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Abstract 

Positron emission tomography (PET) is a versatile imaging modality with many possible uses, 

both in clinical practice and research. Recent advances and novel methods have increased 

the temporal resolution significantly, allowing functional imaging of physiological processes, 

including metabolism of glucose in [18F]-fluorodeoxyglucose functional PET ([18F]FDG fPET). 

Since glucose is the main energy source of the brain, this introduces exciting possibilities to 

investigate brain activity, which have been explored in a large number of studies over the last 

few years. Analysis of fPET data often includes the application of a general linear model (GLM) 

to separate baseline radiotracer uptake from task activations. However, recent work suggested 

that inaccurate definition may introduce artifactual (de-) activations.  

The aims of this thesis are i) to assess the kinetic behavior of the radiotracer in the brain for 

[18F]FDG fPET measurements, ii) investigate consequences on the baseline definition and iii) 

to potentially improve common baseline calculation approaches.  

To this end, clustering algorithms were used to group brain regions featuring similar kinetic 

baseline behavior across different datasets. Soft clustering methods were applied to assign 

relative cluster similarities to each brain voxel. These maps were then integrated into the GLM 

analysis, to individually model each voxel based on its cluster similarity and consequently its 

kinetic behavior. This effectively accounts for the impact of voxel-wise kinetic differences on 

the GLM. The analysis was implemented and evaluated for multiple datasets with and without 

the adapted baseline definition and the resulting artifactual (de-) activations were compared to 

previous research.  

Assessment of brain kinetics yielded high agreement between the two different datasets in the 

resulting clusters (r = 0.88-0.95). While the introduced baseline definition derived from tracer 

kinetics showed an overall decrease in artifactual (de-) activations, the differences compared 

to commonly used baseline regressors varied across brain regions. Moreover, the magnitude 

of artifactual (de-) activations exhibited considerable variation across conditions, radiotracer 

applications and baseline definitions. These findings suggest that tracer kinetics are not the 

main underlying cause of potential artifactual (de-) activations and that careful consideration 

of study design and baseline definition are also critical factors in mitigating these issues.  

  



 

 

Abstract (de) 

Positronen-Emissions-Tomographie (PET) ist eine äußerst vielfältige Bildgebungsmethode mit 
zahlreichen Anwendungsgebieten in klinischer Praxis und in der Forschung. Neueste 
Fortschritte und Methoden haben die mögliche temporale Auflösung deutlich gesteigert, und 
dadurch funktionelle Aufnahme von physiologischen Prozessen, wie etwa dem 
Glukosemetabolismus durch [18F]-Fluordesoxyglukose funktionelles PET ([18F]FDG fPET), 
ermöglicht. Da Glukose der Hauptenergielieferant des Gehirns ist, können damit neue 
Erkenntnisse über die Aktivierung des Gehirns gewonnen werden, was bereits in einer Vielzahl 
an Studien erfolgreich angewendet wurde. Die Auswertung von fPET Daten beinhaltet meist 
die Anwendung eines General Linear Models (GLM), um die basale Aufnahme des 
Radiotracers in Ruhe von Stimulationseffekten zu unterscheiden. Neueste Ergebnisse deuten 
jedoch auf möglicherweise künstlich erzeugte Effekte durch inakkurate Definition der basalen 
Aufnahme hin.  

Ziele dieser Diplomarbeit sind i) die Analyse des kinetischen Verhaltens des Radiotracers im 
Gehirn während [18F]FDG fPET Messungen, ii) die Erforschung möglicher Auswirkungen auf 
die Definition der basalen Radiotraceraufnahme und iii) eine potentielle Verbesserung üblicher 
Ansätze. Dafür wurden clustering Algorithmen eingesetzt, um Gehirnregionen mit ähnlicher 
Kinetik zu gruppieren. Mittels soft clustering Methoden wurden jedem Voxel des Gehirns 
relative Ähnlichkeiten für die entsprechenden Cluster zugeschrieben. Diese Ergebnisse 
wurden in die Auswertung des GLM integriert, um jeden Voxel individuell zu modellieren, 
basierend auf seiner Cluster Wahrscheinlichkeit, und demnach seiner Kinetik. Dadurch wird 
ein möglicher Einfluss der unterschiedlichen Kinetik auf das GLM direkt in die Baseline 
aufgenommen. Die Analyse wurde für verschiedene Datensätze sowohl mit als auch ohne 
kinetischem Modell durchgeführt und die entstandenen künstlichen (De-) Aktivierungen 
wurden mit bestehenden Forschungsergebnissen verglichen. 

Die Untersuchung der Kinetik im menschlichen Gehirn zeigte hohe Ähnlichkeit zwischen den 
erzeugten Clusterergebnissen der beiden verwendeten Datensätze (r = 0.88-0.95). Obwohl 
die adaptierte Definition der basalen Aufnahme, abgeleitet von der Kinetik des Radiotracers, 
zu einer grundsätzlichen Abnahme an künstlichen (De-) Aktivierungen führte, wiesen die 
Unterschiede zu gewöhnlichen Definitionen hohe Variabilität über Hirnregionen auf. Außerdem 
variierte das Ausmaß der (De-) Aktivierungen mit unterschiedlichen Konditionen, Radiotracer 
Applikationen und Definitionen der basalen Aufnahme. Aus diesen Ergebnissen lässt sich 
schließen, dass die Kinetik des Radiotracers nicht die Hauptursache für potentielle künstliche 
(De-) Aktivierungen darstellt und dass genaue Erwägung des Studiendesigns und der 
Definition der basalen Aufnahme diese künstlichen Effekte minimieren können. 
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1 Introduction 

Positron Emission Tomography (PET) is an incredibly versatile imaging modality with many 

possible uses, both in clinical practice and research. Its ability to detect changes in physiology 

and metabolism makes it a valuable tool for diagnosing a wide range of conditions, including 

cancers and other diseases characterized by altered metabolic activity (1). Beyond clinical 

applications, PET also plays an important role in advancing our understanding of fundamental 

physiological processes and the molecular organization of the body. One of its greatest 

strengths lies in its adaptability, as thanks to a large array of radiotracers, PET can be tailored 

to target specific functions or receptor systems (2). Recent advances, such as functional PET 

imaging, further expand its capabilities, providing insights into stimulation-induced 

physiological dynamics in a single scan.  

 

Positron Emission Tomography  

The principle behind PET imaging is based on the physical properties of beta plus decay, also 

called positron emission. Positrons are the antimatter corresponding to the electron, exhibiting 

the same mass as electrons while carrying positive charge (3). The existence of an electron 

with positive charge was first theorized by Dirac in 1928 who later predicted the existence of 

antimatter, including a new particle with the same mass but opposite charge of an electron – 

the ‘antielectron’. The discovery of the positron is attributed to Carl Anderson, who went on to 

receive the Nobel Prize in physics for his efforts (4).  

Positron decay of a nucleus includes the emission of a positron and a neutrino, with one proton 

converted into a neutron inside the nucleus (3): 𝑋𝑁 →  𝑋𝑁+1 +  𝑒+ + 𝑣𝑍−1𝐴  𝑍𝐴  (1) 

Since the positrons have a relatively short range of no more than a few mm they will soon 

combine with an electron, creating two annihilation photons of 511 keV emitted in 

approximately opposite directions (5).  

In PET the aim is to detect these photons and draw conclusions about the location of the 

annihilation event and thus the distribution and quantity of the radioligand in the human body. 

A PET detector can be described as an array of detector rings within which a patient is 

positioned. (5) If two detectors situated opposite each other detect an incoming annihilation 
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photon at the same time, or within a short incidence window of a few ms, this is called a 

coincidence event and marks the occurrence of a beta plus decay somewhere along the path 

between these two detectors, on the so-called line of response (LOR) (3).   

However, there are other reasons for why two detectors might simultaneously register a 

photon. For example, random or accidental coincidences can stem from two separate 

annihilation events in which one photon each reaches a detector within the incidence window 

which are falsely detected as a single annihilation event. A further possibility involves scattered 

annihilation photons. If one or both photons are scattered inside the body or the scanner the 

change in direction causes the photon to hit a different detector element, therefore altering the 

 
 
Figure 1 a) true events are detected when both photons created in an annihilation event are detected by opposite 
detectors without having scattered or undergone attenuation along the way b) scatter events are detected when 
one or both photons are scattered either inside the patient or the detector c) random events are detected when two 
photons fall within the incidence window without stemming from the same annihilation event d) sometimes multiple 
photons impact on detectors simultaneously, making it impossible to discern the correct LOR 
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LOR. To avoid the detection of such image degrading events detector rings used to be 

separated by thin septa which only allowed incidence detection within a single scanner plane 

(6). However, this outdated method has been replaced with three-dimensional PET acquisition 

since the early 1990s. With the septa between rings removed, detectors now register events, 

both true and erroneous, from a large volume, increasing not only sensitivity but also detection 

of random and scatter events, most of which can be corrected for by modern clinical PET 

scanners (5). Further sources of image degradation include the attenuation of annihilation 

photons within the body, and since both photons must reach a detector to trigger an incidence 

event, this results in a strongly reduced event count. With the quantity of photons reaching the 

detector in 3D PET increasing, so do the losses from detector dead time, presenting another 

degrading factor of image quality. A greater number of independent detector elements, along 

with improvements in detector technology, play an integral role in reducing these errors (3). 

Recorded PET data must be preprocessed through several steps before it can be utilized. This 

includes normalization, to counteract inhomogeneous efficiencies in different detector 

elements, correction of scatter and random events as well as attenuation and dead time 

correction (6).  

Attenuation correction on stand-alone PET scanners can be performed via transmission scans. 

To that end a rod source, usually 68Ge, is rotated around the axis, uniformly irradiating all 

detector pairs. This setup is used to compare two different scans - once without the patient in 

the scanner, the blank scan, and then again with the patient, the transmission scan. By 

comparing the attenuation along every LOR a correction factor for each detector pair can be 

determined for a patient. The blank scan is performed daily whereas individual transmission 

scans are necessary for every patient to accurately reflect the attenuation profile of each body. 

Since most modern PET systems are equipped with additional Computed Tomography (CT) 

scanners for hybrid imaging, attenuation correction has been adapted to incorporate the 

information provided by this modality (6).  

The effect of randoms can be observed as a homogenous background in the image, which 

leads to lower contrast and inaccurate display of activity. This can be corrected by shifting the 

incidence window by a certain time frame and counting the noted events. Since no true or 

scattered events can occur with such a time delay, yet random photons are not affected, it is 

guaranteed to exclusively estimate the number of random events, which can consequently be 

subtracted from the total coincidence count of each detector pair (6). 

Scattered photons are often corrected for by applying model-based calculations, integrating 

information regarding the activity distribution from the uncorrected emission image alongside 
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attenuation data from the transmission scan. This information is used to model the behavior of 

photons within the patient and estimate the distribution and amount of scatter in the body. In 

hybrid PET/CT scanners the CT image is generally used instead of the transmission scan to 

provide information on attenuation (6).  

Normalization has to be performed to account for differences in sensitivity across detector 

elements due to slight discrepancies in size, geometry or efficiency. To this end, a scan is 

performed on a uniform source, collecting information about variations in sensitivity, which is 

used to determine normalization factors for each detector pair (6).  

Lastly, the consequences of detector dead time need to be considered, especially at high count 

rates, such as scans near the bladder or for early frames of 15O scans. Most commonly used 

are empirical dead time models, which can apply appropriate correction factors individually for 

each detector pair or globally across the scanner (6).  

Image reconstruction can then be performed, usually applying iterative reconstruction 

algorithms. Very briefly, the basic concept of these approaches is the iterative comparison of 

calculated projections for an initial estimated image to the actual projections of the true image 

and successively improving the estimated image until both sets of projections reach a sufficient 

level of similarity (7).  

The structure of early scanner systems included sodium iodide (NaI) scintillators, especially 

NaI(Tl), coupled to photomultiplier tubes (PMT) (8). In general, detector systems must be 

capable of precise energy measurement and show a high detection efficiency for 511 keV 

photons in order to reliably distinguish between annihilation and scatter photons and to ensure 

that both photons of every event are recorded. The quality of PET imaging is further influenced 

by both size and speed, as small and fast detectors are essential for achieving high spatial 

and temporal resolution (9). From a technical perspective the ideal PET scintillation crystal can 

be described as a material of high atomic number and density to enhance the photoelectron 

and Compton-scatter cross-section, thereby maximizing the detection efficiency. Furthermore, 

a low decay constant and high light output are required, among other material properties (10). 

In the search for this ideal scintillator, scientists in the 1970s started using bismuth germanate 

(BGO) (11), since the material boasts both high density and atomic number (12) until they were 

replaced by faster and brighter lutetium-based scintillators in the 1990s, which demonstrate 

increased timing and energy resolution at similar detection efficiencies (9).  

The function of a scintillator is based on the excitation or ionization of its material through the 

incident radiation, which consequently results in the release of light. Since the light output 
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depends on the energy of the radiation, only low photon counts are expected for energies in 

the range used in nuclear medicine and thus, coupling of scintillators to PMTs is vital. Photons 

from the scintillator hit the photocathode of the PMT and produce photoelectrons, which are 

then attracted to a metal dynode that is kept at a positive potential. Over the span of the whole 

PMT, the electrons strike a series of dynodes, each held at a higher voltage than the last to 

ensure acceleration along the PMT. At every dynode multiple secondary electrons are ejected 

and once again accelerated to the next stage, producing a cascade of electrons which 

ultimately reach the readout anode at the end of the tube. Cumulatively, this process has a 

multiplication factor of around 107, enabling detection of relatively low photon counts (13). 

Originally, every single scintillator was coupled to its own PMT, which soon became 

unsustainable once scintillator size was decreased in an effort to improve spatial resolution. 

The related increase in detector numbers led to higher costs and such minimized PMTs were 

not readily available (8). As an alternative the block design was introduced by Casey and Nutt 

in the 1980s (14), which included either a block of small scintillators or a large scintillator crystal 

containing thin, partial cuts in several locations. This structure was usually coupled to 4 PMTs 

which were positioned in a rectangular pattern to allow decoding of the light output (8). 

Analyzing the signal from the corresponding 4 PMTs can determine the actual scintillator 

segment on which the annihilation photon impacts. This method enabled the use of very small 

detector elements, increasing the spatial resolution significantly, while still keeping the cost 

reasonably low (6).  

This setup had been the established standard for many years, however, lutetium-based 

scintillators combined with silicon photomultipliers (SiPM) have become the most prevalent 

detector configuration in recent years (15). SiPMs are based on a series of Geiger-mode 

avalanche photodiodes (APDs), promising favorable timing accuracy needed for advances in 

time-of-flight (TOF) PET and, importantly, they are insensitive to magnetic fields, allowing 

hybrid scanners with integrated Magnetic Resonance Imaging (MRI) (16). Considerable 

improvements in single-photon timing resolution, gain and noise have been noted, making 

them invaluable especially for newer generations of PET scanners (17).  

Another notable advancement is TOF-PET that has made it possible to locate the approximate 

position of the radioligand along the LOR, taking into account the slight time delay between 

the arrivals of the two photons of the same annihilation event (18). Detection technology in 

state-of-the-art clinical TOF-PET scanners enables timing resolutions of almost 200 ps, with 

TOF resolution of approximately 100 ps appearing to be feasible in the near future (15).  
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PET is a highly versatile imaging modality, which is widely used in clinical routine, as well as 

in research studies, with a broad range of radioligands allowing precise investigations of 

specific physiological and pathological processes (2).  

One such use is in oncology, where PET imaging is commonly applied to improve disease 

staging, largely thanks to 2-18F-fluorodeoxyglucose ([18F]FDG), which displays the changed 

metabolism of cancerous matter. Further applications include treatment planning and response 

assessment, especially when combined with anatomical information gained from MRI or CT 

scans (19). While [18F]FDG PET is incredibly well suited for detection of many tumor types, 

the high glucose consumption and consequent [18F]FDG uptake of healthy brain matter 

complicates tumorous lesion detection in the brain (20), where amino acid tracers, such as 

3,4-dihydroxy-6-18F-fluoro-L-phenylalanine ([18F]FDOPA), O-(2-18F-fluoroethyl)-L-tyrosine 

([18F]FET) or 11C-methyl-L-methionine ([11C]MET) show advantageous characteristics (21). 

Another prominent example is neuroimaging, where PET is one of the most significant 

modalities. To improve our understanding of the complex intricacies of brain function it is often 

useful to examine local variations in neuronal activity, which can be visualized by PET through 

measurements of glucose metabolism. Task-based studies in particular investigate changes 

in local [18F]FDG uptake as a result of a specific stimulus, giving information about the 

functional architecture of the brain. In contrast, resting state protocols apply no external stimuli, 

with subjects remaining inactive, which can reveal general, static characteristics of brain 

activity (22).  

Further applications include for example the diagnosis and research of dementia (23, 24), 

where many studies have acknowledged the significant value of PET imaging. For example, 

the high sensitivity of [18F]FDG to local glucose metabolism may be exploited to show 

hypometabolic regions and act as an indicator of neurodegeneration. Since PET imaging is 

capable of capturing subtle functional and pathological abnormalities even in early disease 

stages, it is especially relevant for early diagnostic and prognostic measures (25). Alongside 

glucose metabolism, PET also allows the in vivo assessment of tau and amyloid burden as 

well as neuroinflammatory processes, (26) offering great potential for the study of 

neurodegenerative diseases, their diagnosis and therapy.  

The adaptation of novel tracers also enables research into the serotonergic and dopaminergic 

systems, gaining valuable insights into many neurological and psychiatric diseases such as 

Huntington’s disease, Schizophrenia or Depression, furthering our understanding of the 

underlying physiological changes and providing opportunities for research into new treatment 

possibilities (1, 27). Many other tracers are used in clinical studies and new ones are constantly 
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investigated. In general, characteristics of an ideal tracer include high molar activity and affinity 

as well as metabolic stability to guarantee measurement of the tracer instead of a metabolite 

(2).  

Hybrid imaging, combining PET with either MRI or CT, has clear advantages, providing 

complementary anatomical information and improving coregistration. That is why most modern 

clinical PET scanners include an integrated CT system (6). When it comes to simultaneous 

measuring of PET and MRI instead of PET/CT, the former offers better soft-tissue contrast and 

lower radiation burden (28), nonetheless certain aspects need to be considered regarding 

subsequent data analysis. Attenuation correction has to be performed on the PET data, which 

is comparatively clear-cut for PET/CT (29) measurements but not as intuitive for PET/MR. 

Attenuation maps are used, however, since MRI is generally based on proton density instead 

of photon attenuation the required information is not readily available (28). Multiple methods 

have been developed to resolve this issue and to perform attenuation correction of PET/MR 

data (30, 31).  

 

Functional Positron Emission Tomography 

While most current clinical applications of PET rely on static imaging where they investigate 

constant, non-dynamic processes and features, functional PET (fPET) is gaining importance 

in brain activation research.  

After dynamic PET imaging of brain activation was pioneered in the 1980s, it was quickly 

overtaken by the comparable method of functional Magnetic Resonance Imaging (fMRI), (32) 

which can be used to detect changes in blood-oxygenation-level-dependent signal (BOLD) 

(33-35). For the last decades, fMRI has been the preferred modality due to its high spatial and 

temporal resolution and the absence of ionizing radiation. However, it does come with certain 

disadvantages and limitations (32). Most notably, BOLD imaging does not directly reflect 

neural activity but instead depends on multiple factors such as blood oxygenation, cerebral 

blood volume (CBV) and cerebral blood flow (CBF), which results in a complex interplay of 

many different elements (36, 37). This complicates the interpretation of measurements, 

presenting a significant challenge when it comes to clinical implementations of BOLD fMRI 

(37).  

PET on the other hand allows for direct measurement of glucose metabolism (38) as an 

indicator of neuronal activity. With recent advances in fPET, many of the former drawbacks 
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have been addressed and new possibilities for research into neuronal activity arise. For 

instance, performing both the resting state, which serves as a baseline, and task specific 

measurements during one scan has become possible (39, 40), reducing the burden of 

radioactivity for the subjects and removing the factor of intrasubject inconsistencies on different 

measurement days (41). Up until recently, the necessity for arterial blood sampling was 

another drawback of the modality and while it is still the gold standard, multiple less invasive 

options such as venous sampling and image derived input functions have emerged that could 

prove adequate for fPET analysis, depending on the application (42, 43).  

Instead of using a traditional bolus application, which is capable of identifying responses to 

stimuli that are expected to remain constant over a period of time, a constant infusion protocol 

was introduced for fPET, allowing the dynamic measurement of alterations in glucose 

metabolism during the scan (39, 40). For such a protocol, [18F]FDG is applied at a constant 

rate and therefore readily available for uptake during the whole measurement rather than just 

shortly after the bolus application (40). With the assumption of steady states during rest and 

task activation, the percentage change of the time-activity curve’s (TAC) slope can be 

calculated, representing the percentage difference between the cerebral metabolic rates of 

glucose (CMRGlu) between rest and task. Multiple visual stimuli similar to fMRI were used to 

validate functional specificity of the method (39).  

Recently another adaptation has been introduced, applying a short bolus at the beginning and 

continuing a constant infusion of [18F]FDG during the measurement to ensure that the bolus 

immediately supplies ligand to the brain. This increases the overall signal-to-noise ratio (SNR), 

allowing reconstruction of shorter time frames even shortly after infusion start, while still 

facilitating activation-dependent [18F]FDG uptake for the whole length of the constant infusion 

(44). Lately, the temporal scale of detectable activation during a task has been subject of 

investigation, with research suggesting that fPET temporal resolutions could approach those 

of BOLD fMRI, robustly detecting activations at reconstructed frame lengths of only 3 s (45).  

 

Tracer Kinetic Model 

The distribution of radiotracer in the body is multifaceted and several models have been 

developed to characterize its kinetic behavior. Compartment models are most commonly used 

to describe the transport of radioligand and its interaction with target tissues (46).  
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Figure 2 schematics of the two-tissue compartment model with compartments plasma, nondisplaceable (free + 
nonspecific) and specific binding; redrawn based on (47) 

 

This section will focus on the kinetic compartment model of [18F]FDG, as it remains the most 

prevalent radiotracer in fPET to date.  

Classically, a two-tissue compartment model is applied in bolus [18F]FDG PET 

measurements. The radioligand can reversibly travel across the blood-brain barrier from the 

plasma to the tissue where phosphorylation can then occur (46). An irreversible model is used, 

applying the simplification that once phosphorylated, no dephosphorylation can occur, at least 

throughout the scan, and the tracer remains bound in the tissue. This results in a small reverse 

rate constant k4 which is approximated as 0 (48). As a result, the model is described by three 

rate constants, characterizing the relationship of the ligand between the different 

compartments.  

For this model the influx rate constant is given as 

𝐾𝑖 =  𝑘1 ∗ 𝑘3𝑘2 + 𝑘3 (2) 

If the simplification of steady states is applied, Ki can be graphically determined through the 

Gjedde-Patlak Plot (49) instead. This assumes that the free compartment of the two-tissue 

compartment model reaches equilibrium after a certain time, which is represented as a linear 

part of the Patlak Plot. The slope of said plot is then proportional to the influx rate constant Ki  

(40). 

  

Modeling of fPET Data 

Investigation of functional information using fPET is a relatively new concept and as such 

experimental methods and analytical processes are constantly evolving. As discussed before, 

constant infusion paradigms were first utilized in fPET imaging (39, 40) applying tracer at a 
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constant rate throughout the measurement, with bolus + constant infusion protocols gaining 

popularity thanks to their increased SNR and shorter task durations (44).  

Due to its fundamental similarities, parallels are being drawn to the analysis of fMRI data, 

where the general linear model (GLM) is a popular method, describing the measured data as 

a combination of multiple regressors with different weights. In fPET analysis application of a 

GLM can be used to effectively separate task effects, baseline uptake and movement artifacts 

(40). This is given by: 𝑌(𝑡) =  𝛽𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 ∗ 𝑋𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝛽𝑡𝑎𝑠𝑘 ∗ 𝑋𝑡𝑎𝑠𝑘 +  𝛽𝑚𝑜𝑣𝑒𝑚𝑒𝑛𝑡 ∗ 𝑋𝑚𝑜𝑣𝑒𝑚𝑒𝑛𝑡 + 𝜀 (3) 

For study paradigms involving several tasks, multiple task regressors have to be included in 

the model, often also adding motion correction (40).  

Unlike fMRI, [18F]FDG fPET analysis needs to take the effect of accumulative tracer into 

account, necessitating the addition of a baseline into the GLM. Different definitions for this 

regressor have been used in topical fPET studies such as using the mean TAC or fitting the 

mean TAC to a 3rd order polynomial (e.g. 40, 44, 50). It is also possible to further adapt the 

baseline term by excluding voxels or regions of interest (ROIs) known to activate during certain 

tasks, either through atlas-based considerations or, with PET/MR measurements, according 

to BOLD fMRI activations (44). The task regressor is usually applied as a ramp function with a 

slope of 0 during the resting state (39, 40).  

Further analysis of fPET data includes the determination of the absolute CMRGlu. For this the 

Gjedde-Patlak Plot (49) is calculated in the form of: 

𝐶𝑇(𝑇)𝐶𝑃(𝑇) =  𝐾𝑖 ∫ 𝐶𝑃(𝑡)𝑑𝑡𝑇0 𝐶𝑃(𝑇)  (4) 

where CP and CT describe plasma and tissue concentrations. CT can be obtained by multiplying 

the baseline regressor with the beta scores, which results in a time-activity curve (CT) while CP 

stems from the arterial input function (AIF). Under the assumptions of the two-tissue 

compartment model described above we see a linear behavior of the plotted figure after a 

certain time, with Ki representing the slope of the graph (40). While arterial blood sampling for 

the determination of the AIF remains the gold standard, different alternatives have emerged 

such as image derived input functions, venous input functions or population-based input 

functions (42, 43, 51).  
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This then allows absolute quantification of the CMRGlu.  

𝐶𝑀𝑅𝐺𝑙𝑢 =  𝐾𝑖 ∗ 𝐺𝑙𝑢𝑝𝑙𝑎𝑠𝑚𝑎𝐿𝐶 ∗ 100 (5) 

A different analysis option was recently validated for fPET, which no longer relies on invasive 

arterial blood sampling and instead assumes that the information from the GLM is sufficient to 

draw conclusions about task-specific changes in glucose metabolism. The percent signal 

change (PSC) can be used as an indicator of the relative change in CMRGlu due to a task, as 

compared to the baseline state, given in percent (52). 

It is argued that relative changes in Ki are directly reflected in the ratio of tissue concentrations, 
which can be estimated in terms of GLM output, resulting in the following equation (52). 

𝑃𝑆𝐶 =  𝐾𝑖,𝑡𝑎𝑠𝑘𝐾𝑖,𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 ∝  𝐶𝑇,𝑡𝑎𝑠𝑘(𝑡)𝐶𝑇,𝐵𝐿(𝑡) ∝ 𝛽𝑡𝑎𝑠𝑘 ∗ 𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑜𝑟𝑡𝑎𝑠𝑘(𝑡)𝛽𝐵𝐿 ∗ 𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑜𝑟𝐵𝐿(𝑡)  (6) 

One approach to replace the GLM is the Independent Component Analysis. It is a data-driven 

algorithm, rather than the model-based GLM, and explores the data in terms of its natural 

coherence, as opposed to fitting it to a given model. Like the GLM method it has been widely 

used in fMRI and been introduced in several recent fPET resting state and task studies (53).   

Aim of the Project 

Recently, there has been discussion regarding the accuracy of different definitions of the 

baseline regressor in fPET analysis and their effect on the model.  

For instance, contamination of the baseline regressor with task effects can result in either 

under- or overestimation of stimulation-specific effects. Recent data indicates that inadequate 

baseline definition may lead to artifactually induced activations or deactivations (54). The study 

observed remaining non-random structure in the residuals, even after baseline removal, which 

can affect the task estimates if the structure coincides with the stimulation regressor. They 

reached the conclusion that a single baseline regressor might not be sufficient to describe the 

regionally varying kinetics of the brain, resulting in the noted effects. 

The aim of this project was to investigate the described problem and ultimately to redefine the 

baseline regressor in fPET analysis on the basis of regional kinetic behavior of [18F]FDG. To 

this end, spatio-temporal clustering was performed on the brain’s TACs to identify brain regions 

with similar kinetics. To ensure a robust outcome this was performed on different datasets, 

applying various clustering techniques and validation metrics. To best account for kinetic 



12 
 

 

 

variability, soft clustering was considered and the GLM was expanded to include the resulting 

regressors, with every voxel dynamically described by its similarity to each cluster.  

A quantitative comparison between artifactual (de-) activations with and without the proposed 

baseline adaptation was evaluated. For this purpose, a reproduction of the observed errors 

from the previous study (54) was attempted on two different datasets. This analysis was 

performed with and without the modified baseline definition, to investigate the potential 

improvement provided by the kinetic model.  

The hypothesis of this work is that the proposed refinement of the baseline regressor 

significantly reduces artifactual (de-) activations. This hypothesis may hold true if the artifactual 

(de-) activations are truly caused by regionally varying kinetics of the radioligand. 
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2 Materials and Methods 

Datasets 

The three different datasets used in this thesis will now be shortly introduced, providing 

information on their respective studies and experiment designs. The kinetic modeling 

performed in this thesis is based on the mean data of each study, averaged over all subjects.  

The first dataset (DS1), the Monash rsPET-MR dataset, (55) was collected at the Monash 

university, Australia and obtained from the OpenNeuro database. The research group 

simultaneously captured [18F]FDG fPET and fMRI data from 27 healthy adults aged 18-23 

years who had been instructed to keep their eyes open for the duration of the measurement. 

The resting state scan of 95 minutes was performed on a Siemens (Erlangen) 3 Tesla Biograph 

molecular MR scanner (Syngo VB20 P). fMRI data acquisition started 30 minutes after the 

initial [18F]FDG application start, which was administered at a constant infusion rate of 36 ml/h 

at an average dose of 233 MBq, while the first 30 minutes were used for other, non-functional, 

MRI scans (55).  

Attenuation correction was performed with a pseudoCT approach as described by Burgos et 

al (55, 56). For reconstruction, the Ordinary Poisson-Ordered Subset Expectation 

Maximization (OP-OSEM) algorithm (3 iterations, 21 subsets) with point spread function 

correction was used and a 5 mm Gaussian smoothing filter was applied to each volume. 

Additionally, motion correction was conducted with the use of the simultaneously acquired MRI 

data (55). 

The second dataset (DS2) (57) was acquired by the Neuroimaging Labs at the Medical 

University of Vienna, Austria, where the research group collected simultaneous [18F]FDG 

fPET and BOLD fMRI data of 50 healthy participants aged 23.3±3.4 years (mean age ± 

standard deviation), who played multiple rounds of the video game TETRIS (58) at different 

levels of difficulty during the task phase. The experiment followed a bolus + constant infusion 

protocol of 510 kBq/kg/frame for 1 minute and 40 kBq/kg/frame for 51 minutes. Prior to 

application start, 8 minutes of structural imaging were performed. fPET acquisition included an 

8-minute baseline measurement and 4 subsequent 6-minute task blocks, each followed by a 

5-minute resting state measurement. Additionally, BOLD fMRI imaging was performed both 

during the fPET task blocks, and for an additional task block of 12 30-second task sequences 

separated by 10-second baseline measurements, which was performed after the fPET 

measurement. All measurements were executed on the same PET/MR scanner (Siemens 
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mMR Biograph, Erlangen, Germany) (57). The data underwent attenuation correction with a 

database approach (56) and reconstruction into 30-second frames, using the OP-OSEM 

algorithm. For preprocessing the fPET data was motion corrected and spatially normalized to 

MNI space, using the T1 weighted MR image, (44) before an 8 mm Gaussian smoothing kernel 

was applied. A gray matter mask was implemented and a temporal low pass filter with a 3-

minute cutoff frequency was used (57).  

The third dataset (DS3) stems from research of the Neuroimaging Labs at the Medical 

University of Vienna, Austria, into whole-body (WB) metabolic connectivity where the 

interconnection between brain and body, as well as between different organs was investigated 

(59). 17 healthy subjects aged 26±6 years (mean age ± standard deviation) participated in the 

study on the Siemens Biograph Vision 600 Edge PET/CT scanner (Siemens, Erlangen, 

Germany), with each measurement including a topogram, a low dose CT and a WB PET scan. 

Additionally, structural T1 weighted MR measurements were performed on a Siemens Prisma 

3T scanner. The WB scan was implemented using continuous bed motion employing a 

modified Siemens FlowMotion Multiparametric PET protocol. The subjects were divided into 

two groups, with one subset receiving a bolus infusion of 5.1 MBq/kg for 1 minute while the 

other underwent a bolus + constant infusion protocol of 5.1 MBq/kg in 50 ml at a rate of 816 

ml/h for 1 minute and 35.8 ml/h for 61 minutes, and participants of both groups followed a 

typical resting state study design. Reconstruction of PET data was performed with 3D-TOF 

OP-OSEM with no filtering. Several preprocessing steps were applied, including motion 

correction, smoothing with an 8 mm Gaussian kernel and normalization to the MNI space using 

the MR image (59). The dataset employed in this project only includes data from the 8 subjects 

who underwent a bolus + constant infusion protocol. 

 

Atlases 

Cortical Atlas 

The Schaefer atlas (60) was used for the description of the cortex. It was previously created 

by applying a gradient-weighted Markov Random Field approach in an effort to combine the 

parcellation methods of local gradients (eg 61, 62) and global similarity (eg 63-65). Schaefer 

et al describe the former as using sudden changes in resting state functional connectivity 

(RSFC) patterns within spatially close positions while the latter creates parcels according to 
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similar resting state fMRI (rsfMRI) signals or variations in RSFC, usually without taking spatial 

proximity into account. Schaefer et al used rsfMRI data from 1489 healthy participants and 

integrated the importance of functional homogeneity within a parcel with biological implications 

of abrupt local changes. This allows a decrease in the functional variability within a given 

cluster and improves biological meaning. Schaefer et al implemented several resolutions, 

publishing results for multiple parcel numbers (60). For the purpose of this project a 500-parcel 

atlas was deemed appropriate.  

 

Figure 3 atlas by Schaefer et al containing the cortex and consisting of 500 parcels 

Subcortical Atlas 

The Tian atlas (66) was used to describe the subcortex and consists of either 16, 32, 50 or 54 

parcels, with the 16-region atlas being used for this thesis. Tian et al used both resting state 

and task evoked fMRI data from 3T and 7T scanners to investigate the subcortex with regard 

to its functional connectivity and organization, based on data from more than 1,000 

participants. They developed a method called gradientography that was used to portray 

gradients in functional connectivity within the subcortex. Using formal model selection, the 

 
Figure 4 atlas by Tian et al containing the subcortex and consisting of 16 parcels 
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magnitude peaks of these gradients were assessed, creating distinct boundaries at adequately 

high magnitudes (66).  

Cerebellar Atlas 

The cerebellar atlas by Diedrichsen et al (67) is a probabilistic atlas that identifies cerebellar 

structures. They chose a macro-anatomic approach, taking advantage of the stability of the 10 

lobules contained in the cerebellar cortex. To account for variations in the position of cerebellar 

structures after registration to the MNI space, they developed a probabilistic approach. The 

resulting 28 probabilistic maps portray the probability of a voxel being part of a particular 

structure with the maximum probability map displaying the most likely compartment 

assignment per voxel (67). 

 

Figure 5 atlas by Diedrichsen et al containing the cerebellum and consisting of 28 parcels 

 

Clustering Regions of Interest 

Classification plays a vital role in many different fields as it involves sorting objects into a limited 

number of subgroups. At its core, the purpose of classification is to identify patterns and 

structures of similarity and dissimilarity in complex, multivariate datasets (68). Classification 

can be performed on a supervised or unsupervised basis, depending on whether prior labels 

are available or not. Clustering describes the unsupervised approach and is often separated 

into hierarchical and partitional clustering (69) and sometimes also density-based, grid-based 

and model-based clustering (70).  

Clustering is especially valuable for datasets where little to no prior knowledge about structures 

and characteristics is available. Its ability to uncover patterns makes it a cheap and sensible 

alternative to extensive, time-consuming manual labeling by experts (71). Backer and Jain (72) 
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highlight the somewhat subjective nature of cluster analysis that comes with creating subsets 

based on a chosen similarity metric. Their recommendations for data analysis include 

performing multiple different clustering techniques on a dataset and evaluating whether 

characteristics of the selected algorithms are even appropriate for the respective data (72).  

The effectiveness of different clustering methods can vary, and it takes careful consideration 

to choose an appropriate measure. Similarly, deciding on an appropriate cluster count might 

be up to the analyst, as both finer and broader classification can be justified, depending on the 

context and research question. 

Partitional clustering methods divide the dataset into a predefined number of clusters without 

adding any information about the relationship between them. In contrast, hierarchical clustering 

does provide insight into hierarchical structure by branching out from a singular cluster until 

eventually each datapoint is described by its own cluster (divisive clustering) - or the other way 

around (agglomerative clustering) (70). Density-based clustering defines clusters as regions 

of high density, separated by areas showing a low density of datapoints, with common 

algorithms including DBSCAN (density-based spatial clustering for applications with noise), 

OPTICS (ordering points to identify the clustering structure) and HDBSCAN (hierarchical 

clustering method using DBSCAN) (73).  

K-means 

k-means clustering (74) is one of the oldest, yet most commonly used unsupervised clustering 

algorithms, largely thanks to its simplicity and speed (75). The general process of this iterative 

algorithm can be described as follows:  

 

1. random starting centroids are chosen 

2. distance from each point to each centroid is calculated and all points are attributed to their 

closest center simultaneously, forming subsets 

3. the centroid, defined as the mean of all datapoints in a subset, is then calculated  

Steps 2-3 are then repeated until a stable state is reached and no changes occur. 

This clustering method presents several limitations, such as a fixed and predefined number of 

clusters chosen by the user and variability of the outcome, since the final result can differ based 

on cluster initialization. Evidently, choosing the number of clusters beforehand either requires 

deeper insight into the data or is left up to chance by making educated guesses, which can 
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have a detrimental impact on the model and result in erroneous clustering (75). As such, finding 

the right number of clusters is an integral part of clustering and different methods have been 

developed. Some options, as listed in (75), include Akaike’s information criterion and its 

extensions (AIC) (76, 77), Schwarz’s Bayesian information criterion (BIC) (78), Rissanen’s 

minimum description length (MML) (79) or Bezdek’s partition coefficient (PC) (80). To address 

the problem of cluster initialization, multiple algorithms have been proposed. K-means ++ 

improves on the arbitrary initial seed position by choosing these centroids based on their 

distance from previously placed centroids (81).  

MATLAB implements the k-means algorithm in two phases where the first phase is similar to 

the process described above, with all datapoints being reassigned simultaneously and 

recalculation occurring afterwards. The second phase changes individual classifications if it 

leads to a reduction of the overall sum of distances and then immediately calculates the new 

centroids, with each iteration of this phase addressing every datapoint individually. Including a 

replicate number causes the clustering to be performed multiple times with independently 

chosen starting points, and the output corresponds to the run with the lowest within-cluster 

sums of point-to-centroid distances. These distances are by default calculated with the 

Euclidean distance measure but MATLAB allows adoption of other distance metrics such as 

Cityblock, Correlation, Cosine and Hamming (82).  

Hierarchical Clustering 

Hierarchical clustering can be interpreted as a merge tree with each leaf containing a single 

datapoint, which are then merged at each iteration according to the linkage criterion. More 

specifically, the two points or subsets ‘closest’ to each other are merged, forming a cluster, 

with the pattern repeated until all datapoints are combined at the root of the tree. This is called 

agglomerative hierarchical clustering which is in contrast to divisive hierarchical clustering 

where the algorithm instead starts from one combined cluster and sequentially splits off into 

smaller subsets until each datapoint is once again assigned to its own cluster (83).  

There are many different ways to define the distance between two individual datapoints. Most 

commonly used are Euclidean, Manhattan, Mahalanobis or Minkowski distances. These metric 

distance functions are then used in combination with different linkage functions which define 

how distances between two subsets are calculated. Single linkage uses the distance between 

the two closest datapoints in both subsets, complete linkage the largest distance and group 

average linkage computes the average of all distances between datapoints of both subsets. 
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Another option is ward linkage which aims to minimize within-cluster variance at each merge 

based on the centroids of each subset (83).  

Validation Criteria 

As discussed above, k-means clustering necessitates knowledge of the number of clusters 

beforehand, which is not always feasible. Multiple methods have been introduced to 

approximate the appropriate cluster number, such as using a rule of thumb, the elbow method, 

information criteria (76, 78), or the Silhouette score (84). Similarly, it is up to the user to 

determine the optimal cutoff point for agglomerative hierarchical clustering. Two widely used 

methods are the Silhouette score (84) and the Davies-Bouldin index (85). 

Silhouette Score 

The Silhouette Score (84), introduced by Rousseeuw in 1987, aims to provide additional 

guidance for the task of investigating cluster quality and determining how many clusters 

‘naturally’ exist in a given dataset. The Silhouette value for every element i is described by: 

𝑠(𝑖) = 𝑏(𝑖) − 𝑎(𝑖)𝑚𝑎𝑥{𝑎(𝑖), 𝑏(𝑖)} (7) 

with a(i) denoting the average dissimilarity of i and all other points within the cluster to which 

point i is assigned and b(i) as the average dissimilarity of i and the ‘closest’ competitor-cluster. 

For that, the average dissimilarity of i to each cluster is calculated and the cluster with the 

lowest value is selected. Large s(i) values close to one indicate a much lower within-cluster 

dissimilarity than for the second-choice cluster, implying a clear and appropriate cluster 

assignment. Data points with Silhouette scores approaching 0 might not be easily assigned to 

one over the other cluster and could be located close to the decision boundary while a negative 

Silhouette score indicates wrong cluster assignment of the datapoint. The overall average 

Silhouette width can then be calculated as the average of all s(i) for all datapoints. This score 

should reach a maximum at the optimal cluster number, if calculated for multiple different 

values (84).  

Davies-Bouldin Index 

Davies and Bouldin also established a cluster separation measure. They defined a metric that 

depends on across-cluster distances and cluster dispersion (85) that is defined by MATLAB 

as the Davies-Bouldin index: 
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𝐷𝐵 =  1𝑘 ∑ 𝑚𝑎𝑥𝑖≠𝑗{𝐷𝑖,𝑗}𝑘
𝑖=1  (8) 

 

With Di,j as: 

𝐷𝑖,𝑗 = 𝑑𝑖̅ +  𝑑𝑗̅𝑑𝑖,𝑗  (9) 

Where di and dj are the average distances of points in clusters i and j to their respective cluster 

centroids and di,j denotes the Euclidean distance between the two centroids (86). This is a 

specific form of the metric introduced by Davies and Bouldin who described a more generalized 

method that allows for different distance and dispersion measures.  

 

fPET Toolbox 

The fPET Toolbox (87) created by Hahn et al at the Neuroimaging Labs at the Medical 

University of Vienna, Austria, aims to provide a community standard for fPET analysis in 

MATLAB, facilitating standardized inter-study comparisons and improving reproducibility. It 

provides an intuitive interface that offers straightforward access to the most common fPET 

analysis methods. Analyses can be performed either programmatically via MATLAB scripts or 

in the supplied graphical user interface. 

The toolbox provides a large range of features, including analysis of fPET data via GLM, as 

described in Section 1. Its purpose is the separation of baseline and stimulation effects, and 

as such it includes stimulation and baseline regressors, as well as optional regressors like 

motion or nuisance variables. The baseline definition can be adapted. One option extracts the 

mean TAC of all voxels within a mask, usually a gray matter mask provided by the user, while 

the second baseline definition models this TAC by a 3rd order polynomial. For bolus + constant 

infusion protocols it is necessary to define a starting point for this baseline modeling once the 

initial radiotracer uptake has reached a steady state after the bolus application has finished. 

The toolbox allows further individualization by omitting voxels with expected activations from 

the baseline calculation by applying a user-defined mask. Adequate baseline calculation is 

vital to prevent errors that may inflate or reduce the stimulation results, which is why the toolbox 

enables flexible definitions. The resulting GLM can then also be used to provide the task- or 

baseline-derived TAC of either a single subject or averaged over the cohort. 
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Another function of the toolbox is the calculation of PSC, which provides an alternative to the 

absolute quantification of CMRGlu. It describes the difference between the slope of the 

stimulation and the baseline regressor, providing a 3D map of the PSC for each regressor. 

The toolbox also enables absolute quantification using the Gjedde-Patlak plot as described in 

section 1. It requires the plasma input function, with the optional inclusion of the whole-blood 

input function and the plasma/whole-blood ratio. An alternative to GLM-based analysis is also 

provided with the option for Independent Component Analysis. Further analysis options include 

Molecular Connectivity and Molecular Covariance to investigate the associations between 

different regions over time within and across subjects respectively.  

The toolbox was validated using data from multiple studies, including different tasks, stimuli, 

scanner systems and radiotracers, and it reliably reproduced the previous results. For 

additional information on the fPET Toolbox, its functionality and its workflow the accompanying 

paper (87) and manual are recommended.  

 

Analytical Process 

Creating a combined Atlas 

With the aim of clustering different ROIs according to their kinetic behavior it is necessary to 

establish a frame of preexisting ROIs within the human brain, including all relevant brain 

regions. The three atlases described above were ultimately combined in MATLAB (version 

R2024b) to allow clustering over all regions contained in the cortex, subcortex and cerebellum 

with the resulting new atlas counting 544 ROIs.  

Clustering 
In order to distinguish regions with similar behavior, the ROIs in the new atlas were clustered, 

and all datasets (DSs) were analyzed with several clustering and validation approaches. For 

ROI-based clustering the mean TAC of each ROI was determined by averaging over all voxels 

contained in a ROI. K-means clustering was performed in MATLAB using k-means++ 

initialization and replicate numbers > 1000. To estimate the optimal number of clusters, the 

information criteria AIC and BIC were calculated for k-means clustering, and dendrograms 

from hierarchical clustering using various linkage and distance metrics were visually examined. 
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The Silhouette scores and Davies-Bouldin indices were computed and plotted for both 

clustering methods. 

This was repeated for all three DSs described in the previous subsection. After closer 

investigation of the three DSs and their respective clustering and validation results, it was 

decided to proceed with agglomerative hierarchical clustering using Ward linkage and 

Euclidean distance with 6 clusters on DS1 and DS2, since it showed consistently acceptable 

validation criteria while also representing a reasonable conclusion from visual inspection of the 

dendrograms. During the data analysis process, several alternative approaches were 

explored. Specifically, clustering was attempted on row-normalized versions of the data as well 

as on original and row-normalized residuals. Additionally, density-based and community-based 

clustering methods were evaluated in an effort to potentially improve on the clustering result. 

However, these methods did not yield better outcomes when compared to hierarchical 

clustering performed directly on the original data and were therefore discarded. Overall, the 

clustering was only considered for cluster numbers ranging from 2-10, as using more clusters 

would not be meaningful for the intended purpose of the analysis. All ROIs defined by the atlas 

were assigned a label based on this clustering. 

Relative Probability Maps 

Further analysis includes the calculation of relative similarity maps, which was performed for 

each DS. This process involved defining the centroid of each cluster by calculating the mean 

TAC over all voxels contained in the respective cluster. A relative cluster similarity for each 

singular voxel can then be described as the inverse of its distance to all 6 cluster centroids, 

normalized to sum to 1. This similarity value represents the relative probability of a voxel 

belonging to a cluster. Additionally, a gray matter mask was applied at this point and all voxels 

within were assigned relative similarities to the clusters, based on their TAC. 6 similarity maps 

were created for each DS and smoothing kernels of 4 mm and 8 mm were applied using 

Statistical Parametric Mapping software (SPM: SPM12 Software - Statistical Parametric 

Mapping) in MATLAB. It was decided to proceed with the 8 mm smoothed data. Furthermore, 

the clusters of both DSs were matched using Pearson’s Correlation Coefficient for a more 

consistent representation and quantitative comparison between DSs. This was further 

validated by comparing the mean TACs of clusters across DSs based on the cluster distribution 

given by the maximum probability map. Correlation matrices for individual DSs and across DSs 

were calculated and analyzed. 

https://www.fil.ion.ucl.ac.uk/spm/software/spm12/
https://www.fil.ion.ucl.ac.uk/spm/software/spm12/
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The relative probability maps of both DSs were ultimately combined and the new averaged 

maps were once again normalized, so that the relative probabilities of each voxel sum to 1, 

creating a representative depiction of kinetic similarities within the brain.  

Maximum Probability Maps 

The resulting relative probability maps were used to create a maximum probability map, 

examining the probability distributions for all voxels and assigning them to the cluster with the 

highest similarity. While this representation lacks the nuance of relative similarity maps, it is a 

useful measure to visually compare clustering results from different methods and DSs. These 

maps were then further used to calculate the Dice coefficients, which act as a measure of 

similarity between binary sets, by creating and comparing binary maps for each cluster, as 

defined by the maximum probability map. 

General Linear Model and Percent Signal Change 

The probability maps were integrated into the baseline definition of the fPET toolbox by its 

developer and all consequent analyses were performed on the adapted fPET toolbox. As 

described before, the relative probability maps were used to assign each voxel relative 

similarities for multiple baseline regressors to account for kinetic variability. The adapted GLM 

option creates 6 regressors, each containing the mean TAC of the voxels within a cluster as 

defined by the maximum probability map, or the 3rd order polynomial of the mean TAC for the 

second available baseline definition. For each voxel, every regressor would then be assigned 

its relative probability as given by the relative probability maps, so as to closely reflect kinetic 

variation of tracer uptake in different brain regions on a voxel-wise basis. The resulting GLM 

has the following form 

𝑌(𝑡) =  ∑(6
𝑖=1 𝛽𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒,𝑖 ∗ 𝑋𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒,𝑖 ∗  𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖) 

+ 𝛽𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑖𝑛𝑝𝑢𝑡𝑠 ∗ 𝑋𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑖𝑛𝑝𝑢𝑡 
(10) 
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with additional inputs including a task regressor and motion parameters. Analysis with the GLM 

and PSC was performed for data of both DSs, once with the new baseline adaptation and once 

without. This was repeated for both available baseline definitions, first for the mean TAC 

baseline (where the mean TAC of each cluster is used as its own regressor) and then for the 

3rd order polynomial (where the mean TAC of each cluster is again fitted to a 3rd order 

Figure 6 task regressor design for GLM analysis of DS1 and DS2; due to differences in scan duration the fake task 
regressor had to be adapted for DS2 
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polynomial and used as a regressor). In order to investigate the impact of kinetic baseline 

considerations on artifactual (de-) activations, a false task regressor was introduced to the 

GLM. To achieve accurate comparison to the research described previously (54) it was defined 

as multiple 10-minute task blocks, which start at a timepoint of 20 minutes and are separated 

by 10-minute resting state blocks. Due to differences in scan duration the task design was 

adapted for DS2 by maintaining the starting point and length of individual sections but cutting 

off after the 2nd task block. This specific task regressor was chosen since it showed the 

strongest artifactual (de-) activations in the previous research (i.e., a worst-case scenario). 

The output of this analysis consists of the beta scores of the GLM and the PSC maps, which 

were used for further analysis. For calculation of the GLM  additional regressors for motion 

correction were applied, however for DS2 the necessary data was available for only 44 out of 

50 subjects. As a result, GLM calculation, as well as the following analyses, were performed 

on a reduced subset of DS2. 

Statistical Analysis 

Group level analysis via a one-sample t-test was performed on the beta scores of the fake task 

regressor for each iteration to discern regions exhibiting significant (de-) activations 

consistently across subjects of the DS. This was done with a statistical threshold of p<0.05 

FWE corrected cluster level, following p<0.001 uncorrected voxel level. 

To ensure a more accurate cross-study comparison the t-scores of voxels within each of the 

500 Schaefer parcels were averaged for consequent parcel-wise analysis. The threshold of 

significance was determined (p < 0.001 uncorrected voxel level) and all parcels exceeding it 

were extracted, binarizing the resulting mask. Mean PSC maps across all subjects of a DS 

were calculated and used to determine the mean absolute PSC of all voxels within statistically 

significantly (de-) activated ROIs. Additionally, the mean absolute PSC of all cortical voxels 

over all subjects in the DS was calculated.  

To investigate the spatial distribution of these artifacts the percentage of (de-) activated voxels 

in the cortex was determined. To that end the significantly (de-) activated voxels were extracted 

from the uncorrected t-test. 

This process was repeated with and without the new baseline definition to evaluate its 

effectiveness in potentially reducing artifactual effects that result from a disregard of tracer 

kinetics during baseline modeling.  
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Direct quantitative comparison between the two approaches was done via paired t-tests using 

the beta scores of the GLM and applying the same correction as for the one-sample t-tests 

(p<0.05 FWE corrected cluster level, following p<0.001 uncorrected voxel level). In order to 

best visualize these results, some adaptations were performed. Since the feature of interest is 

the absolute difference between the models (i.e. which model yields overall stronger artifactual 

(de-) activations) it was necessary to account for differences between activation and 

deactivation, which result in positive and negative beta values respectively, by inverting 

affected t-values. Similarly, differences in PSC were investigated by calculating the average 

PSC maps across all subjects for each DS and modeling approach, followed by subtraction of 

the results of the kinetic model from the regular model. Once again, this was corrected for the 

directionality of effects resulting from activations and deactivations. 
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3 Results  

Combined Atlas 

As discussed in section 2, a combined atlas was created, integrating ROIs from the cortex, 

subcortex and cerebellum. It contains a total of 544 ROIs, most of which are located in cortical 

structures.  

  

Figure 7 combined atlas of cortex, subcortex and cerebellum 

 

Clustering 

The mean TACs of the ROIs described by the atlas were then clustered using multiple methods 

and algorithms. Apart from k-means and hierarchical clustering with various linkage and 

distance metrics, DBSCAN and community-based algorithms were also attempted with mixed 

results. The DSs seem to vary with regard to their density structure, complicating density-

based clustering. Ultimately, after comparing resulting maximum probability maps with those 

created from hierarchical clustering, the method was not further pursued, since it showed 

similar, if slightly noisier structures. No adequate results could be achieved through 

community-based clustering. The Silhouette scores and Davies-Bouldin indices from different 

k-means and hierarchical clustering approaches were calculated and compared. 

Since none of the attempted clustering methods produced an acceptable result for all three 

DSs, it was decided to proceed with DS1 and DS2, which showed consistent behavior, 

compared to the results from DS3 which was discarded for further analysis. These 

discrepancies between clustering results might stem from the small sample size of subjects for 

DS3, where outliers might have had a larger impact on the averaged data that was used for 
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this analysis. A further notable difference in this DS is the reduced frame number, as activity 

of the first 5 minutes after [18F]FDG application was not measured in the brain for this 

paradigm. It stands to reason that these influences might play a role in the different clustering 

results. 

DS1 and DS2 showed consistent results for 6 clusters in agglomerative hierarchical clustering 

with Ward linkage and Euclidean distance. Since similar cluster evaluation results were also 

achieved for other approaches, the voxel-wise maximum probability map was calculated for 

multiple algorithms and the results were compared. Visual inspection showed high similarity 

between the patterns and cluster distributions of the resulting maps. Consequently, all 

subsequent modeling was performed only for hierarchical clustering using Ward linkage and 

Euclidean distance.  

The ROI-based clustering result for one representative DS can be seen here:  

 

 

 

Probability Maps 

Relative voxel-wise cluster assignment based on similarity to the cluster centroids resulted in 

6 relative similarity maps. Analysis of the unsmoothed maps revealed multiple clusters 

primarily depicting noise, especially near the edges of brain regions. Applying spatial 

smoothing substantially reduced these noise-related features, resulting in clearer structures. 

The smoothed relative similarity maps using an 8 mm kernel can be seen in Figure 9, once 

again for DS2. It should be mentioned that scales vary across maps, thus a direct comparison 

of similarity distributions throughout Figure 9 is not possible.  

 
Figure 8 ROIs are assigned to a cluster based on hierarchical clustering of DS2 for Ward linkage and Euclidean 
distance with 6 clusters 
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Since clustering is performed on two different DSs the order of cluster labeling is not analogous 

and assignment has to happen manually for a more consistent comparison. A Pearson 

Correlation Coefficient was calculated across all relative similarity maps in order to find those 

of highest agreement, which provided the following relation between DS1 and DS2 for 8 mm 

smoothing: 

 

Table 1 correlation between the corresponding clusters of both DS 

  

Relative 

Similarity 

Map 1 

Relative 

Similarity 

Map 2 

Relative 

Similarity 

Map 3 

Relative 

Similarity 

Map 4 

Relative 

Similarity 

Map 5 

Relative 

Similarity 

Map 6 

 

Pearson 

Correlation 

Coefficient 

 

0.8817 

 

0.9219 

 

0.9363 

 

0.9355 

 

0.9509 

 

0.9496 

  

 

This result highlights the close correlation between the relative similarity maps and, by 

extension, the underlying kinetic distribution. The observation of such high consistency across 

different studies, scanner types, and experimental paradigms reinforces the foundational 

assumptions underlying fPET analysis and is indicative of the method’s robustness and 

reliability. 
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Figure 9 relative similarity maps for all 6 clusters using hierarchical clustering with Ward linkage and Euclidean 
distance for DS2 with an 8 mm smoothing kernel applied; red colors indicate high similarity; scales vary across 
subplots 
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As observed in Figure 10 (a) and (c) there is a high correlation between clusters 1 and 2, as 

well as between 3 and 4, and 5 and 6, despite obvious differences from visual inspection of 

the relative probability maps. While the approach of soft clustering was chosen deliberately to 

best represent fine kinetic variations in individual areas, such high correlation might also 

indicate redundancy in the model. As a consequence, reduction of the cluster count might be 

attempted in the future. That said, this comparison pertains to the similarity distribution and 

clusters might still include valuable kinetic variation.  Correlation persists across DSs, as can 

be seen in Figure 10 (b) which is then row-normalized in (d) to compare how the cluster 

distribution of DS2 can be used to explain that of DS1.  

Although clustering itself can identify regions of similar behavior within a single DS, and the 

comparison of both DSs using the Correlation Coefficient proves similar cluster distributions in 

the brain, the relative similarity maps cannot establish whether those clusters also exhibit the 

same kinetic behavior across DSs. To further investigate the kinetics and to qualitatively 

Figure 10 (a) correlation matrix of relative similarity maps of DS1 (b) correlation matrix of relative similarity maps of 
DS1 and DS2 (c) correlation matrix of relative similarity maps of DS2 (d) correlation matrix row-normalized to 1, 
each row displays relative representation of DS1 explained by DS2; yellow indicates high correlation, dark blue 
indicates low correlation; scales vary across subplots 

a) b) 

d) c) 
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Figure 11 mean TAC of clusters where each colored graph corresponds to the same cluster in both DSs; left 
subplot DS1, right subplot DS2  
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compare the clustering results of both DSs, the mean TAC for each absolute cluster, as given 

by the maximum probability maps, was visualized in Figure 11.  

 

 

 

 

 

 

 

 

 

Evidently, the clusters show corresponding behavior across both DSs, with differences in the 

actual shape of the slope explained by the different infusion protocols since DS1 used a 

constant infusion approach and DS2 applied a bolus + constant infusion. 

Figure 12 highlights the qualitative similarity between clustering results for DS1 (a) and DS2 

(b) (both smoothed with 8 mm Gaussian kernel) which display great overall agreement 

between cluster distributions in the maximum probability map. Furthermore, the effect of spatial 

smoothing can be seen by comparing the unsmoothed maximum probability map (combined 

DS1 and DS2) in (d) with one that is based on relative probability maps that were smoothed 

using an 8 mm Gaussian kernel (combined DS1 and DS2) (c). As discussed before, all 

analyses were done using agglomerative hierarchical clustering with Ward linkage and 

Euclidean distance, providing satisfactory results. Figure 12 (e, f) allows a qualitative 

comparison with different clustering methods. Notably, general cluster structures are largely 

consistent also for k-means clustering using squared Euclidean distance and hierarchical 

clustering with Average linkage and Cityblock distance (cluster results of DS2). It should be 

noted that due to differences in color schemes for these methods, cluster affiliation cannot be 

compared by color the way it is for (a, b, c, d), where each cluster is uniformly represented by 

the same color.  

relative duration of the scan relative duration of the scan 

Mean TAC for DS2 8mm smoothing all clusters Mean TAC for DS1 8mm smoothing all clusters 
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Figure 12 (a,b) maximum probability maps of DS1 and DS2 using 8 mm smoothed relative probability maps, (c) 

combined maximum probability map of DS1 and DS2 using 8 mm smoothed relative probability maps, (d) combined 

maximum probability map of DS1 and DS2 using unsmoothed relative probability maps, (e) maximum probability 

map of DS2 using k-means with Squared Euclidean distance, (f) maximum probability map of DS2 using Average 

linkage and Cityblock distance; note that for (d,e,f) the gray matter mask was not applied and only voxels in the 

original atlas were clustered and for (e,f) the color scheme varies which does not affect the clustering result 

a) 

e) 

f) 

d) 

c) 

b) 
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A quantitative comparison of cluster distribution between DS1 and DS2 was done using the 

binary Dice coefficient. This was implemented by creating binary masks from the 8 mm 

smoothed maximum probability masks of DS1 and DS2 for each cluster and calculating the 

Dice coefficients.  

Table 2 the spatial overlap between clusters of both DSs was determined by calculating the Dice coefficients for 
the binary clusters defined by the maximum probability maps of each DS 
 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 

Dice Coefficient 0.5846 0.6045 0.7037 0.4714 0.4512 0.4519 

 

While the results might be lower than initially expected, this could be explained by the absolute 

nature of the maximum probability map which is in contrast to the notion of soft clustering. As 

demonstrated in the correlation matrices in Figure 10 and the relative probability maps in 

Figure 9, some clusters show similar distributions with many areas having overlapping relative 

similarities. Especially in those areas the cluster assignment of a voxel could be narrowly 

decided between multiple clusters. While the soft clustering model is especially suited to 

capture these slight variations, the maximum probability map cannot account for them.  

Furthermore, some differences are to be expected, owing to the different experimental 

paradigms, limited subject number and different scanners. Comparing Figures 12 (a) and (b), 

also shows substantial discrepancies in cluster assignments in the cerebellum, which could 

potentially introduce notable errors and lead to lower Dice coefficients across clusters.  

Modeling Artifactual (De-) Activations 

The relative probability maps were integrated into the GLM algorithm of the fPET toolbox as 

described in Section 2. An artificial task regressor was introduced and the analysis was 

performed for both DS1 and DS2. Additionally, the PSC maps were created for each subject. 

The GLM produces the corresponding beta scores for the regressor, which were used in the 

following statistical analysis. 

The group-average task effects were obtained for each DS, baseline type, and kinetic 

approach by performing one-sample t-tests on the beta scores of all GLM results to extract 

significant (de-) activation patterns. Significant (de-) activation maps of both baselines and 

DSs, with and without kinetic modeling can be seen in Figure 13. These (de-) activation maps 

correspond to the corrected analysis, as clusters exhibiting below-threshold sizes are excluded 
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to eliminate noise-related effects (p<0.05 FWE corrected cluster level, following p<0.001 

uncorrected voxel level). All consequent analyses were performed on voxels or ROIs of the 

Schaefer atlas, excluding subcortical and cerebellar regions. The transition to ROI-wise 

analysis was implemented by calculating the average t-scores within each Schaefer parcel and 

extracting significantly (de-) activated ROIs exceeding the significance threshold. Mean PSC 

maps were created by averaging over all subjects of a DS, which were then used to calculate 

the mean absolute PSC of all voxels contained in the significant ROIs, providing an indicator 

of effect sizes. The results of this calculation can be seen in Table 3. 

Visual inspection of the regional spread of effects in Figure 13 shows high qualitative similarity 

between analyses for DS2, whereas DS1 exhibits large discrepancies between both baseline 

definitions. This result is again confirmed by the quantitative comparison of activated voxels in 

the cortex in Figure 14. Additionally, (de-) activation patterns of mean TAC baseline modeling 

of DS1 resemble those of DS2, highlighting 3rd order polynomial modeling of DS1 as a clear 

outlier. In general, DS1 predominantly displays activation effects, whereas DS2 is mostly 

affected by deactivation.  
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Figure 13 maps of statistically significant (de-) activations after excluding clusters below size threshold to account 
for noise effects for both DSs with and without kinetic adaptation of the baseline; red areas indicate activations 
blue areas indicate deactivations 
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Table 3 PSC for different baseline models, DSs and ROIs: a threshold for significance was determined using FWE 
correction of the one-sample t-test; average values of voxel-wise t-maps within each Schaefer parcel were 
calculated and those exceeding significance threshold were extracted; the mean PSC map was calculated over all 
subjects of a DS and the mean absolute PSC in significantly (de-) activated parcels was determined, as was the 
mean absolute PSC across all cortical voxels for each DS and modeling method 

  

DS1 significant 
cortical ROIs 

 

DS1 all 
cortical ROIs 

 

DS2 significant 
cortical ROIs 

 

DS2 all 
cortical ROIs 

 
Mean TAC 

baseline, original 
modeling 

9.29 2.68 NA        3.02 

 
Mean TAC 

baseline, kinetic 
modeling 

NA 2.39 NA 2.82 

 
3rd order 

polynomial of 
mean TAC, 

original modeling 

8.85 5.77 NA 3.00 

 
3rd order 

polynomial of 
mean TAC, kinetic 

modeling 

8.63 5.73 NA 2.76 

 

Table 3 describes the results of the comparative analysis of kinetic baseline modeling for 

different DSs and baseline regressors. 

While the effect magnitude in terms of mean absolute PSC remains similar for significantly (de-

) activated ROIs with both baseline regressors of DS1, the mean absolute PSC across all ROIs 

shows a greater effect size for 3rd order polynomial baseline modeling of DS1. DS2 contains 

no ROIs displaying statistically significant levels of artifactual activation or deactivation and 

thus, no mean PSC could be determined. Overall, a consistent decrease in PSC could be 

observed across all DSs and baselines for the kinetic model, however the absolute 

improvement remains small. For the analysis of DS1 with mean TAC baseline definition 

including kinetic modeling the t-scores drop below the significance threshold and no significant 

(de-) activation remains. In order to explore the broader context of these  
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findings, the regional expanse was also investigated, trying to determine the percentage of 

significantly (de-) activated voxels in the cortex.  

The analysis shows a consistent decrease in activation in a voxel-wise environment with kinetic 

modeling. Kinetic modeling of the baseline decreases the spatial effect by a relative average 

of 60.7 ± 7.0 percent for DS1 mean TAC baseline and both baselines of DS2. However, the 

reduction is not as pronounced for mean TAC 3rd order polynomial modeling of DS1. Across 

all implementations a mean absolute reduction of 0.7 ± 0.53 percentage points in voxel (de-) 

activations of the cortex is observed. Once again, a considerable maximum is detected for the 

mean TAC 3rd order polynomial baseline of DS1, which displays a high regional spread of 

erroneous (de-) activations, validating the qualitative analysis of Figure 13.  

While the results of the mean TAC 3rd order polynomial for DS1 are the most prominent, it is 

also important to highlight the difference in the spatial distribution between mean TAC models 

of both DSs. In general, inclusion of kinetic modeling results in little absolute improvement of 

magnitude and quantity of artifactual (de-) activations. 

 

Figure 14 Comparison of spatial spread of significantly (de-) activated voxels within the cortex for different DSs, 
baselines and models 
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Figure 15 differences between original and kinetic modeling: a) paired t-test for each DS and baseline definition b) 
absolute differences between averaged PSC maps for each DS and baseline definition 
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A paired t-test was performed for quantitative comparison between the original and the kinetic 

modeling approaches. Since activations and deactivations result in positive and negative beta 

values respectively, a decrease in deactivation through the kinetic model would be reflected 

as a negative t-value, whereas a decrease in activation yields a positive t-value. This was 

accounted for by inverting all relevant t-values. Additionally, t-maps were thresholded (p<0.05 

FWE cluster level, following p<0.001 uncorrected voxel level) and the resulting modified maps 

are presented in Figure 15. Mean TAC modeling of DS1 showed no significant differences 

between kinetic and regular baseline modeling, whereas 3rd order polynomial modeling 

displayed clearly structured variations. For DS2, the results of both baselines (mean TAC and 

3rd order polynomial) present as similarly unstructured patterns, with regional fluctuations 

implying inconsistent response to the false task regressor.  

The absolute differences between the PSC maps of kinetic and regular modeling were also 

compared, using the average PSC across subjects and applying the modification and 

thresholding described above. This provides a measure of magnitude with which the artifactual 

(de-) activations are increased or reduced through kinetic modeling, since high values are 

indicative of greater differences in PSC between both modeling approaches. Once again, 

structural differences between the two DSs emerge, with DS1 showing clear regionally 

coherent behavior whereas patterns in DS2 appear more randomly distributed. Overall, the 

improvements through the kinetic model reported above are validated despite many regions 

showing significantly stronger (de-) activations. This can be attributed to low effect strengths 

in those areas, whereas regions of improved PSC report a higher absolute impact of the kinetic 

model, especially in the temporal lobe and cerebellum. Notably, voxels actually yielding 

significant (de-) activation effects as previously determined by the one-sample t-test (Figure 

13) were predominantly located in regions where the kinetic modeling leads to improvement, 

especially for spatially coherent (de-) activation clusters. 
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4 Discussion 

Kinetic Modeling 

One aim of this project was to analyze differences in kinetic behavior of various brain regions 

with regard to their glucose metabolism during fPET measurements, in particular to extract 

areas of similar baseline kinetics. In order to effectively investigate the consequences of kinetic 

variability on potential errors in baseline definition it is necessary to assess the spatial 

distribution of these regions. 

To this end, an atlas combining cortical, subcortical and cerebellar areas was created. The 

combined atlas was successfully constructed by integrating the cortex, subcortex, and 

cerebellum from different preexisting atlases and was further used to provide the framework 

for subsequent ROI- and voxel-wise clustering. 

Multiple clustering methods were applied and tested on three independent DSs with varying 

results. To support the decision-making process, multiple validation criteria were applied, both 

to the original and the row-normalized data. Furthermore, the clustering result was used to 

implement a soft clustering model, based on relative similarities to the mean of each cluster, 

which better reflects the nuanced nature of kinetic variation. It stands to reason that a flexible, 

adaptable approach would be best suited to accurately capture the fine variations in kinetic 

tracer behavior, which is thought to influence the baseline error. This way each voxel can be 

individually described by its similarity to multiple baseline regressors. 

Maximum probability maps were created for several approaches and an overall qualitative 

similarity between them was observed, which would imply similar clustering results over 

different algorithms. The kinetic model used in the consequent analysis was based on 

agglomerative hierarchical clustering using Ward linkage and Euclidean distance. Since some 

clusters seemed to include considerable amount of noise, a variation of cluster number could 

also be investigated. The creation of relative similarity maps showed a clear distinction of brain 

structures especially after spatial smoothing was applied, further confirming the validity of the 

clustering approach. Comparisons of relative and maximum probability maps between the two 

DSs indicate strong fundamental similarities in the kinetic behavior during fPET measurement, 

despite considerable differences in acquisition protocols (scanner, radiotracer application, 

scan duration), highlighting the overall robustness of the method. Clustering results of both 

DSs identified comparable structures as regions of similar kinetic behavior. Still, one exception 

to this similarity was the cerebellum, which showed considerable discrepancies. Further 
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investigation of these differences in the cerebellum might be necessary in the future, especially 

if the kinetic model was to be applied in cerebellar regions. Other clustering methods may 

potentially result in a better overlap in this area and improve the overall model. The high 

correlation within and between DSs suggests that kinetic patterns might not show severe 

distinctions but rather display finer region dependent variations. 

 

General Linear Model and Statistical Analysis 

Based on the identification of different kinetics of [18F]FDG in the brain above, the second aim 

was to use this information in order to reduce artifactual (de-) activations in fPET analyses. 

Performing GLM analysis on the available DSs with and without the novel kinetics-derived 

baseline definition was an attempt to effectively account for variations in kinetic behavior and 

integrate this information into the baseline. By introducing an artificial task regressor to a 

resting state / task-corrected DS, it is possible to see erroneous (de-) activations, which were 

suspected to be produced by inadequate baseline modeling. If these effects were to stem from 

kinetic differences in baseline tracer uptake, one would expect significantly reduced effect 

sizes after introduction of the kinetic model. While the performed comparisons do indicate a 

consistent improvement, the overall effect in terms of absolute reduction in magnitude and 

spread remains small. Thus, it can be concluded that previous conventional baseline definition 

only benefits little from additional information concerning regional kinetic tracer behavior. This 

however suggests that the artifactual (de-) activations as observed previously (54) and 

replicated in this work are not caused by baseline misspecification. 

Here, a detailed comparison of the two DSs seems to shed further light on this issue, as the 

most notable result of this work is the difference between the two DSs. Analysis of DS2 resulted 

in no significantly (de-) activated ROIs, which presents a clear contrast to DS1. Moreover, DS1 

showed widespread artifactual activations throughout the brain when modeling the baseline 

with a 3rd order polynomial (replicating the previous analysis (54)). Even the absolute effects 

of kinetic modeling exhibited distinctively different behavior for both DSs, with DS1 showing 

spatially coherent structures and DS2 improving and worsening in a more random pattern. 

These structured patterns in turn suggest, that artifactual (de-) activations in DS1 may indeed 

stem from a physiological basis (spatially coherent effect throughout most cortical regions), 

which is however unlikely for DS2 (spatially random distribution). A possible explanation could 

be the difference in paradigms. Subjects of DS1 were instructed to stay awake with their eyes 

open for approximately 95 minutes with the scan consisting of 30 minutes of non-functional 
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fMRI followed by 6 consecutive 10-minute fMRI scans. Additionally, blood was sampled every 

10 minutes after start of the radiotracer application throughout the whole scan and the line was 

flushed after each sample (55). Recent studies show the prevalence of unstable wakefulness, 

especially during resting state scans, where about 50% of subjects fall asleep already after 10 

minutes (88). This considerably affects brain activation and network function (89). Also, 

[18F]FDG fPET has proven sensitive to subtle metabolic fluctuations during non-REM sleep 

already after 10 minutes (90). Although DS1 does not contain information about wakefulness, 

it is reasonable to assume that subjects were affected by vigilance fluctuations during the 95-

minute scan. Furthermore, the rsfMRI acquisitions and blood sampling were carried out in 10-

minute measurement blocks, with on/off switching of MR scanner sounds and interaction with 

the subject again potentially leading to changes in vigilance in a non-random manner. Crucially, 

the fake regressor in the previous work (and also this thesis to enable comparison) was chosen 

to reflect a 10-minute on/off paradigm. It is therefore possible that such a regressor may simply 

capture the dynamics in vigilance, thereby emerging as seemingly artifactual (de-) activations 

with the applied task regressor. This effect would be especially prevalent in mean TAC 3rd 

order baseline for a constant infusion protocol due to a less linear TAC shape as compared to  

bolus + constant infusion. Any deviation from this 3rd order polynomial fit, for example through 

changes in arousal, might then lead to correlation with the task regressor.  

Since the effects are much less pronounced in the bolus + infusion protocol of DS2, even for 

3rd order polynomial modeling, one might conclude that the combination of constant infusion 

protocol and 3rd order polynomial baseline seems to amplify flaws in the respective methods. 

Another difference of DS2 is that data was not acquired during resting state, but while subjects 

repeatedly performed a challenging cognitive task. This cognitive engagement prevents 

subjects from falling asleep, which was also verified by questioning participants after the scan. 

Designs of future [18F]FDG fPET studies should account for this characteristic and opt for 

bolus + infusion protocols, especially when a 3rd order polynomial baseline model is applied or 

when variations in arousal must be expected such as in resting state paradigms.  

 

Limitations and Further Research 

Although this thesis employed a slightly different implementation of the fPET model as 

compared to previous work (54), the above differences do not seem to be related to variations 

in the analysis pipeline. A qualitative comparison showed particularly similar effects of 

erroneous (de-) activations in the brain, as well as similar maximum values for the mean 
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absolute PSC. Furthermore, the analysis in this thesis was done with a validated toolbox (87). 

Together, this seems to validate the chosen approach. Still, a direct comparison is hindered 

by differences in implementation, as the work of this thesis was based on voxel-wise 

calculations and only adapted to ROI-wise analysis post-hoc, and used different parcel sizes 

and correction approaches. Although integration of tracer baseline kinetics resulted in no 

substantial effect in this global analysis, the created model might prove useful in the future for 

different, region-based applications.  

Fundamentally, the analysis of regional variations in tracer kinetics in this thesis was based on 

a soft clustering approach with one specific algorithm, however the existence of a more 

appropriate approach cannot be ruled out. As discussed before, multiple methods were 

implemented and visual inspection of the consequent result showed sensible cluster 

distribution. Hence, further attempts with more complex methods were not pursued and would 

not have been within the scope of this thesis. Future work could also attempt to improve the 

results using different cluster counts.  

Due to time constraints only one of the regressors analyzed in previous research (54) was 

investigated in this thesis. Still, the chosen regressor represented a worst-case scenario. For 

comprehensive comparison all three regressors will be integrated into future work. Additionally, 

the analysis was performed on the two DSs from which the adapted baseline definition was 

derived. While this could have explained a potential superficially high reduction in erroneous 

activations, the slight effect that was experienced would also be expected for different DSs. 

Furthermore, the utilized DSs differ in study design, infusion protocol and scanner setup, yet 

display high kinetic similarity and subsequently high agreement of the resulting clusters. Still, 

these results could be validated in the future by replicating the analysis on an independent 

DS3.  
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5 Conclusion  

The aim of this thesis was to investigate regional variability of kinetic behavior across the brain, 

reproduce previously observed artifactual (de-) activations and develop a novel kinetics-based 

baseline definition with the intent to rectify these potential artifacts. While qualitative 

comparison to previous research indicates successful replication of the performed analysis, 

only small improvements could be observed for the kinetics-based model, which were however 

consistent. Thus, it seems unlikely that artifactual (de-) activations would stem from baseline 

mischaracterization due to lack of consideration of regionally varying tracer kinetics. Instead, 

a much more considerable difference was noted between the utilized datasets. Overall, 

application of a bolus + constant infusion protocol combined with a task paradigm resulted in 

a substantial reduction of artifactual (de-) activations in terms of spatial spread and magnitude 

of the effects.  
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8 List Of Abbreviations 

PET Positron Emission Tomography 

LOR Line of Response 

CT Computed Tomography 

PMT Photomultiplier Tube 

APD Avalanche Photodiodes 

TOF Time-of-Flight 

MRI Magnetic Resonance Imaging 

SNR Signal-To-Noise Ratio 

[18F]FDG 2-[18F]fluorodeoxyglucose 

[18F]DOPA 3,4-dihydroxy-6-18F-fluoro-L-phenylalanine 

[18F]FET O-(2-18F-fluoroethyl)-L-tyrosine 

[11C]MET 11C-methyl-L-methionine 

fPET functional Positron Emission Tomography 

fMRI functional Magnetic Resonance Imaging  

BOLD Blood-Oxygenation-Level-Dependent  

CBV Cerebral Blood Volume 

CBF Cerebral Blood Flow 

TAC Time-Activation Curve 

CMRGlu Cerebral Metabolic Rate of Glucose 

GLM General Linear Model 

ROI Region of Interest 

AIF Arterial Input Function 

OP-OSEM Ordinary Poisson-Ordered Subset Expectation Maximization 

WB Whole-Body  

RSFC Resting State Functional Connectivity 

rsfMRI resting state functional Magnetic Resonance Imaging 

DBSCAN Density Based Spatial Clustering for Applications with Noise 

OPTICS Ordering points to identify the clustering structure 

HDBSCAN Hierarchical clustering method using DBSCAN 
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