radioactive isotopes, are the
central component in all nuclear imaging. For PET tracers, the radioactive isotope
is a positron emitter. The isotopes are most commonly produced in a cyclotron,
while some are produced in generators.

The positron emitting isotopes are connected to molecules with physiological
functions in the body [18], [19]. These molecules can be compounds that are
naturally occurring in the body, where 8F-FDG is an example of a glucose
analogue to trace glucose metabolism [20]. They can also be molecules that binds
to receptors in the body, e.g., 1C-raclopride that binds to dopamine D,-receptors
[21]. The PET scanner can detect tracer concentrations on picomolar level, and
the amount of tracer injected in a patient is small enough to trace the biological
process without interfering. The tracers used in this thesis are listed in table 1.
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Table 1. PET tracers used in this thesis [18], [21], [22].

18F-FDG Glucose metabolism 110.0
uC-Raclopride  Dopamine D.-receptors 20.4
uC-Acetate Lipid metabolism, 20.4

oxygen consumption

2.2 Image quality in PET

Image quality in PET, as in medical imaging in general, is often characterized by
spatial resolution (ability to resolve image details), noise (statistical variation in
the image), and contrast (differences in image intensity between regions). These
characteristics describe different aspects of the image quality but are also linked
together [17]. For example, smoothing with a spatial filter can decrease noise but
also decrease spatial resolution. When compared to CT or MRI, PET has often
higher contrast, depending on tracer uptake, but also higher noise and lower
spatial resolution.

2.2.1 Spatial resolution

Spatial resolution describes the sharpness of the image, or the capacity to depict
image details. In PET, spatial resolution is often measured as the full width at half
maximum (FWHM) of the point spread function (PSF) which corresponds to the
image of a point source [17]. As in other nuclear medicine imaging, resolution in
PET is low with PSFs of typically 3.5-7.5 mm FWHM [14]-[16].

The limiting factors for spatial resolution are several. The size of the scintillating
detectors has a large impact on the spatial resolution. Positron range is another
factor. The energy of the positrons that are emitted depends on the isotope, and
results in a travelled distance that is specific for each isotope. For example, 8F
has mean positron range in water of 0.46 mm, while the corresponding distance
for 68Ga is 2.15 mm [18].

Depth of interaction is another limiting factor. The PET photon travels a short
distance in the crystal before depositing its energy. This distance is typically not
measured, and the measured position of the detection is projected at the entrance
surface of the detector. This causes the resolution to be lower in the peripheral
parts of the FOV compared to the central parts [19].

Spatial resolution is also limited by the non-collinearity. This refers to that the
two PET-photons are not always emitted in exactly opposite directions, and the
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observed LOR is placed a short distance from the place of interaction. The effect
is worse for larger diameters of the detector rings, and can be about 2 mm for 9o
cm PET scanners [18].

The image reconstruction method does also affect the spatial resolution. Choices
can be made in which algorithm to use (section 2.3) and smoothing filters for
noise reduction.

2.2.2 Noise

Noise can be characterized as structured noise and random noise. The structured
noise consists of non-random variations and will not be discussed further. The
random noise, or statistical noise, is due to the random variations of count rate in
the image. In PET images, noise is high, and impairs detectability [17].

Noise from radioactive decay, as in PET imaging, follows Poisson statistics, and

the variance in the image is related to the number of counts N as v/N. The total
number of counts is obviously depending on scanning time, or time length of
dynamic time frames. It also depends on the half-life of the positron emitters,
where a short half-life will lead to less counts late in the scan.

2.2.3 Contrast

Contrast describes the differences in intensity between imaged regions. In the
PET image, this corresponds to different levels of tracer uptake. Hence, contrast
will be different for different tracers and body regions.

Related to contrast is the contrast-to-noise ratio (CNR) which is very important
for detectability [17]. An object with low contrast can be visible if the noise is low
but be non-resolvable in high noise conditions.

2.3 PET image reconstruction

To transform the collected PET raw data in the form of sinograms, into images of
the radiotracer distribution in form of cross-sectional planes, is referred to as
image reconstruction. Choices of parameters in the image reconstruction will
affect quality parameters such as resolution, noise, and contrast.

The reconstruction algorithms are grouped into two categories: analytical and
iterative reconstruction algorithms. The by far most common analytical
technique is filtered back projection, (FBP).
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2.3.1 Filtered back projection

The basics of back projection and FBP is illustrated in figure 3. All projections
from the same angle (a column in the sinogram in figure 2) is projected evenly
over the image. When this is repeated for all angles, a blurred version of the
underlying image is created. To achieve a sharper image, each projection is
filtered with a ramp filter prior to projection over the image, and a low-pass filter
to suppress noise by removing high spatial frequencies [19].

FBP is easy to implement and provides fast image reconstructions, with an even
noise distribution over the image [23]. The main drawback is the streak artifacts
that appears due to the limited number of projections [24].

Using 3 projections Using all projections

au

—m

Using 3 projections Using all projections

Figure 3. Illustration of back projection (A) and filtered back projection (B). Applying a ramp filter
before projection removes the blurring in A and results in the sharper image in B.
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2.3.2 Iterative reconstruction

Iterative reconstruction algorithms search for the true image by successively
updating the image estimate and comparing the projections of the estimate to the
original raw data. A common formulation of the reconstruction problem is

pbj = Zmi,j a; (2)
i

where qj is the activity in voxel 7, p; is the measured intensity in LOR j, and m; jis
the probability for an annihilation from voxel i to be detected in LOR j [17]. m;,;
forms the elements in the system matrix M. The probability of detection includes
attenuation, scatter, scanner geometry and detector sensitivity, but also positron
range and photon non-collinearity. The more accurate the system matrix models
the probability, the more accurate the reconstructed PET image will be.

The reconstruction problem in eq. 2 is solved iteratively from a first simple
estimate, e.g., a homogenous image. The following steps are repeated in each
iteration [17]:

1. Calculate the raw data that would be measured if the estimate was true
by forward projecting the estimated image.

2. Compare the estimated raw data to the measured and -calculate
correction factors, for example ratios between estimated and measured
data.

3. Apply the correction factors to update the image estimate.

2.3.2.1 MLEM

One example of an iterative reconstruction is the maximum likelihood
expectation maximization (MLEM), which is the base for many iterative
reconstruction methods [25]. In MLEM, the voxel value q; in iteration k+1 is
calculated based on the voxel value in the preceding iteration k as [26], [27]:

k+1

k
a _q Zm bj (3)
' img; ; Y yim; jaf 3

2.3.2.2 OSEM

Ordered subsets expectation maximization, OSEM, is an accelerated version of
MLEM that groups the projections into subsets [28]. The calculated activity
distribution for one subset is used as a starting point for the next subset. This
small modification speeds up the convergence approximately by the same
magnitude as the number of subsets [19]. The faster convergence is of importance
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to make the algorithm practical to use, and iterative algorithms used in clinical
work are typically based on OSEM.

Images reconstructed with OSEM, and other iterative methods, do not have the
problems with streak artifacts that appears in FBP reconstructions. They also
have better signal to noise ratio in regions of low uptake [19]. Some drawbacks
are that the convergence is uneven with slower convergence in regions with low
tracer uptake [19], and that iterative methods have longer reconstruction times.

Another obstacle for the OSEM algorithm, also in common with other iterative
algorithms, is that it can yield bias in high-noise conditions [10], [29]. This is
especially problematic in dynamic PET imaging where there can be low counts in
each time frame. The bias is connected to the non-negativity constraint of the
algorithm, which forces voxel values to be positive. When corrections are applied
for random coincidences, the corrected true coincidences can be negative, which
is not handled by the OSEM algorithm. In these situations, a positive bias can be
expected [30]. There are also reports of a negative bias in high uptake regions
[30].

2.3.2.3 Time of flight

If the detectors have high enough timing resolution, the timing of the detections
can be registered and used in the image reconstruction. Knowledge about the
timing gives a span of where the annihilation took place, and time of flight (TOF)
reconstruction can be used to increase CNR [31].

2.4 Corrections

Besides providing images that are interpreted visually, PET is considered a
quantitative technique. There are however several degrading factors, but also
corresponding corrections. In this section, corrections are described that can be
performed as parts of the image reconstruction for modern PET scanners.

2.4.1 Attenuation correction

If one or both annihilation photons are absorbed or scattered outside the FOV
before detection, no prompt event will occur. The probability of detection of an
annihilation is therefore the product of the individual detection probability for
the two photons. In an object with thickness T, the path length in the object for
the two photons in the object from depth x is x and (T-x) respectively. The
probability for detection of an event of two photons at depth x is calculated as:

Pyt = ™M X g HT=%) = g=HT 1)

12
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where u is the linear attenuation coefficient for 511 keV photons [17]. This means
that the detection probability is independent on where along the LOR the
annihilation took place.

Attenuation correction is the largest correction in PET [17]. The attenuation
coefficient u is 0.096 cm for water [32], which inserted in eq. 4 yields that the
probability of a detected prompt from a 30 cm diameter water cylinder is just
~6%.

A prerequisite for attenuation correction is a map of the attenuation coefficients
over the imaged object. The oldest (and in theory the most accurate) approach
was a to make a transmission scan with a long-lived positron emitter, usually
68Ge-%8Ga [17], [19]. Today, when the PET scanner is typically combined with a
CT or an MRI in hybrid systems, the attenuation map can be derived from
anatomical images. This is discussed more in chapter 3.

2.4.2 Normalization

The detector elements in a PET scanner are not identical, but rather have
individually different sensitivities. Compensating for this variation is referred to
as normalization. This is commonly performed with a source of ¢8Ge-68Ga that
gives homogenous irradiation to all detectors so that the measured signal
intensity in each detector describes the sensitivity [17]-[19].

2.4.3 Scatter correction

Scattered coincidences (section 2.1.2.2) are almost evenly distributed in the PET
image and contribute to higher background and lower contrast. There are a wide
variety of scatter corrections relying on the characteristics of scattered
coincidences regarding spatial distribution and energy [19]. One approach is to
use the counts outside the patient [18]. If random coincidences are withdrawn,
these coincidences will only come from scatter, and the scatter fraction can be
calculated and subtracted from the PET image. Another method is to model the
scatter based on the attenuation maps and the PET emission data. The model is
then included in the iterative reconstruction. This is the most common method
in modern PET systems [33].

2.4.4 Dead-time correction

During the time when photons are detected and recorded as coincidences, the
detection system is occupied. In this time, referred to as dead-time, the system
will not be able to process a new event [18]. A new incoming event can either be
rejected or result in pile-up of both signals, in which case both signals will be
rejected since the total energy is outside the energy window [19]. Both
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alternatives will result in an apparently lower count rate. Dead-time is often
corrected for based on empirical measurements that measure the count rate for
different activity concentrations. From these measurements, correction factors
can be calculated to correct for the loss [18].

2.4.5 Randoms correction

Random coincidences (section 2.1.2.3) have, in similarity to scattered
coincidences, a rather even distribution over the FOV and contribute to a higher
background in the image, with lower contrast and quantitative errors as a result
[18], [19]. There are two main methods to correct for random events. One method
is based on integration of eq. 1, that gives the total number of random events
during the scanning time. N(t) can be counted in the beginning of the scanning,
and approximated to only vary with radioactive decay [19]. The other, more
common method, is the delayed window method [17], [19]. In this approach, a
delayed timing window is applied, which counts photons that are detected with a
specific delay. This delayed timing window will not include any true coincidences,
but only randoms, which can be withdrawn from the total prompts.

2.4.6 Resolution modelling

The spatial resolution in PET systems is as mentioned rather low. One way to
improve the spatial resolution is to modify the iterative reconstruction. By
incorporating the point spread function, PSF, of the system in the system matrix
M, the resolution is modelled as a part of the reconstruction, and the PET images
are reconstructed with higher resolution [34]-[36]. The algorithms can be
referred to as resolution enhancement, resolution modelling, PSF modelling etc,
and are provided by the vendors of modern PET scanners. Resolution modelling
affects the quantification in PET-imaging, which is more discussed 4.2.1.
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3 Hybrid scanners

PET images alone give functional information which can be difficult to interpret
without anatomical information. This is the main motivation for combination of
PET with either CT or MRI into hybrid scanners.

3.1 CT

The CT scanner uses an X-ray tube and an opposite detector which both rotates
around the patient. By rotating around the patient and measuring the
transmission of X-rays, transmission profiles from different angles are created.
These profiles can be used for reconstruction of images with similar algorithms
as mentioned in the PET-sections, FBP or iterative reconstructions. The contrast
in CT-images reflects the attenuation properties of the tissues.

Figure 4. Example of a CT-image from the pelvic region.

The intensity scale in CT images is called CT-numbers, with the unit Hounsfield
units (HU). The CT number is calculated from the attenuation measured with the
CT spectrum and is given by eq. 5, where u is the mean attenuation coefficient in
the voxel, and fyarer and tqir are the attenuation coefficients in water and air.

CT number = 1000 x ——fwater_ (5)

Hwater — Hair

Eq. 5 entails that the CT number for water is 0 HU and is -1000 HU for air, and
that tissues to some extent can be classified by their CT number. Muscles have
typically about 100 HU, fat -100 to -50 HU, lung -900 to -500 HU and bone from
300 to over 1000 HU[37], [38].

3.2 PET/CT

While PET provides molecular imaging with high sensitivity, the PET images
alone give poor information about anatomical structures. CT on the other hand,
yields structural images with rather high spatial resolution. Previous to integrated
PET/CT scanners, co-registration of separately acquired PET and CT images were
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used for simultaneous interpretation of these images. Besides the drawback of
being time consuming, variations in patient positioning can introduce errors that
are not completely handled by the image registration. This error is minimized in
hybrid PET/CT equipment that enables acquisition of PET and CT images at the
same scanning occasion. The first hybrid system for clinical use was developed in
1998 [39], while the first commercial system entered the market in 2000 [40].
The technique evolved rapidly and showed high clinical relevance [41]-[43] and
is today a well-established technique. The PET/CT systems are typically designed
with the CT part and the PET part in the same gantry, but in a non-integrated
design where the exams are performed sequentially.

3.2.1 CT-based attenuation correction

While older stand-alone PET systems need a transmission scan of a positron
emitter, PET/CT systems have attenuation maps based on CT images. The key
factor in calculation of PET attenuation maps from CT images is the energy
dependence of the attenuation. In addition, photon attenuation depends on the
atomic number Z of the attenuating material. In the energy range of PET photons,
Compton scattering is the dominating source of attenuation in human tissues,
while for X-ray photons, both photelectric effect and Compton scattering are
important [44]. The probability of photon interactions is described by their cross
sections. The cross section per atom for Compton scattering, o. is proportional to
Z of the tissue:

0. xZ (6)

This means that the attenuation coefficient for PET photons depends on electron
density. The corresponding cross section for photoelectric effect depends on
atomic number and photon energy hv:

4
Opn X % (7)
Calculation of attenuation coefficients for PET from CT numbers needs to account
for dependencies on energy and on electron density [45]. The clinically used
method today is a bi-linear method with two scaling factors for CT numbers
higher or lower than o [32]. It is built on the assumption that tissues with CT
numbers higher than 0 HU are seen as a mixture of bone and water, and tissues
with CT numbers lower than 0 HU are seen as a mixture of water and air.

Replacing the transmission scan with CT- based attenuation correction has many

benefits, but also some drawbacks. The CT examination is faster and less noisy
than the transmission scan. The absence of a transmission source allows for a
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larger field of view, which is of particular interest when patients are imaged with
their arms above the head. On the negative side for CT-based attenuation
correction, it can give higher absorbed dose to the patient, even if low-dose CT
can be used in cases where a diagnostic CT is unnecessary. Another drawback is
that the CT scans are acquired during breath-hold, while the PET data is collected
with continuous breathing. This introduces artifacts in the PET image due to a
miss-match between the PET data and the attenuation map. Several correction
methods are available that reduce these errors [46]. Also, CT numbers are not a
perfect representation of the attenuating properties of tissues and entails
variations due to different X-ray spectrums and filtering within the patient.
Finally, metallic materials in the body does not follow the bilinear approximation
[43] but can be correctly quantified with a transmission source.

CT-based attenuation is today often seen as the gold standard, like in study III
in this thesis. Since it is based on calculations from CT numbers, it might be more
correct to regard it as a silver standard [47], [48].

3.3 MRI

MRI is an imaging technique that can produce anatomical and functional images
of the body. In contrast to many other imaging modalities, for example PET and
CT, MRI is not based on emission or transmission of ionizing radiation. Instead,
it is based on excitation and relaxation of the hydrogen nuclei in the human body.
MRI has many advantages, such as excellent soft tissue contrast and not
contributing to patient dose from ionizing radiation. A brief description of the
MRI physics is included in this section.

The hydrogen nucleus consists of a single proton. As other nuclei, it has the
intrinsic property spin, which makes it behave as if it was spinning around its own
axes. The spin property is a vector, which means that it has a magnitude and a
direction [49].

In the MRI scanner, there is a strong main magnetic field referred to as the Bo-
field. When the patient is in the Bo-field, the protons will move in a circular
motion called precession, with a frequency proportional to the field strength [50].
Further, the protons all together will be oriented in a way such that a net
magnetization is caused in the same direction as the B,-field. The MRI scanner
also has three weaker, spatially varying fields, which makes the precession
frequency vary with position, enabling localization of the signal.

The next applied field in the MRI scanner is the radio frequency (RF) pulse. It has

the same frequency as the protons’ precession frequency and will cause excitation
of the spins with a net magnetization that is tilted away from the B,-field. After
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the RF-pulse, the protons will begin their relaxation and start to realign to their
equilibrium condition. The relaxations have two components, related to the
magnetization parallel and perpendicular to the Bo-field, and the components are
characterized by the T1 and T2 relaxation times. Depending on the timing of the
MRI signal read out, the image contrast will be weighted against T1, T2 or proton
density. The time between the RF-pulse and the signal readout is referred to as
echo-time, and the recipes of how to combine different fields and signal readout
is referred to as pulse sequences [50].

The MRI raw data is read out in form of frequency signals. To reconstruct the
image, the inverse Fourier transformation is applied to transform the data from
frequency space to image space [50].

3.3.1 Patient induced perturbation

Without a patient in the scanner, the Bo-field is approximately homogenous.
When the patient is located in the scanner, perturbations are induced in the field.
The magnitude of the perturbations depends on the magnetic susceptibility of the
patient tissues and are largest in the interfaces between materials with highly
different susceptibility. For example, air, bone, and metals have different
susceptibility from soft tissue. These perturbations can be measured with phase
contrast MRI [51], and are the base for the evaluation of PET/MRI attenuation
information in study IV in this thesis.

3.4 PET/MRI

With PET/CT as a well-established imaging technique, the motivation for
PET/MRI lays in the benefits of MRI over CT. The major advantage of MRI is the
soft tissue contrast, which is superior to the soft tissue contrast of CT images. The
possibilities of choices between pulse sequences in MRI enable multiple
alternatives for contrast and make MRI a very useful tool for a large variety of
diseases. MRI can in addition to anatomical images, also produce (non-
molecular) functional images as diffusion weighted images and dynamic contrast
enhanced MRI. Application of the functional techniques from MRI
simultaneously with PET exams can reveal more information than the images
acquired separately. Another motivation for replacing CT scans with MRI is to
lower the doses of ionizing radiation. This is especially important for paediatrics,
where the risk of secondary disease is higher.
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Figure 5. Example of PET/MRI in the pelvic region. T2-weghted MRI (A), *C-acetate PET (B) and
PET/MRI (C).

3.4.1 Technical developments

While PET/MRI has many advantages, it is also far more technically complicated
than PET/CT. The combination of PET and MRI into integrated PET/MRI hybrid
equipment has been strived for a long time. The first prototype was introduced in
1997 [52]. It consisted of a PET insert to an MRI system, with scintillator crystals
in the MRI scanner, connected to PMTs outside the magnetic field with 4 m long
optical fibres. Since the traditionally used PMTs are sensitive to magnetic field,
they are unfeasible to use in the MRI environment. Therefore, they need to be
either placed outside the scanner room or replaced by another technology as in
modern PET/MRI scanners. This led to the introduction of semiconductor-based
light detectors. The first integrated clinical PET/MRI system, with first
installation 2010, [53] implemented avalanche photo diodes, APDs, [54], while
later systems [55], [56] use silicon photomultipliers, SiPM [57]. Both APDs and
SiPMs are insensitive to magnetic fields and can work as detectors in an MRI
environment. The SiPMs coupled with lutetium-based crystals have many
advantages such as very good time resolution, ability to measure high count rates,
and a compact design [58]. The time resolution enables TOF-acquisition, and due
to the many advantages of SiPMs, they are now implemented in modern PET/CTs

[591.

3.4.2 MRI-based attenuation correction

The MRI images are, as previously described, based on excitation and relaxation
of protons, and the image contrast depends on tissue relaxation properties and
proton densities. These properties are not in a physical perspective related to
electron density, which is the key determinant to the attenuation properties. The
calculation of attenuation maps based on MRI are hence complicated, and even
if the development has come far, it is still an ongoing field of research.

There are multiple issues to be addressed for attenuation correction in PET/MRI.
Bone tissue gives very low signal from MRI but is also the most attenuating tissue
in the human body and omission of bone information can lead to substantial
errors. Lung tissue is also hard to depict with MRI, with low proton density,
respiratory motion, and susceptibility artifacts in the interfaces between air and
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tissue [47]. Truncation is another issue when the MRI trans-axial FOV is smaller
than the patient, which often occurs when the patient is imaged with arms along
the body. Finally, motion artifacts, susceptibility artifacts, and non-body specific
materials can impair the attenuation maps.

A closely related field to MRI-based attenuation maps is the calculation of
synthetic CTs, sCTs. The sCTs are calculated from MRI sequences to mimic CT
images as closely as possible. They can not only be used for calculation of
attenuation maps for PET/MRI, but also for dose calculations in radiotherapy
treatment planning. This is of interest since radiotherapy target delineation is
much facilitated by the high soft tissue contrast in MRI, and the use of sCTs
eliminates registration errors [60].

There is a large number of algorithms for PET/MRI attenuation correction. Some
are provided by the vendors, but the major part is developed by different
academic groups. A brief description of different classes of algorithms will be
described here, and for deeper knowledge, there is a thorough review on the
subject [47]. The algorithms can broadly be divided in four categories:
segmentation methods, atlas-based methods, machine learning methods, and
PET-based attenuation correction approaches. Furthermore, the methods can be
based on different MRI sequences, where sequences to depict bone are an
important category. The key factor is the short echo time, and the sequences are
referred to as ultra-short echo time (UTE) and zero-echo time (ZTE).

Variations of segmentation-based approaches are implemented by all vendors of
integrated PET/MRI scanners and are based on the 2-echo Dixon MRI sequence
that produces separate images of fat and water. These images are the base for
segmentation into four tissues: soft tissue, fat, lung, and air, which are translated
to attenuation coefficient values [61]. This is a robust method but has the
drawback that bone tissue is falsely classified as fat. In study III in this thesis, it
was shown that this omission of bone information in the pelvic area can affect
measured activity in bone tissue with 30%, which is in line with previous results
[62]-[64]. Segmentation of bone can be performed on UTE or ZTE MRI
sequences [65]-[67], and bone information can also be added with other
methods, e.g. model-based methods [68].

Atlas-based attenuation correction uses data from previously collected MR
images paired with attenuation maps or CT images. Typically, the atlas contains
one or several MR images pairwise registered to attenuation maps. By non-rigid
registration of a new MR image to an atlas MR image, the transformation maps
are acquired and can be applied on the atlas attenuation map. The atlas can
contain one template pair, constituting an average of several patient images [69].
It can also contain multiple images, which each are registered to the incoming
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image, and the most suitable choice can be decided with e.g. pattern recognition
[70], [71].

The category of machine learning methods is a broad category, including early
suggestions of e.g. Gaussian mixture models applied on UTE images [72] and
support vector regression [73], but also more recent deep learning-based
approaches where convolutional neural networks (CNN) have large impact on the
field. A CNN consists of multiple layers of filters that extracts features from e.g.,
an image, and can be used for classification, segmentation, and transformation of
images. The CNN is trained on a training dataset, and the trained model is then
applied on new data. In the context of attenuation correction, CNNs can be
applied to calculate sCTs from input MR images. Examples in this category take
T1-weighted images to generate sCTs in the head region [74], ZTE and Dixon
images in the pelvic region [75] and only Dixon images in the pelvic region [76].

Attenuation maps can also be estimated directly from the PET emission. The fact
that emitted photons are attenuated means that the detected emissions contain
attenuation information. This enables simultaneous reconstruction of emission
images and attenuation maps [26], [77]. The reconstruction algorithm Maximum
likelihood reconstruction of attenuation and activity (MLAA) [78] is, similar to
the MLEM algorithm for iterative reconstruction, built on maximum likelihood.
The accuracy of the method is further improved with TOF information [31], [79]
and with MRI-based priors [80]. The MLAA approach can be used in clinical
systems for truncation completion, while other systems uses the non-attenuated
TOF reconstruction for estimation of patient contours [81].

3.5 Image registration

Image registration is the process of aligning two or more images [82]. One
example is co-registration of PET with CT or MRI images for joint assessment,
which was a common procedure before the introduction of hybrid scanners.
Image registration is also common in radiotherapy, where dose calculations are
based on CT images, but MRI and PET images can be used for target delineation.
In this case, the images are aligned to the same geometry with image registration.

Registration methods can be classified based on the grade of deformation that is
applied. The most basic registration is the rigid registration, where only rotations
and translations are applied, and all shapes are preserved. The next step is affine
registration, where also scaling and shearing can be applied. However, in many
cases for medical imaging, structures are deformed between the images, and the
registration needs to be deformable, also referred to as non-rigid. A common
example of non-rigid registration is B-spline transformation, which is used in
study III and study IV in this thesis.
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Errors in the registration is a possible source of uncertainties, both in clinical
applications and in research studies. These errors can be minimized with careful
inspection of the registered images. Routines for assuring equal patient
positioning in different scans is also a good foundation to facilitate correct
registration.
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4 Quantitative PET

Visual interpretation of PET images in combination with CT or MRI is a powerful
diagnostic tool and an important part of clinical routine. When proper corrections
are applied, the voxel values in the PET image represent the activity
concentration in Bq/ml. Quantitative methods in PET is a broad field, including
straightforward measurements in static PET images and advanced Kkinetic
modelling in dynamic PET exams.

The development of iterative reconstruction algorithms, with further
developments including resolution modelling, have led to important
improvements in PET image quality. High image quality in terms of high
resolution and contrast-to-noise ratio improves the possibilities to detect disease,
but does not necessarily lead to better quantification [1]. In contrast, there are
examples where improved image quality leads to incorrect quantification, such as
low-count regions reconstructed with the OSEM algorithm [10], [83].

4.1 SUV

The standardized uptake value (SUV) is an index of the activity concentration in
a voxel normalized to injected activity and the patient size, most frequently the
patient’s body weight, as in eq. 8 [84]. It is for example used in clinical routine
for monitoring disease, and in clinical studies for evaluation of treatment
response [85]-[87]. SUV is typically calculated in each voxel and can be reported
for a region called region of interest (ROI) or volume of interest (VOI), or as the
maximum activity concentration within the tumour.

activity concentration (kBq/mlL)

suv = injected activity(MBq)/body weight(kg)

)

As a snapshot of the measured uptake, the SUV is sensitive to many factors,
including both biological, technical and physical factors [88], [89]. The biological
factors include body composition, time between injection and scanning, and
blood glucose levels for 8F-FDG exams. For 8F-FDG, there are also patient
comfort where stress can result in uptake of 8F-FDG in muscle, and inflammation
near the tumour which leads to higher SUV [88]-[91].

Among the technical factors, there are errors as calibration differences between
the PET scanner and the dose calibrator, residual activity in syringes or tubings,
and time related errors that leads to faults in the decay correction [89]. These
errors are generally minimized with careful routines.
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The physical factors include variations between different PET scanners and
parameters for image acquisition and image reconstruction. All these factors
affect the PET image in terms of noise and image resolution. Image resolution
affects SUV especially for small lesions, where low resolution leads to a blurring
of the lesion known as the partial-volume effect, PVE, that is more discussed in
the following section. Noise also affects the SUV, especially if the activity
concentration is measured with the maximum value, where SUV . is sensitive to
noise [92]. The VOI definition is another influencing factor, where smaller VOIs
yields higher mean SUV due to PVE [92]. Voxel size and the placing of voxels in
relation to the tumour also affects the SUV [88]. Finally, patient motion can lead
to blurring and AC mismatch.

The list of factors influencing the SUV is long, and can reduce the usefulness of
the measure [93]. While this holds true, many of these factors are not a problem
for repeated measurements on the same patient with the same method, which
makes SUV a suitable tool for patient follow-up [85].

4.2 Partial-volume effect

The PVE can be seen as two separate phenomena. One is due to the limited spatial
resolution of PET imaging systems. The low spatial resolution makes the PET
image appear as convolved with a point spread function, PSF, which introduces a
blurring in the image and causes spill-over of activity between regions [5], [94].
The other phenomenon is due to the image sampling in a finite matrix. The
contours of tissues will not perfectly match the voxel contours, and one voxel can
contain a mixture of tissues. This can also be referred to as the tissue fraction
effect [5], [94].

While PVE impairs the quality of the visual interpretation and reduces
detectability of small tumours, it also impacts the quantitative measurements. A
region with higher activity concentration than surrounding tissue will appear to
be larger and have lower tracer uptake than in reality [5] (figure 6). The activity
concentration in the region can be said to spill-out, and background activity
concentration adds spill-in. The magnitude of the effect depends not only on the
PSF of the scanning system, but also on the activity distribution in the imaged
object [94].
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Figure 6. Normalized true activity distributions for six spheres to the left (A and C), measured
activity distributions of the spheres in noise-free condition to the right (B and D), and intensity
profiles for all spheres (E).

4.2.1 Partial-volume correction

Partial-volume correction (PVC) methods are all based on different ways to model
the effect from the PSF on the activity distribution in the PET image. The most
common methods can be divided into image enhancement techniques, that aim
to remove the PSF degradation from the PET image, and image domain
anatomically based techniques that correct the activity distribution based on
anatomical assumptions [94].
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Image enhancement techniques can be implemented in the image reconstruction,
where the PSF is modelled in the system matrix. These algorithms improve lesion
detection [95] but can also lead to overestimation of lesion activity [96], [97]. The
overestimation can be handled by integration of regularization in the algorithms,
as in penalized likelihood (PL) algorithms [98], but quantification in PL
algorithms is highly dependent on the user-defined regularization factor [96].

Image enhancement can also be implemented as a post-reconstruction iterative
deconvolution of the PET image. Two examples are the Van Cittert [99], [100]
method and the Lucy-Richardson algorithm [100].

The most basic among image domain anatomically based techniques is
application of a single correction factor that is measured or calculated for objects
of different sizes [94], [101]. This can be extended to calculation of correction
factors for all object shapes by convolving the object mask with the point spread
function and calculate a mean correction factor for the region [94]. More regions
can also be added, with spill-in and spill-out between all regions, which is referred
to as the geometric transfer matrix method [102]. A further extension is, instead
of calculating mean correction factors, to calculate the correction in each voxel as
in the Miiller-Géartner method [103].

Image domain anatomically based techniques rely on information about different
activity regions in the PET image. This information can be derived from MRI or
CT images but can also be directly estimated from the PET images. In study I in
this thesis, corrections were performed with correction factors calculated on
masks derived from PET-images reconstructed with resolution modelling
reconstruction.

4.3 Dynamic PET

A static PET acquisition captures the activity distribution during the time of
measurement, in analogy to the way that a camera captures a photo. PET data can
also be acquired dynamically, as the PET analogue to a movie. From these
dynamic images, time-activity curves (TACs) can be derived from tissues, lesions,
or single voxels. The TACs hold information about the activity concentration over
time, which depends on underlying parameters as tracer delivery, uptake,
retention, and clearance [1]. Calculation of these parameters can give us more
information about the underlying biological processes than single static
measurements.

Derivation of kinetic parameters is performed by means of a model that predicts

the TAC from the kinetic parameters and the input function. Simpler models can
predict some aspects of the activity concentration, as relations between the target
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organ and a reference region [19]. The complexity of the model needs to be
balanced against limitations in the measurements. For example, a detailed model
combined with high noise produce unreliable results due to overfitting.

4.3.1 Compartmental modelling

A common way to describe the dynamics of PET tracers is compartment
modelling. A compartment model describes the tracer to be in a compartment at
any given time. The compartments describe the possible locations and chemical
states of the tracer [19]. The model defines the possible transfers between
compartments C at rates specified by their rate constants k.

Figure 7 shows examples of 1-tissue and 2-tissue compartment models. For
example, 8F-FDG is often described with the 2-tissue compartment model. In
this case, C, represents the 8F-FDG concentration in arterial blood plasma, C, is
the concentration of 3F-FDG in tissue and C. is the phosphorylated 8F-FDG in
tissue [104]. Dephosphorylation of FDG is in most cases a slow process, and k, is
therefore often set to 0 [105]. This means that phosphorylated :3F-FDG is trapped
in the cells in an irreversible way. 1'C-raclopride is also modelled with the 2-tissue
compartment model [106], where C, is the concentration of free (not specifically
bound) ligand and C. is the concentration of specifically bound ligand to
dopamine receptors. Raclopride has reversible bindings, and k, is therefore
different from zero.
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Figure 7. Examples of compartment models. C. is the tracer concentration in arterial blood plasma
and C; and C: is tracer concentration in compartments 1 and 2. K,, k-, ks and k, are rate constants
that describes the rate of tracer exchange between the compartments. A is a 1-tissue compartment
model with reversible uptake, and B is a 2-tissue compartment model with reversible uptake.

The compartment models in figure 7 can be formulated as differential equations.
For the one-tissue compartment model, the rate of change in C, is [19]

dc
d—tl = K,C,(t) — kyCy (2) )
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If the input function C, is known, eq. 9 can be solved as

Ci(t) = Co(t) @ Kiexp(—k,t) (10)

where ® is the convolution operator. The unknown parameters K; and k. are
often calculated by iteratively fitting eq. 10 to the measured TAC, minimizing the
least squared error [19].

Finding the correct input function is not trivial. The gold standard is arterial
blood sampling, where blood samples are drawn from the patient’s artery and the
tracer concentration is measured with a gamma counter. It is considered a safe
procedure [107], but can be uncomfortable for patients and volunteers and is
quite laborious. The input function can also be derived from PET images, but the
method has many challenges. It requires that the heart or a large artery are in the
FOV, since smaller arteries are heavily affected by PVE [108]. Further, for most
tracers, the measured activity concentration needs to be corrected for radioactive
metabolites. A third option is the use of population-based input functions. Here,
the input functions from many patients are averaged into a template. This
template can be adjusted to the individual patient with fewer blood samples
[109].

4.3.2 Graphical methods

An alternative to iteratively fitting of the compartment model is application of
graphical methods. With these methods, mathematical transformations are
applied to convert the measured data into following a straight line. The slope
and/or intercept of the line will have a physiological meaning and can easily be
fitted without iterative procedures [19].

The most common graphical method is the Patlak plot, developed for irreversible
tracer bindings [110]. Another graphical method is the Logan plot, developed for
reversible tracer bindings [7], and with many similarities to the Patlak plot. For
the one tissue compartment model, the Logan plot can be derived by integrating
eq. 9 and rearrange:

[y Ci)ds K, Jy Calo)ds 1

= —_ (11)
10 ky  Ci(0) k,

By plotting the left side of eq. 11 as a function of the ratio of activities, a linear
connection is revealed. The slope of the line, K;/k», is the distribution volume V,
which is the ratio of the tissue concentration to the blood concentration at
equilibrium [111]. For other compartment models, the plot becomes linear after
some time, and the slope of the linear part is the total volume of distribution [19].
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4.3.3 Reference region methods

An alternative to measurements of the input function C, is application of
reference region methods. In these approaches, tissues without the targets are
used as reference regions. With reference region compartment models [112], the
compartment models of the target region and the reference regions are combined
into a model with fewer parameters. These parameters can be found with iterative
fitting.

There are also reference region methods for graphical analyses, e.g. for the Patlak
plot [113] and for the Logan plot [114]. In these methods, the derived parameters
are ratios between the parameters in the target region vs. the reference region, as
in figure 8. For example, the derived parameter from the reference Logan plot is
the distribution volume ratio (DVR) which is related to the non-displaceable
binding potential (BPxp) by BPnp = DVR-1. BPxp is the ratio of specifically bound
tracer in e.g. striatum, to the non-displaceable tracer in the reference tissue
without receptors, and is a common measure from reference tissue methods [111].
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Figure 8. Time-activity curves for striatum, C, and cerebellum, Cy, after bolus injection of
uC-raclopride (A), and the reference Logan plot for striatum with cerebellum as a reference region

B).

4.3.4 Noise and frame time length in graphical methods

A somewhat unexpected effect of statistical noise in graphical methods is the
induction of bias. For the Logan plot, it has been shown that statistical noise
imposes a negative bias on the distribution volume V, and that the bias increases
with noise [8]. This is due to the non-linear transformations and integrations in
the method, which causes errors in later time points to become dependent on
earlier time points. It also causes the noise in the x- and y-axis to be correlated.
The connection between correlated noise and bias in the linear fit is exemplified
in figure 9, with a model from an example by Slifstein and Laruelle [8]. One way
to reduce this bias is to implement a linear regression method by minimizing the
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squared distance perpendicular to the line rather than only in the y-direction
[115].

Figure 9. Linear regression with correlated noise on the x- and y axis. The blue line symbolizes the
real data, and the dark dots are data with correlated noise, where the error in x is two times the
error in y. A positive error moves the point up and to the right, and ends up below the line, with the
opposite result for at negative error. This would result in underestimation of the slope. The figure is
made after a model by Slifstein and Laruelle [8].

Noise in dynamic PET images is closely related to the dynamic protocol. Short
time frames lead to less counts in each time frame and hence more noise. Noise
can also impose bias in iterative image reconstructions, which is discussed more
in the first chapter of this thesis. In study II, the effect of different dynamic
protocols on the C-raclopride BPxp calculated with the Logan plot was
evaluated.
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5 Summary of publications

The following section gives a summary of the studies included in this thesis.

5.1 StudylI

Subcentimeter tumor lesion delineation for high-
resolution 8F-FDG PET images: optimizing correction for

partial-volume effects
Wallstén E, Axelsson J, Sundstrom T, Riklund K, Larsson A.
Journal of Nuclear Medicine Technology 41(2) (2013) pp. 85-91

Background: The low resolution of PET images causes PVE that makes hot
lesions appear with larger volumes and lower activities than they really have. This
impairs quantification, especially for small lesions. PVE is often quantified with
phantoms with spherical inserts, where the phantom and spheres can be filled
with different activity concentrations. A drawback with these phantoms is that
the spherical walls, typically 1 mm thick, are free from radioactivity. This is
referred to as cold walls and makes the experiment differ from normal physiology.

At the time for this study, resolution modelling algorithms for PET image
reconstruction were newly introduced on clinical systems. These algorithms
produce images with higher resolution than the conventional OSEM algorithm
and corrects to some extent for PVE. A combination of these algorithms with
classical methods for PVE correction has potential to improve quantifications,
especially for small lesions.

One purpose of this study was to improve the quantification of small lesions, with
the combination of a resolution modelling reconstruction algorithm, an
optimized method for lesion delineation, and calculation of correction factors.
The second purpose was to construct a phantom for quantification of lesions,
without cold walls.

Materials and method: A phantom was constructed, with simulated lesions
consisting of small balloons intended for neuro interventions (figure 10). The
balloons were filled with 8F-FDG to active volumes of 0.1-0.7 ml, corresponding
to equivalent diameters of 6-11 mm. Two larger balloons (1.5 ml and 9.2 ml) made
from fingers of a rubber clove was also included for optimization purposes. The
phantom was scanned with six different background activities and reconstructed
with two iterative reconstruction algorithms, with and without resolution
modelling. Each scan was repeated 10 times for statistical analysis.
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A volume delineation algorithm, consisting of a weighted sum of activity in lesion
and background, was optimized to correctly delineate the largest balloon of 9.2
ml. The optimized threshold was then used to delineate the volumes of the
smaller lesions and the delineated volumes were used for calculation of correction
factors by convolving the volume mask with the point spread function. These
correction factors were applied to the mean activity concentration in each lesion.

Figure 10. Left: the balloons that constitutes the lesions in the phantom. Right: PET image of the
phantom, reconstructed with resolution modelling.

Results: In images reconstructed with resolution modelling, volumes larger
than 0.35 mL could be correctly delineated within one standard deviation. The
volume corresponds to 9 mm in equivalent diameter. With correct volumes,
correction factors could be calculated and applied, resulting in accurate
quantification.

Without resolution modelling, the lesions in this study were too small for correct
volume delineation and volumes were overestimated. This resulted in faulty
correction factors and generally underestimated activities.

Conclusions: The combination of resolution modelling and correction factors

could correctly quantify lesions larger than 0.35 ml. The use of balloons is a
feasible way to mimic small lesions without cold walls.
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5.2 Study II

A study of dynamic PET frame-binning on the reference

Logan binding potential

Wallstén E, Axelsson J, Karlsson M, Riklund K, Larsson A.

IEEE Transactions on Radiation and Plasma Medical Sciences 1(2) (2017) pp.
128-135

Background: Dynamic PET images are often analysed with respect to kinetic
parameters. These parameters can be derived with graphical methods that
transforms the activity curve into following a straight line. Graphical methods are
robust and easy to implement but are also sensitive to noise. For reversible tracer
bindings, the Logan graphical method is commonly used, where the binding
potential, BP, is the investigated parameter. An example of such tracer is C-
raclopride, a selective dopamine D, antagonist, that is commonly used to study
receptor availability.

Apart from causing bias in graphical methods, noise can also cause bias in image
reconstruction with the OSEM algorithm. Noise in dynamic PET depends on the
frame length, and shorter time frames give more noise but also better time
resolution. More knowledge is needed about the total effect from varying frame
binning protocols in dynamic PET. The aim of this study was to analyse the effect
from frame binning protocol on the non-displaceable binding potential, BPxp,
calculated with the reference Logan analysis.

Materials and method: PET raw data from 12 healthy volunteers were taken
from an ongoing study. The patients had been injected with a bolus dose of 1C-
raclopride and scanned with data collection in list mode. The list mode data was
re-binned into totally nine series, whereof three clinical protocols known from
the literature (figure 11) and six protocols with equal length time frames (ranging
from 15 s to 480 s). Three different reconstruction algorithms were included: the
analytical FBP and two OSEM algorithms with and without resolution modelling.
Furthermore, to analyse the effect from the reconstruction method, time series
were binned after reconstruction, by taking the mean of 15 s time frames, forming
post-reconstruction time series.

A volume of interest was selected with thresholding in the striatum, and time-
activity curves, TACs, were derived from all datasets. The graphical Logan
analysis was applied to all TACs and BPnp was calculated and analysed with
percental differences to the clinical protocol at the University Hospital of Umea.
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Figure 11. The clinical protocols evaluated in this study. The figure was originally published in
study 2 in this thesis. (E. Wallstén et al., “A study of dynamic PET frame-binning on the reference
Logan binding potential” IEEE Transactions on Radiation and Plasma Medical Sciences, © 2017
IEEE)

Results: Frame binning was found to affect the BPxp, with highest bias for the
two OSEM reconstructions. In these reconstructions, the calculated BPxp for the
15s-frames protocol was 10% smaller than for the clinical protocol, while the
corresponding difference for FBP was 2.8%. Statistically significant differences
were found for frame lengths up to 60 s (OSEM), respectively 30 s (FBP).
Protocols with time frames of 240 s or longer were clearly not affected. The
clinical protocols had frame lengths of 240s-300s in the later and most crucial
parts of the protocol and showed only small deviations.

Analyses of the post-reconstruction series showed that the bias was almost
eliminated, which means that the bias is mainly due to the reconstruction
algorithm. The bias was observed in the high-contrast region striatum, but not in
cerebellum which was used as a reference region.

Conclusions: Short time frames imposes bias in the OSEM reconstruction
algorithm that transfers to BPnp from the Logan plot. These findings are relevant
for other high noise applications, where the reconstruction algorithm can impose
bias. Clinical protocols generally have longer time frames, and the frame binning
protocol is not an obstacle when comparing results from different studies if the
frame lengths are within the normally used protocols.
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5.3 Study III

Improved PET/MRI attenuation correction in the pelvic
region using a statistical decomposition method on T2-

weighted images

Wallstén E, Axelsson J, Jonsson J, Thellenberg Karlsson C, Nyholm T and
Larsson A.

EJNMMI Physics 2020 7(1) (2020) pp. 1-11

Background: MRI can be used for estimation of tissue interaction with ionizing
radiation, and the two main applications are attenuation correction, AC, in
PET/MRI and MRI-only radiotherapy treatment planning. A common middle
step is calculation of a synthetic CT, sCT, where CTs are known bases for both
attenuation correction and radiotherapy treatment planning.

One method for sCT calculations in the pelvic region is the statistical
decomposition algorithm, SDA, developed for radiotherapy treatment planning.
The method takes T2-weigheted MRI scans as input and calculates the sCT with
an atlas-based method where tissues are registered separately. There was a need
for better PET/MRI AC in the pelvic region, and the SDA method was not yet
evaluated for AC. Hence, the aim of this study was to implement the SDA for AC
in the pelvic region, and to evaluate the results against CT-based AC and compare
to the clinically used Dixon-based method.

Materials and method: 12 patients were selected from a study on prostate
cancer, with same-day scans of 'C-acetate PET/MRI and CT, acquired with a
standardized patient setup according to the clinical radiotherapy workflow. T2-
weighted MRI scans were used as input for sCT calculations with the SDA. The
CT images were non-rigidly registered to the PET/MRI geometry, to be used for
ground truth AC. With sCT, the registered CT and Dixon images in the same
geometry, PET reconstruction was performed with three different AC methods
using the PET recon toolbox (GE Healthcare). The results were evaluated
comparing SUV in the prostate and a selected tumour hotspot. Furthermore,
error maps were calculated for the PET uptake and the attenuation coefficients,
showing the relative error between sCT-CT and Dixon-CT. For visualization of the
results, the error maps were registered to the geometry of one patient based on
image details in the T2-weighted MRI, so that a mean error map for all patients
could be calculated.

Results: The main contribution from the SDA method is the inclusion of bone

information. This is clear in the error maps, where the mean PET-errors in bone
regions is reduced from -17.7% for Dixon-PET to -4.2% for SDA-PET. The
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corresponding reduction for the whole patient volume went from -5.4% to -0.9%,
and for soft tissue -3.6% to -0.5%.

For the lesions, the mean error in the prostate was -5.6% in Dixon-PET and -2.3%
in SDA-PET. Corresponding numbers in the hotspot were -5.9% (Dixon-PET) and
-2.3% (SDA-PET).

Conclusions: The evaluated method improves PET quantification compared to

the clinically used Dixon-based method. Improvements were in line with other
published methods for attenuation correction in the pelvic region.
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5.4 StudyIV
A concept for quality checks of synthetic CT and

attenuation maps through Bo-maps
Wallstén E, Lundman J.A, Bylund M, Adjeiwaah M, Larsson A, Nyholm T.

Background: While attenuation correction is important for PET quantification,
there are no current methods for evaluating the quality of the MRI-based
attenuation map for a single patient, besides visual inspection. This is also a
problem when an MRI-only workflow is used in radiotherapy and dose
calculations are performed on an sCT instead of a CT.

The patient in an MRI scanner imposes perturbations on the Bo-field. These
perturbations can be measured with phase contrast MRI. They can also be
simulated from a CT image, or from an sCT image which is a common middle step
in calculations of attenuation maps. By basing the simulation of an sCT and
compare the simulation to the measured perturbations, differences can be
highlighted. The aim in this study was to evaluate a concept for individual quality
checks of sCTs based on MRI sequences.

Materials and method: Totally seven patients were evaluated, six imaged in
the pelvic region and one in the head & neck region. The sCTs covered different
examples of errors, such as bowel air that was replaced with water, a hip implant
not handled by the algorithm, errors in patient contour and mix-up between air
and bone in the scull and in the sinuses.

The patient-induced susceptibility effect of the MRI scanner Bo-field was
measured with an IDEAL pulse sequence, resulting in a 3D image of the Bo-
perturbations. The perturbations were also simulated based on the sCTs to be
evaluated. The simulated and measured perturbations were used for calculation
of spatial variation maps, which calculates the standard deviation within a radius
of three voxels. An error map was then calculated as the squared difference
between the measured and simulated variation map.

Results: The proposed method could detect the hip implant, bowel air and
contour errors. It also marked the sinuses and ear canal, which are typical
problematic areas with air/bone mix-ups. The air region of one slice in the scull
was too small to be detected.

Conclusions: The method can identify errors due to material differences with
clear variation in magnetic susceptibility, which include many implant materials
and air cavities. This can be used to highlight problematic areas in the attenuation
correction.
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6 Results and discussion

Quantitative PET measurements are powerful tools for diagnosing, staging, and
monitoring treatment response in a vast variety of diseases. It is also of big
importance for studying biological function of the human brain. The biological
changes in measured activity during an experiment can be a few percent, which
makes minimisation of errors highly important. When PET is combined with
MRI, the diagnostic possibilities are even larger, and the synergies can be used to
improve precision. Anatomical images from MRI can also be used to improve the
quantification in PET images, for example correction for PVE and motion [116].

The introduction of PET/MRI has also led to new challenges, where the
attenuation correction still has room for improvement. There are also remaining
challenges with the relatively low resolution of PET images that degrades the
quantitative measurements, and with noise induced bias that can vary during a
dynamic acquisition.

The general aim of this thesis was to improve quantitative PET measurements by
addressing the above-mentioned challenges. This overall aim was decomposed
into four specific aims: The first was to improve quantification of small lesions.
The second was to find the limits in dynamic frame lengths to generate stable
parameters from the Logan plot. The third aim was to improve attenuation
correction in PET/MRI. Finally, the fourth aim was to propose a method to
evaluate the quality of individual attenuation maps.

In the first study, it was shown that quantification is possible in smaller lesions
than with conventional methods. This was achieved by the presented method;
applying a calculated correction factor to the mean SUV value in each VOI, where
the PET image was reconstructed with resolution modelling. This could enable
more accurate diagnosis for all patients with small uptake regions, for example
lymph nodes and small tumours.

For dynamic acquisitions, it was found that the noise-induced bias in the OSEM
reconstruction degrades quantification in shorter frames. This knowledge can aid
in study design and enable quantifying smaller changes than previously.

For PET/MRI attenuation correction, the evaluated SDA method improved
quantification, with most improvements close to bone tissue. This should lead to

more correct quantifications of lesions in the vicinity of bone.

The new method for individual quality checks has potential to inform the readers
of PET/MRI about the quality of the attenuation map, and in which regions the
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attenuation correction can be impaired. It can also contribute to increased trust
in PET/MRI as a quantitative tool.

6.1 StudylI

In study I, a resolution modelling reconstruction algorithm was combined with a
volume delineation method and calculation of correction factors, to improve
quantification of small lesions. To simulate such small lesions in a phantom
without cold walls surrounding the lesions, a new phantom was constructed with
balloons for mimicking small lesions.

A key result is that quantification of SUV and volume is possible for lesions larger
than 0.35ml, corresponding to a 9 mm diameter sphere. This applies when
resolution modelling is used in combination with correction factors, with volume
delineation optimized for the specific reconstruction setting.

The volume delineation method employs a weighted sum between the activity in
lesion and background. The lesion activity is defined as the mean activity in a
volume drawn with threshold of 70% iso-contour of difference between
maximum voxel value and background. A key factor here is the maximum value.
If the lesion is too small, the maximum value will be degraded by PVE. This will
set the threshold too low, and the delineated lesion will be too large. Too large
volumes will in turn yield too little correction for PVE. The limit for correct
volume delineation in this study was 0.35 ml in images reconstructed with
resolution modelling (figure 12), which sets the limit for correct quantification.
Images reconstructed with conventional OSEM could not be used for correct
volume quantification. The main reason is that the image resolution is too low, so
that the maximum voxel value is not representative for the activity in the small
lesions included in this study (figure 6). This will result in a faulty threshold value
which gives an unfeasible volume estimate.

In studies on quantification and PVE, the issue with phantom cold-walls is still
overlooked in many studies. This is a severe limitation since the effect from the
cold walls leads to underestimation of activity concentration. The magnitude of
the problem varies with background, with more effect in higher backgrounds.
Bazanez-Borgert [6] showed that replacement of fillable spheres (having cold
walls) with radioactive spheres made of wax (without walls) led to up to 21%
higher measured activity concentration. Cold walls also affect the volume-
reproducing threshold, and optimizing a threshold on spheres with walls can lead
to 43% overestimation of the volume, when applied on wall-free spheres[117].
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Figure 12. Measured volumes for three different lesion-background ratios, from images
reconstructed with resolution modelling (A) and with conventional OSEM (B). The figure was
originally published in study 1 in this thesis (E. Wallstén et al., “Subcentimeter tumor lesion
delineation for high-resolution 8F-FDG PET images: optimizing correction for partial-volume
effects”, Journal of Nuclear Medicine Technology)

Using balloons instead of thick-wall plastic spheres, is one way to overcome the
issue with cold walls. A clear advantage is the possibility to image lesions smaller
than the 10 mm which is the smallest size in the commonly used fileable NEMA
IEC PET body phantom There are also other suggested methods, where the
previously mentioned radioactive wax spheres is one of them. Another suggestion
is based on the NEMA NU-4 phantom for small animal PET scanners[118]. The
phantom has one part with fileable rods, and one part with a homogenous
background. By moving the phantom once during the examination, the rods and
the background are imaged separately and merged in reconstruction. A similar
method should be feasible with the NEMA IEC PET body phantom.

While resolution modelling algorithms have led to improvements in lesion
detection and quantification [95], they are not without drawbacks. A known
problem with such algorithms is that activity can be recovered with an overshoot,
leading to overestimation of activity close to the edge between regions [119],
[120]. The effect is similar to the Gibbs phenomenon, an oscillatory pattern
caused by finite Fourier series at discontinuities [121]. In this project, the
observed effect from this phenomenon was mild. The smallest lesions rarely
showed over estimation, and it was not reflected in the measured mean activity
within the sphere. Small effects could be seen in the largest lesion, the lesion that
was used as a reference region. The main reason for the mild effect is probably
that the clinical settings were used, with less iterations and more spatial
smoothing than what is used when the effect is mainly observed [120].

One proposed solution to the risk of overshoot is algorithms based on Bayesian
penalized-likelihood [122] that supresses edge artifacts. These clinically available
algorithms have parameters that needs to be optimized, which affect the
quantitative result. This is probably a reason why they are not yet broadly used in
quantitative research studies but are in use for clinical imaging.
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An alternative to volume delineation in PET images is to use anatomical imaging,
where MRI plays an important role. A big benefit in PET/MRI is the simultaneous
data acquisition that minimizes registration errors. PVE correction with
anatomical priors is used in neurology and cardiology, where the active volumes
in PET are in agreement with the anatomical regions in MRI [94]. In oncology,
the application of anatomical priors is more challenging, and correction for PVE
is less common. Tumour heterogeneity and that the PET-active volume does not
always overlap with anatomical features in images are two obstructive factors for
using anatomical priors in oncology. One common way to escape PVE correction
is to report the maximum voxel value (SUVmax) or the mean voxel values within a
smaller defined volume around the peak value (SUVpea). SUVmax has the
drawback of not being very robust and can also be affected by PVE. SUV e is
more robust but is also affected from PVE. Correct delineation is a key factor for
PVE correction. In oncology, the MR image is not always sufficient to accurately
delineate the active PET volume. This entails that MRI cannot always be used as
an anatomical prior.

6.2 StudyII

The aim of study II was to evaluate the effect of differences in the dynamic PET
frame-binning protocol to the non-displaceable binding potential, BPp,
calculated with the Logan graphical method. The frame lengths are directly linked
to noise level, which causes bias in the Logan graphical method and in image
reconstruction with OSEM. Both leads to potential bias in the calculated BPxp. In
this study, clinical protocols were compared with others to find the limit for stable
parameters from the Logan plot.

The main result in this study was that when BPxp is analysed in a VOI, the
commonly used clinical protocols with relatively long frame time lengths are not
sources of bias. This is good news and means that clinical protocols can be used
without adjustment.

For shorter frame lengths, bias of up to 10% was observed for the shortest frames
of 15 s, when images are reconstructed with the OSEM-based algorithms (figure
13). Corresponding bias with the FBP algorithm was 2.8%. It was concluded that
the main reason for the bias is the OSEM reconstruction, which is in line with
reported bias for OSEM in high-noise conditions[8]—[10].
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Figure 13. Bias from varying time frame lengths in BPnp calculated from the Logan plots, for three
reconstruction algorithms; FBP and two OSEM-based algorithms VPHD-S and VPHD (with and
without resolution modelling). The figure was originally published in study 2 in this thesis (E.
Wallstén et al., “A study of dynamic PET frame-binning on the reference Logan binding potential”
IEEE Transactions on Radiation and Plasma Medical Sciences, © 2017 IEEE)

The results in this study highlight that OSEM reconstruction should be used with
caution in the high noise conditions from short time frames. Short time frames
are for instance used in studies where the arterial input function is image-derived,
where the short time frames are needed to capture the rapid changes. Shorter
time frames can also be of use when motion correction is needed, for example in
patients with parkinsonian syndromes. The motion correction should then
preferably be performed before image reconstruction to prevent bias.

In brain research, it is common to study changes introduced by a stimulus[123].
The induced changes can be of a few percent, which makes precision important.
Typical dynamic protocols have short frame lengths early in the protocol, with
gradually longer time frames, which could induce varying OSEM bias in the time
series, e.g., before and after a stimulus. This is a situation where the acquisition
protocol should be designed with consideration of the OSEM bias.

The choice of reconstruction algorithm is based on many factors, where the risk
of bias is only one, and OSEM have of course many benefits. The lower noise
compared to FBP increases CNR, thus improving detectability of lesions.
Furthermore, the possibility to use resolution modelling influences both
sensitivity and quantification. All above factors need to be considered when
selecting reconstruction algorithm for the specific study.
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6.3 Study III

Study IIT aims to improve the attenuation correction, AC, for PET/MRI in the
pelvic region, with an sCT method based on the commercially available statistical
decomposition algorithm, SDA. The SDA method was compared with a CT-based
attenuation correction (considered the gold standard), and with the current
clinical PET/MRI method which is based on the 2-echo Dixon MRI sequence. The
clinical method segments tissues into water, fat, lung and air, and the attenuation
maps from this method does not account for bone which is given the same
attenuation coefficients as fat. Since bone is a highly attenuating material, this
causes bias in the PET image, especially in the vicinity of bone.

The most important result is that attenuation correction with the SDA algorithm
improved quantification in the whole PET image, with largest improvements in-
and close to bone tissue (figure 14). The mean PET error in bone regions went
from -17.7% for the Dixon-method to -4.2% for the SDA method. In soft tissue,
the corresponding error was -3.6% (Dixon) and -0.5% (SDA).

PET quantification error-maps show that unfortunately placed lesions could be
severely miss-quantified with Dixon-based attenuation correction. Some regions
in bone showed errors of -27% (Dixon) which were reduced to -10% (SDA). There
were also areas in between bone where activity was overestimated with an error
of 9.1% (Dixon), which was reduced to 5.6% (SDA).

5
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Figure 14. Error maps for attenuation corrected PET images with the clinical Dixon-based method
and the evaluated SDA method. The figure was originally published in study 3 in this thesis. (E.
Wallstén et al., “Improved PET/MRI attenuation correction in the pelvic region using a statistical
decomposition method on T2-weighted images”, EJNMMI Physics)

Previous studies on MRI-based attenuation correction in the pelvic regions all
shows results similar to this study [76], [124], [125]. These methods are based on
machine learning with convolutional neural networks (CNNs), with different MRI
sequences as input. One method used a ZTE sequence, specialized for imaging of
bone, in combination with the Dixon-based sequence[125]. Other methods uses
only Dixon-based sequences [76], or T2-weighted images in combination with T1
LAVA Flex water only [124]. A feature of the SDA method is that it is based on
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only diagnostic T2-weighted MRI, which are commonly acquired for diagnostic
reasons. This means that no extra sequences need to be added to the examination,
which would otherwise prolong the scanning time.

Error maps of the attenuation coefficients show that even if errors are
substantially reduced with the SDA method, the attenuation coefficients in bone
are still underestimated, as well as with other previously mentioned methods. To
further improve methods, bone densities need to be quantified more precise.
Bone densities vary between individuals and with age, and older patients are
expected to have lower bone densities. These differences are not captured by
diagnostic MRI sequences but can be captured by sequences with very short echo
time, for example ZTE sequences. Methods based on these sequences have
potential to be more precise in the future.

Attenuation correction in PET/MRI has come far. Arguments have been made
that attenuation correction is no longer a limiting factor for PET/MRI [48].
Meanwhile, arguments are also made that in order to meet the full potential of
PET/MRI as a quantitative tool, and fully exploit the possibilities that arises when
PET and MRI are combined, bias should be kept to a minimum[126]. There is
certainly still room for improvement for attenuation correction in PET/MRI, but
also a need for implementing these improvements in commercial systems [48]
and for standardization [127]. Artificial intelligence will probably play an
important role for new methods, but patients with atypical anatomies may pose
problems that must not be forgotten in development of such methods. Studies
comparing existing methods are highly important.

6.4 StudyIV

The aim of study IV was to introduce a concept for patient specific quality
assurance of sCTs and PET/MRI attenuation maps. The concept is based on
simulating the perturbations of the MRI scanners Bo-field based on the sCT, and
to compare those with the perturbations measured with an MRI sequence.

The main result is that the method could highlight regions which do not match,
such as metallic implants, air pockets and errors in the patient contour. Some of
these examples are shown in figure 15. The application of this method could be
used to inform the reader of PET/MR images about quantification problems in
the attenuation correction, and highlight areas where the attenuation correction
is impaired. A possible future application would be that the sCT is evaluated with
the patient still on the scanning table, so that possible re-scans can be made
without moving the patient in cases where the errors are caused by artifacts from
the MRI sequence.
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Figure 15. Examples of comparisons between measured and simulated B, perturbations from
study 4 in this thesis. The variation maps (third row) show spatial variation in the simulated and
measured Bo-field, and the error maps (fourth row) show the squared differences between the
variation maps. (E. Wallstén et. al., “A concept for quality checks of synthetic CT and attenuation
maps through Bo-maps”)

As discussed in the previous section, the methods for generating attenuation
maps have come far. These methods are however not perfect, and there will
always be patients where the methods fail. Examples are presence of implants,
patients with atypical anatomies (often because of their disease), artifacts in the
MRI sequences that the attenuation maps are calculated from, and presence of
air pockets that are not covered by the method. There is no current method to
evaluate individual attenuation maps, besides visual inspection. This is also a
problem in radiotherapy, where sCTs are used for treatment planning in an MRI-
only workflow. The proposed method can be used also for this application.

Visual inspection of sCTs has some clear drawbacks. It demands manual labour
and is subjective. Further, some errors are more demanding to discover. If the
sCT has an unusual appearance, it is good chance that the reader will react. If the
situation is the opposite, that the patient has some atypical anatomy that is
masked by the sCT, it is much harder to discover. This can be the case for artificial
intelligence-based methods where atypical anatomies are not represented in the
training data.
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While this study is a step towards individual quality assurance of sCTs, it is not
yet mature. A key factor to be solved is how to compare the measured and
simulated B, perturbations. The comparison method applied in this study is
calculation of spatial variation maps which calculates the standard deviation
within a radius of three voxels, and comparison with squared errors. The resulting
error maps highlights important errors, e.g., metallic implants, and the method
is easy to implement. In this stage of development, the error maps are evaluated
by visual inspection. There may also be more sensitive comparison methods that
can detect more subtle errors. A possibility would be to train a neural network to
make the comparison.

The perturbations of the B, field are measured with phase contrast MRI. As with
other MRI sequences, the signal from bone and air is minimal, and the sequence
cannot detect perturbations directly in these materials. Air has a susceptibility
which is highly different from that of tissues and imposes perturbations that can
be measured in the surroundings of the material. The susceptibility differences
between bone and soft tissue are not so high, and the possibilities to measure the
differences are trickier. In the simulations, the susceptibility in bone was
therefore set to the same value as for muscles. This was done to make the
simulated perturbations more similar to the measured, with the obvious
drawback that errors related to bone tissue are hard to detect. Another possibility
would be to use realistic values for bone in the simulation but develop a new
method for comparison of simulated and measured perturbations. In this
comparison, artificial intelligence or more conventional statistical processing can
be feasible methods.

46



Conclusions

7 Conclusions

Quantitative PET has many challenges, and this thesis addresses some of them.
The developed methods and acquired knowledge may contribute to developing
quantification in PET with focus on PET/MRI.

Quantification of small lesions has been addressed with a specially made
phantom designed to avoid the limitation of cold walls. It was found that a
combination of resolution modelling and the described correction method
improved quantification of small lesions, and that smaller lesions could be
quantified than with previous methods. Applying such methods can lead to
improved quantification, which may be beneficial in clinical studies.

The effect from frame-time length in dynamic PET analysed with the Logan plot
was investigated. A number of dynamic protocols were compared to find which
frame lengths that caused stable output. Noise-induced bias was found for short
time frames which calls for caution when frame lengths are varying in a protocol.
The clinical protocols did not cause bias in the Logan plot when region-based
analysis is applied.

A method for MRI-based attenuation correction was implemented and evaluated.
The method showed substantial improvements compared to the clinical Dixon-
method. This new method could contribute to improved quantification in
PET/MRI in the pelvic region.

A novel concept for finding errors in individual attenuation maps and sCTs was
introduced. This was presented as error maps that indicate where the attenuation
correction is impaired. Methods based on measured and simulated B,-maps
could also be a base for other algorithms that estimates the attenuation correction
quality on site, so that optional re-scans for the attenuation map can be
performed when quality is impaired.

To conclude, this thesis contributes to the knowledge and methods for
quantitative PET, with corrections for partial-volume effects, knowledge about
noise-induced bias in dynamic PET, improved attenuation correction for
PET/MRI and a concept for evaluating the quality of attenuation maps based on
MRI.
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