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1. Nuclear Medicine 

Within the field of medical imaging, nuclear medicine relates to imaging techniques that 

provide detailed information about a wide range of biological processes at the molecular and 

cellular level. In contrast to conventional medical imaging modalities such as x-ray, computed 

tomography (CT), and magnetic resonance imaging (MRI), which produce excellent 

anatomical images, nuclear medicine allows for the in vivo visualization and analysis of the 

underlying physiology and tissue function.  

In order to provide such functional images, nuclear medicine involves the administration 

of trace amounts of a radiolabeled compound (or radiotracer) to diagnose and characterize 

disease states. After injection, the radiotracer circulates and distributes through the body. The 

ensuing distribution is determined both by the pharmaceutical properties of the compound and 

by the (patho-)physiology of the tissue under investigation. At the same time, its radioactive 

part decays and emits energy in the form of gamma rays. These gamma rays are detected by a 

camera and this information is used to reconstruct an image of the distribution of the tracer in 

tissue. One of the greatest advantages of nuclear medicine is the large selection of available 

radiotracers, which allows this imaging technique to target specific biological targets or 

processes, and to study several distinct mechanisms underlying disease.  

Although other modalities and areas of application are within the range of nuclear 

medicine techniques, this thesis focuses on Positron Emission Tomography (PET) imaging of 

the brain.  

2. Positron Emission Tomography 

As the name implies, PET imaging is based on the radioactive decay by positron 

emission. In short, the emitted positron combines with an electron in a process called 

annihilation, which results in the generation of two gamma rays of equal energy and opposite 

direction. The PET system detects these two opposing gamma rays (coincidence detection) and 

thus knows on which line the original decay occurred, although the exact position remains 

unknown. By combining the measurement of many coincidences, the system can reconstruct 

the 3D distribution as a function of time. As PET scanners use a full ring of detectors and the 



 

 

use of collimators is not required1, PET has several advantages with regard to normal single 

photon emission scanners, including a better signal-to-noise ratio and higher spatial resolution. 

Perhaps more importantly, PET images can be corrected for physical effects such as photon 

attenuation, randoms and scatter. As a result, the information on radioactivity concentration 

available from PET images can be accurately measured, and the biological processes under 

study can be analyzed in a quantitative manner. Moreover, in combination with anatomical 

information from other imaging modalities, the quantitative 3D functional information of PET 

can be accurately localized and related to specific structures. 

Since the distribution of the radiotracer within the body is a dynamic process, 

understanding its kinetic behavior is important, as it will differ depending on the underlying 

biological process and the physiological state of the patient. With dynamic PET imaging, it is 

possible to follow the course of a radiotracer in tissue over time, and time-activity curves 

(TACs) of different tissues can be derived and analyzed (Figure 1). Based on a first concept of 

the expected biological outcome of the radiotracer in a certain tissue, mathematical models can 

be defined in order to explain the observed TAC. As a consequence, quantitative parameters 

can be estimated from these models and related to specific biological processes, thereby 

objectively characterizing the condition under study. The corresponding model parameters can 

relate to several functions, such as tissue perfusion2, metabolism3, neurotransmitter release4, 

receptor density5, among others. However, this unique and quantitative character of PET is not 

always explored to its full potential.  

 

 



 

 

 

Figure 1. Graphical representation of time-activity curves of different tissues, which can be recorded by a PET 
scanner over time. From the profile of a TAC it is possible to understand the underlying biological process. For 
example, the TAC of the tissue 1 displays a low perfusion, in the beginning of the scan, but the tracer becomes 
trapped with time. On the other hand, the TAC of tissue 2 shows a highly-perfused tissue, but the tracer is not 
retained. 

 

In the context of clinical diagnostic routine, for example, physicians mostly rely on 

visual assessment for the interpretation of PET images. Normally, this is done by acquiring a 

static image after a certain period of tracer uptake in tissue, providing a snapshot of the 

underlying kinetic profile. The concept behind late static scanning is based on the assumption 

that, at that moment, the observed PET signal in the tissue of interest is mostly determined by 

the fraction of the tracer which represents the underlying process of interest. However, a more 

detailed and quantitative assessment might be required when information about multiple states 

is required, or when late static scan does not properly correspond to the state of interest. This 

may be essential when evaluating disease progression, treatment response, or when subtle 

physiological changes, which may not be dominating the signal in a late phase of the tracer 

uptake, need to be extracted. In those cases, the quantitative analysis of PET images can provide 

specific and objective information on disease mechanisms.  

However, there is a clear gap between the practical and short imaging protocols 

preferred for daily clinical routine and the requirements of full quantitative PET analysis, 

despite its great potential. To bridge this gap, we first need to understand the concept of 

pharmacokinetic PET modeling and then consider potential simplifications. 



 

 

2.1  Quantitative PET imaging: pharmacokinetic modeling and the need for 

simplified methods 

In simple terms, PET imaging can be understood as an input-output system. As input, 

we have the delivery of the radiotracer to the different tissues, which can be characterized by 

the radioactivity concentration in the plasma, for example, and as output, the radioactivity 

concentration in tissue measured by the PET camera. The goal of a quantitative analysis is to 

measure and characterize the system responsible for transforming the input into output, i.e., 

the underlying biological process of interest. For that purpose, a model is defined and applied 

to the data and, based on the model and the measured input and output, quantitative 

parameters can be derived and subsequently related to the biological process. In PET data 

analysis, this is done by pharmacokinetic modeling, and the most common approach is the use 

of compartment models6.  

Compartment models describe and characterize systems which vary in time, but not in 

space7. This is especially useful for the analysis of PET data, since the total radioactivity 

concentration measured from each image voxel is a sum of tracer concentrations in different 

tissues and physiological states. In this context, different compartments can describe the 

different specific states in which the radiotracer can be found, e.g., unbound in plasma, 

unbound in brain tissue, metabolized, or bound to a specific receptor8 (Figure 2). After fitting 

a model to the measured data, the resulting parameters and combinations can be related back 

to specific biological events, allowing a detailed understanding of the underlying physiology. 

Another important advantage of kinetic modeling is that it can derive quantitative parameters 

of interest based on individual input functions. In that way, this type of analysis does not assume 

equal input functions between subjects, and can accurately account for between-subject 

variations.   

 



 

 

 

Figure 2. Left: Schematic representation of two compartments in a tissue of interest (C1 and C2), and the rate of 
tracer exchange between them as well as from/to plasma. Right: The total signal in tissue and its decomposition in 
the different compartments, as a result of the modeling process. 

 

However, the dynamic character of the system under study and the kinetic profile of the 

tracer often require long image acquisition protocols for accurate pharmacokinetic modeling9. 

Moreover, obtaining the input function can be challenging, as arterial blood sampling is 

invasive and uncomfortable for patients, and in the case of animal studies, the extraction of the 

necessary amount of blood can lead to the termination of the animal and complicate 

longitudinal study designs10. As a consequence, the need for long acquisition protocols and 

arterial blood sampling represent important challenges in most settings - clinical and 

preclinical. In order to provide alternatives to minimize these challenges, a number of 

approximations and simplifications have been proposed and are widely applicable. Here, we 

will focus on avoiding the need for arterial blood sampling and reducing overall image 

acquisition time. 

Avoiding arterial blood sampling 

Common alternatives for the measurement of an arterial input function include image 

derived input functions11, population based input functions12 and the most frequent in brain 

PET imaging, the use of reference regions13. The use of reference regions as indirect input 

functions is based on the assumption that target and reference regions share a common non-

specific tracer uptake, and that the reference region does not display the behavior which is 

characteristic of the target tissue, i.e., the expression of specific receptors or neurotransmitters 



 

 

of interest, for example. Under these assumptions, reference based models relate the tracer 

kinetics in reference and target regions to indirectly obtain information over the tracer delivery, 

serving as input function for the pharmacokinetic model (Figure 3). Unfortunately, reference 

tissue modeling is not always possible, since many radiotracers are not receptor specific, and 

some receptors are not restricted to particular anatomical regions. Regardless of the method for 

the measurement of an input function, these alternatives reduce invasiveness and simplify 

analysis, but may still require dynamic scanning.  

 

Figure 3. Schematic representation of the different compartments in a reference tissue based model. The target 
and reference tissue exchange tracer with the plasma in a similar way, while the reference tissue does not display 
the compartment of interest present in the target tissue (C2).  

 

Reducing image acquisition time 

Since long image acquisition protocols are not only costly but also reduce the patient’s 

comfort, static imaging is frequently preferred. The most known metric extracted from static 

images is the Standard Uptake Value (SUV).  

The SUV is a parameter which normalizes the radioactivity concentration in a certain 

region by the injected activity and the patient’s body weight, according to Equation 1. As such, 

it facilitates comparisons between subjects, within subjects, and across different studies. It can 



 

 

also enable the construction of standardized thresholds for diagnosis and the assessment of 

disease progression, for example. 
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Equation 1. Equation to calculate SUV from the PET measurement. CPET is the radioactivity concentration 
measured in the PET image, and the injected dose is the amount of radioactivity administered to the patient. The 
SUV is then expressed in g/mL. 

 

 

Static imaging is, by definition, a snapshot of a dynamic process, and the 

correspondence between SUV and the underlying biological process will depend on the time 

chosen for image acquisition. Since different compartments display distinct kinetic profiles, the 

contribution of each compartment to the overall signal and total SUV is also a function of time 

(Figure 4). What is important to understand is that SUV is not able to decompose the PET signal 

into the contributions from the different compartments. As a consequence, the success of SUV 

in many settings is related to the concept of late imaging. The idea behind determining late 

static SUVs is that, for some tracers, the PET signal at late frames is mostly dominated by the 

specific component. In that case, a late SUV will highly correlate with quantitative parameters 

describing specific tracer uptake and serve as surrogate parameter for full pharmacokinetic 

modeling.  

 

 



 

 

 

Figure 4. Representation of the composition of a SUV value as seen in different TACs. (a) An example of a TAC 
of a tracer with a signal dominated by the specific compartment. Taking the SUV at t1 does not differentiate 
between specific and non-specific, while determining the SUV at t2 provides a value which is closely related to the 
specific component and can be used as surrogate parameter for specific binding. (b) Example of a TAC which does 
not provide a SUV determined by the specific component for either of the time points t1 or t2. In this case, a late 
SUV is not a good surrogate for specific binding.   

 

However, a strong relationship between SUV and a kinetic parameter of interest is not 

always possible, as some tracers might not display a signal clearly dominated by specific uptake 

at a late phase, for example. In addition, the kinetics of two independent tissues of interest might 

be different, which might compromise the use of one late static scan to analyze several tissues. 

Moreover, SUV has been known to be affected by several factors, both technical and biological, 

limiting its direct use in most study designs14. In fact, SUV is dependent on the clearance of the 

tracer by the kidneys, for example, and it is also affected by changes in tissue perfusion or blood 

flow. Moreover, SUV does not take into account individual variations in input functions, which 

can result in increased variability in group comparisons or longitudinal studies. In fact, these 

are the reasons why SUV is sometimes referred to as a semi-quantitative metric. 

To overcome some of these drawbacks, a ratio between target and reference tissue SUVs, 

called the SUVR, is also frequently used. This metric is mostly used for receptor studies, as it 

has the advantage of normalizing the radioactivity concentration by the non-specific activity in 

a reference tissue. Moreover, when concentration of receptor-bound tracer is at its peak 



 

 

(transient-equilibrium), SUVR is directly related to the binding potential15. Although useful, 

SUVR can still be affected by regional changes in perfusion, for example, and as is the case of 

SUV, SUVR is still slightly dependent on the acquisition time. Moreover, as is the case for 

reference modeling, SUVR is not applicable when a reference region is not available.  

It is important to notice that these simplified metrics are both constrained by variations 

in perfusion and individual input functions, for example. Such variations can be related to 

systemic changes in metabolism, which may vary not only per subject and condition, but also 

over time, potentially affecting the use of SUV and SUVR in longitudinal studies. Therefore, 

although SUV and SUVR do represent simple and attractive alternative parameters for large 

studies and daily clinical practice, they remain approximations to a full pharmacokinetic 

quantification of PET data.   

Nonetheless, both metrics are also frequently applied to preclinical and clinical PET 

studies, and more complex study designs and analysis methods such as kinetic modeling are 

still very limited in that setting. 

2.2     Pharmacokinetic modeling of PET images in animal studies 

Recently, a lot of effort has been put into bringing quantitative analysis into small animal 

PET imaging studies. These efforts were mainly driven by the development and technical 

improvements of small imaging PET systems16. This is important if preclinical studies are to 

fully reach their potential in terms of sensitivity, specificity and reproducibility when providing 

physiological information on disease mechanism and drug development. Moreover, exploring 

the analysis of preclinical PET images to its fullest could only improve the translation of animal 

study findings to the clinical setting.  

Since several models and image analysis techniques have been available and successfully 

implemented in human studies, it may seem natural to directly translate them to the preclinical 

setting. However, physiological variations between species and technical differences between 

PET systems can both influence the applicability and performance of pharmacokinetic 

models16. As a consequence, direct translation between the two environments is not advisable, 

and a validation of the models under different conditions should, ideally, be performed for each 



 

 

species. In fact, this is generally the case when translation is done from the preclinical to the 

clinical setting. This direction of translation is also the most frequent, as the evaluation of 

pharmacokinetic models and analysis methods generally coincide with the development of new 

radiotracers. However, some radiotracers are directly applied in humans due to being 

previously established as medication compounds. Unfortunately, when such a direct 

introduction of radiotracers to the clinical setting happens, back-translation is frequently 

forgotten. Yet, the analysis of small animal PET imaging studies would certainly benefit from 

such validations. Ensuring the translation of models and analysis techniques from human to 

animal studies would mean preclinical studies could share the same advantages in terms of 

sensitivity and specificity that many complex human PET studies have. Moreover, it is 

important to notice that simple and semi-quantitative metrics can only serve as alternatives for 

pharmacokinetic modeling after careful validation, as a valid simplification can only derive 

from complexity.  

3. Thesis aim 

In an ideal scenario, models for the quantification of brain PET images would allow the 

estimation of physiological information from dynamic processes while maintaining the 

simplicity of static imaging protocols necessary for the clinical routine. In addition, quantitative 

methods previously validated for human studies should also be validated and implemented for 

animal studies. In that way, the preclinical setting would be able to benefit from a wider range 

of quantitative image analysis methods.   

With this in mind, this thesis aims at addressing some of the challenges in quantitative 

brain PET imaging. In particular, the goals were twofold: 1) to develop and test protocols 

derived from pharmacokinetic models which significantly reduce the scanning time while 

maintaining quantitative accuracy, and 2) to translate quantification methods and 

approximations used in human studies to the preclinical framework. 

4. Thesis outline 

For the first goal, this thesis presents two studies. Chapter 2 presents a dual-time point 

approximation of the Patlak graphical analysis. This approximation can be applied for 



 

 

irreversible tracers with a reference tissue to obtain the dynamic parameter $% (trapping rate) 

using only two short static scans. The proposed method was validated for [18F]FDOPA, a 

radiotracer used, among others, to study Parkinson’s Disease17. Chapter 3 utilizes a similar 

approach for the analysis of reversible tracers in the context of dose occupancy studies18 and 

aims at eliminating the need for a dynamic scan during the post-dose phase of the study, thereby 

reducing the overall image acquisition time. It was validated for a drug dose occupancy study 

with [11C]raclopride, a radiotracer targeting the dopamine D2 receptors 19.  

For the second goal, three studies are presented. Chapter 4 evaluates and validates the use 

of a reference tissue based quantification approach for the analysis of [11C]flumazenil binding 

in the rat brain. Since this approach has only been applied in clinical studies so far20, our study 

was designed to validate its use in rats, and in particular, in a model of neuroinflammation. 

Using a subset of the data of Chapter 4, Chapter 5 determines the performance of several 

quantification methods for the analysis of [11C]flumazenil binding in the rat brain. For this 

study, a more comprehensive comparison between models was performed, including not only 

reference tissue models, but also models using an arterial plasma input function. Finally, the 

search for an optimal model for the analysis of [11C]flumazenil PET imaging of the rat brain was 

extended to parametric methods, which provide a map of specific quantitative parameters, with 

a parameter value for every image voxel. For that purpose, Chapter 6 investigates the 

performance of various methods for the generation of parametric images of [11C]flumazenil 

binding in the rat brain and compares the different methods with the model of choice, 

previously determined in Chapter 5.  

Finally, Chapter 7 summarizes the findings of this thesis, and Chapter 8 presents the 

reader with some overall discussion and future perspectives on brain PET quantification.  
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Introduction 

Positron Emission Tomography (PET) provides quantitative information on 

physiological processes and functional tissue characteristics. The underlying mechanisms of 

PET tracer binding can be described by compartmental models. However, a model accounting 

for all states of tracer binding is often too complex and unpractical in a clinical setting. 

Therefore, model simplifications are essential to provide stable and reliable quantitative 

endpoints while reducing the acquisition time and/or avoiding invasive procedures such as 

arterial blood sampling. Especially for PET tracers which bind irreversibly and often require 

relatively long acquisition times, reducing the scan duration can be imperative to improve 

patient comfort and clinical applicability. 

The Patlak Graphical Analysis1 (PGA) is a non-compartmental approach to quantify 

irreversible tracer binding by estimating the metabolization, influx or trapping rate constant of 

the tracer ($%). PGA uses the tracer concentration in arterial plasma as input function, and 

assumes that at some time point post injection an equilibrium is reached between the non-

specific, reversible tracer binding in the target tissue and the plasma activity levels. From that 

time point, the Patlak plot becomes linear and the slope of the linear part corresponds to $%. If 

a tissue devoid of specific tracer binding or metabolism is available, it can be considered as a 

reference tissue. The tracer uptake in this reference tissue can therefore be used as an input 

function for PGAREF, avoiding the need for arterial blood sampling2. Despite the fact that 

quantifying irreversible tracer binding using PGA or PGAREF is rather straightforward, 

irreversible tracer kinetics are often quantified by one static scan at a late time point post 

injection (p.i.). This approximation reduces the scanning time, therefore increasing cost 

effectiveness and patient comfort while minimizing motion artifacts. Tracer uptake values of 

this static scan can be converted to Standardized Uptake Values (SUV)3 by normalizing for 

injected dose and patient weight. They can also be normalized to the tracer uptake in a reference 

tissue or to blood activity levels, yielding SUV ratio values (SUVR)4,5. However, quantification 

using one static scan at a fixed, late time point p.i. has several drawbacks, extensively described 

for oncological [18F]-FDG6,7 PET imaging. Amongst the most important limitations are the 



 

 

dependency of the quantification on the imaging time point p.i.3 and the lack of direct 

information on the trapping or metabolization rate8 of the tracer. 

To overcome the limitations of a SUV based quantification, a dual time point (DTP) 

method was proposed for [18F]-FDG PET imaging9 as an approximation for PGA. The DTP 

method estimates $% using the tissue tracer concentration and blood activity levels of two late 

static scans. Therefore, it potentially reduces acquisition times and increases patient comfort 

while providing equivalent quantitative information. We extended the previous DTP method 

to a reference tissue approach (DTPREF) such that PET imaging of irreversibly tracer binding 

could also benefit from a DTP quantification when a reference tissue is available. 

[18F]-FDOPA10 is a PET tracer with irreversible binding characteristics and well-

established for the diagnosis and progression assessment of Parkinson’s Disease (PD)11, a 

disorder characterized by the loss of presynaptic dopaminergic neurons. After entering the 

brain, [18F]-FDOPA is decarboxylated into [18F]-dopamine and trapped in the presynaptic 

vesicles. Nonetheless, a small fraction of [18F]-dopamine is metabolized and excreted from the 

brain. In addition, an [18F]-FDOPA metabolite formed in plasma is able to cross the blood-brain 

barrier and enter the brain. Due to its complex metabolic pathway and the presence of 

metabolites, [18F]-FDOPA has been quantified by several models12–16, each of them focusing on 

specific parts of the tracer kinetic profile. However, for the first 90 min after injection, [18F]-

FDOPA is considered to bind irreversibly17, with PGA being widely applied for its 

quantification. Moreover, the occipital cortex can be used as a reference tissue representing the 

reversible and non-displaceable uptake of [18F]-FDOPA in brain tissue and enabling the use of 

both PGAOCC and SUVR approaches12. More specifically, the striatal uptake of [18F]-FDOPA 

relative to the occipital cortex is denoted striatal-to-occipital ratio (SOR). 

The present study had two goals. The first goal was to derive a DTPREF method based on 

a reference tissue approach and validate this method for the quantification of [18F]-FDOPA 

brain scans using the occipital cortex as reference region (DTPOCC). The second goal was to 

evaluate the performance of the DTPOCC model in differentiating patients with Parkinson’s 

disease from healthy controls. For this purpose, the DTPOCC approach was compared to the 



 

 

standard PGAOCC model using a full dynamic PET scan and to the clinically relevant SOR using 

a late static PET scan. 

Material and Methods  

Theory 

Similar to the approach of van den Hoff and colleagues9, we derived the DTPREF method 

directly from the PGAREF equations. PGAREF describes the tissue tracer concentration at a 

specific time point � post-injection (p.i.) using a reference tissue model as follows2: 

 

&'�(�
&)�(� = $%

*�+ , &)�-�.
/ 0-

&)�(� + �*                          (1) 

 

with 	���� and 	*��� the tracer concentration in target and reference region, 

respectively. $%
*�+ represents the influx rate $% relative to the non-displaceable and reversible 

tracer binding under the assumption that the ratio of rate constants describing tracer exchange 

between plasma and brain tissue is identical for target and reference tissue. �* is the apparent 

distribution volume of the non-displaceable and reversible tracer binding in the target tissue 

relative to the reference tissue. Hence, PGAREF plots the ratio between target and reference tissue 

uptake (SUVR) as function of a “Reference Patlak time” (RPT), which corresponds to the area 

under the time activity curve of the reference tissue, normalized to its instantaneous tracer 

concentration. 

If we can assume that from a time point �∗ p.i. the tracer concentration in the reversible 

and non-displaceable compartment of the target tissue and the tracer concentration in the 

reference tissue both follow the plasma concentration, their ratio becomes constant. Once this 

equilibrium is reached, the PGAREF plot becomes linear and its slope represents $%
*�+. As a 

result, the tracer uptake at two time points �3 > � and �5 > �3 p.i. can be described as:  



 

 

 

���6��3� = $%
*�+678��3� + �*     (2) 

���6��5� = $%
*�+678��5� + �*     (3) 

 

Subtracting Equation (2) from Equation (3) and isolating $%
*�+ yields: 

 

$%
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*
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The nominator terms of Equation (4) can be estimated directly from two static scans 

acquired at time points �3 and �5. The first integral term in the denominator can be expanded 

as: 
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The second term of equation (5) can be estimated from the same two static scans by a 

trapezoid approximation. However, the first term involves 678��3�, which is also explicitly 

present in Equation (4) and which requires information on the tracer uptake from the start of 

the scan until the first time point �3. Under the assumption that for this time interval inter-

patient variability of the normalized area under the curve of the reference tissue is sufficiently 

small, a population based average can be used as an approximation for the individual 678��3�. 



 

 

Consequently, once the population 678BBBBBB��3� is determined and Equation (5) is computed, the 

influx rate constant can be determined using a DTPREF method as: 

 

$C�

*�+ = 9:;*�(<�=9:;*�(>�

*
��(<�=*
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The application of this method requires only 1) the tracer concentration in the target 

and the reference tissue from two static scans at different time points �3 and �5 p.i. and 2) a 

population based average 678BBBBBB��3� for the first time point �3. 

[18F]-FDOPA dynamic PET study 

Data from 18 subjects included in a clinical study performed at the University Medical 

Center Groningen (UMCG) were retrospectively analyzed. Written informed consent was 

obtained according to the 1964 Helsinki declaration and its later amendments, and the original 

study was approved by the local medical ethics committee. As it comprised a retrospective 

study, formal consent for the present analysis was not required. Subjects were referred to the 

UMCG and divided into three groups: healthy controls (HC) (n = 5), clinically diagnosed 

Parkinson’s Disease patients (PD) (n = 8), and patients without a clear clinical diagnosis (n = 

5). The latter group will be referred to as ‘undiagnosed’ (UD) throughout this paper. Patients in 

the PD group were diagnosed by a movement disorders specialist according to clinical 

consensus criteria18. 

Subjects fasted for a minimum of 4 h before the start of the scan and 2.5 mg/kg of 

carbidopa was administered orally. One hour after the carbidopa administration, subjects 

received an intravenous bolus injection of 200 MBq of [18F]-FDOPA and were positioned in the 

high-resolution ECAT EXACT HR+ PET scanner (Siemens Healthcare, Erlangen, Germany) 

for a 2 h dynamic 3D PET acquisition started at time of injection. [18F]-FDOPA was prepared 



 

 

in the radiochemical laboratory of the University Medical Center Groningen according to a 

previously described synthesis protocol19.  

Image Processing 

Individual PET data was corrected for scatter and randoms while a separate ellipse 

algorithm was used to correct for attenuation. Dynamic data was reconstructed using Direct 

Inverse Fourier transformation (DIFT)20 and consisted of 21 frames (10 x 30 s, 3 x 300 s, 4 x 600 

s and 4 x 900 s). All image post-processing was performed in PMOD (PMOD 3.3 Technologies 

Ltd, Zurich, Switzerland). First, motion correction was applied by using a weighted summation 

of the first 13 frames as reference for the rigid matching of the remaining, individual frames. 

Next, each dynamic PET dataset was spatially normalized to MNI space using an in house 

developed [18F]-FDOPA specific brain template. Optimal transformation parameters were 

determined for the last 15 min time frame and subsequently applied to the dynamic dataset. A 

set of predefined volumes of interest (VOIs) derived from the Hammers atlas21 was applied to 

the dynamic data and time activity curves (TACs) for the caudate nucleus, putamen and 

occipital cortex (reference region) were generated. Left and right sides of caudate and putamen 

VOIs were analyzed separately, since lateral differences in tracer kinetics can be observed within 

a single subject22. 

Image Analysis 

First, PGAREF was applied to all dynamic datasets, with the occipital cortex as reference 

tissue (PGAOCC). Three different intervals were used to determine the PGAOCC derived influx 

constant ($%
DEE). The starting point t* for the PGAOCC analysis was fixed at 40 min p.i. to ensure 

that equilibrium was reached between plasma and non-displaceable, reversible tracer uptake, 

and the fitting was indeed restricted to the linear part of the PGAOCC plot. Three different 15 

min frames starting at 75, 90 and 105 min p.i. were used as end point for the PGAOCC analysis. 

Values for $%
DEE  obtained from PGAOCC were referred to as $%

DEE�40 − X�, with X representing 

the start of the 15 min frame at 75, 90 or 105 min p.i. These estimates were considered as ground 

truth for method comparison. For $%
DEE�40 − 90� values, corresponding �* estimates were also 



 

 

reported for the caudate nucleus and putamen. To focus on the differences between the two 

striatal regions, data of the left and right hemisphere were pooled. 

Second, corresponding $C�

DEE  values were determined using a dual time point approach 

(DTPOCC) with the 10 min frame at 40 min p.i. as the first frame and three different 15 min 

frames starting at 75, 90 and 105 min p.i. as the second frame. Results were referred to as 

$C�

DEE �40 − X� with X representing the start of the 15 min frame at 75, 90 or 105 min p.i. For 

each dataset, the 678BBBBBB��3� of the occipital cortex at 40 min p.i was estimated by a population 

based average using the Leave One Out approach23 (LOO), such that the individual 678��3� of 

each subject was excluded from the average value. To assess the validity of this approach, we 

evaluated the relative variability of 678��� as function of time � p.i.. 

Finally, individual scans were also quantified using the SOR(X) of a single frame with X 

representing each of the three 15 min time frames starting at 75, 90 or 105 min p.i. respectively. 

In this way, SOR data were matched with the PGAOCC and DTPOCC analysis.  

Statistical Analysis 

DTPOCC and SOR quantification were compared to PGAOCC using linear regression and 

Pearson correlation analysis. A Bland-Altman plot was applied to analyze the agreement 

between PGAOCC and DTPOCC. Linear regression, Pearson correlation and Bland-Altman 

analysis were performed on all datasets, including HC, PD and UD data. Finally, a linear 

discriminant analysis (LDA) was conducted to investigate whether there were differences 

between methods when classifying subjects as HC or PD. The LDA was applied to PGAOCC and 

DTPOCC using the 40 to 90 min interval and to SOR using the 15 min frame starting at 90 min 

p.i. In this way, it was possible to compare results with literature data12. Left and right 

$%
DEE�40 − 90� values and the corresponding �* values of the two striatal regions were 

compared with a paired t-test.  

To assess the effect of using a heterogeneous population based 678BBBBBB��3� (n = 18) for the 

individual quantification of an incoming undiagnosed subject, we performed a two-step 

analysis. First, a non-parametric independent samples test (Mann-Whitney U) was used to 



 

 

compare  678��3� values between the HC group and the group of PD patients. Next, another 

Mann-Whitney U test was performed to compare 678BBBBBB��3� values between the group of pooled 

HC and PD subjects (n = 5 + 8) and the UD group (n = 5). Moreover, individual 678BBBBBB��3� were 

compared to the corresponding LOO 678BBBBBB��3� by means of a Bland-Altman analysis. For these 

analyses, �3 = 40 min was used. 

Results 

Representative Patlak plots using the occipital cortex as a reference region are presented 

in Figure 1 for both HC and PD, with the Patlak plots of the PD patient displaying a modest 

lateralization for the putamen. PGAOCC showed no significant differences between left and right 

$%
DEE�40 − 90� values for both striatal regions (p = 0.13 for the caudate and p = 0.89 for the 

putamen). Corresponding �* estimates were 0.99 ± 0.21 and 1.36 ± 0.11 (mean ± standard 

deviation) for caudate nucleus and putamen respectively. �* values were significantly different 

(p < 0.001) between the two striatal regions. 

Corresponding dual time point $C�

DEE  values showed excellent correlation with $%

DEE for 

all regions (R2 > 0.94), as can be seen in Figure 2. Moreover, the slope of the linear regression 

analysis was close to one for all intervals and regions (Table 1). For all intervals, $C�

DEE  estimates 

for putamen demonstrated slightly better correlation with $%
DEE  when compared to 

corresponding caudate estimates. The results of the Bland-Altman analysis were in agreement 

with the linear regression analysis, showing a region-dependent bias for the $C�

DEE  estimates. 

The range of the 95 % limits of agreement of the Bland-Altman analysis was relatively large, but 

the average bias remained under 7 % for all regions (Table 2).  

Figure 3 represents the variability of 678��� relative to the population average value as 

function of time � p.i.. The values for  678�40� were 50.1 ± 0.3, 46.3 ± 0.2 and 49.4 ± 0.1 for 

the HC, PD and UD group respectively (median ± interquartile range). There was a significant 

difference (Mann-Whitney U(13) = 3, z = -2.4, p = 0.011) between 678�40� values of the HC 

group and PD group. However, these differences remained small (7.9 % average difference). In 

addition, there were no significant differences between 678�40� values of the combined group 

of HC and PD subjects and those of the UD group, with a Mann-Whitney U(18) = 42, z = 0.93, 



 

 

p = 0.38. The Bland-Altman analysis between individual 678�40� and corresponding LOO 

678BBBBBB�40� values demonstrated an excellent agreement between the estimates (0.16 % average 

bias). The 95 % limits of agreement indicated a percentage difference ranging from -12.4 % to 

12.38 %. However, this range was primarily determined by one outlier with an individual 

678�40� of 58.4 and a corresponding LOO 678BBBBBB�40� of 48.4. 

 

Figure 1. Representative PGAOCC plots for a HC (A) and a PD (B) patient. Solid gray lines indicate the fitting interval (40 min - 90 min). 
For each region, the PGAOCC fits are represented by solid black lines (left hemisphere) and dashed lines (right hemisphere). 

 

Figure 2. Comparison of the trapping rate estimated via DTPOCC ($C�

DEE ) and via PGAOCC ($%

DEE) for all striatal regions and for the three 
different intervals using linear regression analysis. R2 values are similar for all regions and intervals (R2 > 0.94), although a larger variability 
is seen for the  40 min - 90 min interval (B) compared to the 40 min - 75 min (A) and 40 min - 120 min (C) interval.  

Overall, a good correlation was found between SOR and $%
DEE values (Figure 4). For the 

putamen, SOR showed an excellent correlation with $%
DEE  estimates, especially for the 15 min 

frame starting at 105 min p.i. (R2 values of 0.96 for the left putamen and 0.94 for the right 

putamen), while SOR values based on the two earlier frames presented a lower correlation with 



 

 

$%
DEE  estimates. For the caudate region, SOR generally displayed a lower correlation with the 

standard PGAOCC approach compared to the putamen (Figure 4), although correlation 

improved with a later start time of the SOR frame. However, improvements were only modest, 

with R2 values increasing from 0.36 to 0.56 for the left caudate and from 0.32 to 0.63 for the 

right caudate when the start time of the SOR frame was changed from 75 to 105 min p.i.. 

All three methods were able to classify HC and PD correctly (100 %). While the 

discriminant function (F test) did not suggest any significant differences in discriminative 

power between the three methods, the F ratio of the LDA proved to be region dependent (Table 

3). The left putamen showed the highest discriminative power for all three methods 

($%
DEE�40 −  90�: F = 69.8, $C�


DEE �40 −  90�: F = 62.2 and SOR(90): F = 80.6) while the left 

caudate nucleus displayed the lowest values. For all methods, an overlap of the quantitative 

endpoints between the HC and PD group can be observed for the caudate nucleus, but not for 

the putamen (Figure 5). 

Discussion 

Although dynamic PET imaging may contribute to a more comprehensive 

understanding of underlying physiological processes, simple and short acquisition protocols 

are more suited for clinical routine24. Consequently, static PET scans at late time points after 

tracer injection are favored over long dynamic scanning protocols. However, static scans do not 

provide dynamic information, which might be of importance for detecting subtle changes 

during treatment or for monitoring disease progression. A dual time point approach aims at 

bringing together the advantages of static PET imaging with the ability to estimate the 

appropriate quantitative dynamic parameters. This study extended the mathematical derivation 

of a dual time point approach previously developed for [18F]-FDG9 to a reference tissue model 

DTPREF for quantifying irreversible tracer binding. Its implementation is simple and utilizes 

only 1) two static scans at different time points p.i. and 2) a population based average of the 

normalized area under the curve of the tracer uptake in the reference region for the time interval 

between the start of the scan and the first time point p.i. Based on the information of two static 

scans, DTPREF has as its main outcome the influx or trapping rate constant $C�

*�+ of the tracer, 



 

 

which is a direct approximation of $%
*�+. As the DTPREF approximation is applicable for PET 

tracers such as [18F]-FDOPA, this approach was validated for [18F]-FDOPA brain PET imaging 

using a heterogeneous group of healthy controls, probable PD and undiagnosed patients.  

Table 1. Results of the linear regression analysis between $C�

DEE  and $%

DEE for all regions and intervals. The linear fits are 
close to the line of identity of all regions and intervals, while R2 values are close to one.  

 
Interval 

40 min - 75 min 40 min - 90 min 40 min - 105 min 

Slope R2 Slope R2 Slope R2 

Caudate left 1.08 0.98 0.98 0.94 1.07 0.98 

 right 1.11 0.98 1.08 0.94 1.11 0.98 

Putamen left 1.08 0.99 1.06 0.99 1.02 0.99 

 right 1.09 0.99 1.01 0.99 1.04 0.99 

 

In the case of [18F]-FDOPA, the corresponding trapping rate relates to the striatal 

dopamine storage capacity. The comparison between the trapping rates estimated from both 

the DTPOCC method and the standard PGAOCC using occipital cortex as reference region showed 

good correspondence between the methods (Figure 2 and Table 1). The correlation and linear 

regression analysis demonstrated an overall strong correlation between the two methods as well 

as a slope close to one, therefore validating the DTPREF approximation. Nevertheless, the 

correlation was consistently higher for the putamen, and the estimates for the caudate region 

seemed to show greater variability.  

 

 

 



 

 

Table 2. Results of the Bland-Altman analysis comparing $C�

DEE  and $%

DEE  values for each region and interval. All regions 
demonstrate a small bias (< 7%), which increases as the interval time decreases. The 95 % limits of agreement (L.A.) show 
a wide range, independent of the interval.  

 

Interval 

40 min - 75 min 40 min - 90 min 40 min - 105 min 

% Bias 95 % L.A. % Bias 95 % L.A. % Bias 95 % L.A. 

Caudate Left 3.9 ± 8.9 -13.5 to 21.4 3.3 ± 9.8 -15.8 to 22.5 -1.3 ± 8.6 -18.3 to 15.6 

 Right 5.6 ± 7.5 -9.1 to 20.2 1.9 ± 16.5 -30.5 to 34.3 -0.9 ± 12.8 -26.1 to 24.2 

Putamen Left 6.1 ± 5.7 -5.0 to 17.2 2.3 ± 5.3 -8.1 to 12.6 -2.6 ± 15.2 -32.3 to 27.1 

 Right 4.4 ± 6.2 -7.7 to 16.6 4.0 ± 6.9 -9.5 to 17.6 0.9 ± 5.0 -9.4 to 10.2 

 

Such regional differences in correlations between DTPOCC and standard PGAOCC are in 

agreement with other studies comparing quantification methods for [18F]-FDOPA brain 

PET12,25. Specifically for the DTPOCC approach, these regional differences could be explained by 

the smaller VOI size and the limited count statistics of the caudate nucleus compared to the 

putamen. Whereas a standard PGAOCC uses multiple time frames for the quantification, DTPOCC 

only takes into account two time frames, making it more sensitive to noise and small 

misalignments.  

 

Figure 3. This graph shows the variability of 678��� relative to the population average (n = 18) 678BBBBBB��� as function 
of time t p.i.. The solid black line represents the average variance between individual and population 678��� 
relative to 678BBBBBB���, defined as ((678��� -  678BBBBBB���) /  678BBBBBB���� x 100 %. The solid gray lines represent the upper 
and lower limit, defined as mean ± 1.96 x SD. 



 

 

 

 

 

Figure 4. Comparison of methods by means of linear regression analysis of SOR and $%
DEE  for all regions and three 

different intervals. R2 values are consistently higher for putamen than for the corresponding caudate regions. For 
the later intervals, there is an increase in R2 values for all regions, with the highest value corresponding to the 40 
min - 105 min interval (C) in comparison to 40 min - 75 min (A) and 40 min - 90 min (B) interval. For the caudate 
region, however, R2 values are not as high as for the putamen, even for the latest interval.  

 

 

When evaluating quantification methods for [18F]-FDOPA brain PET, previous studies 

have pooled left and right regions, in contrast to the methodological approach of this study. 

While our results showed no statistical significance between left and right $%
DEE values for both 

regions, the left side did demonstrate higher F-ratios for both the caudate nucleus and putamen. 

Other studies have shown that lateralization is indeed a well-known characteristic of 

Parkinson’s Disease and patients often show a symptom dominant side26. Therefore, pooling of 

left and right striatal regions could generate fictitiously larger trapping rates or improve model 

fits, a strategy which has been applied previously12,27. However, it is advisable to avoid merging 

hemispheres and potentially different kinetics when evaluating the performance of different 

quantitative methods.  

 



 

 

Table 3. Linear discriminant analysis (F ratio) for all three quantitation methods. The F ratio 
describes the separation between the HC and PD groups for each of the striatal regions 
analyzed in this study.   

 F ratio 

Method 
Caudate 
(right) 

Caudate 
(left) 

Putamen 
(right) 

Putamen 
(left) 

LM
NOO (40-90) 8.3 5.9 48.5 69.8 

LPQR
NOO  (40-90) 9.0 9.16 61.9 63.9 

SOR (90) 11.8 10.2 52.9 80.6 

 

An important parameter affecting the performance of the presented methods is the 

interval of the time frames chosen for the quantification. Previous studies suggest [18F]-FDOPA 

can only be considered as a truly irreversible tracer until 90 min after injection (or earlier in 

disease states)14,28,29. We applied PGAOCC and DTPOCC to intervals with the final frame starting 

earlier and later than 90 min p.i in order to evaluate the performance of the quantification 

methods for different tracer kinetics. The results of the linear regression (Table 1) and the 

Bland-Altman analysis (Table 2) suggested that both methods are providing comparable 

estimates despite possible deviations from true irreversible tracer kinetics. However, the Bland-

Altman results revealed a wide range for the 95 % limits of agreement, although the average bias 

remained under 7 % for all regions and time intervals. This wide range for the limits of 

agreement was caused by two very small $%
DEE  values in the PD group which proved to have 

slightly different $C�

DEE  values.  

 



 

 

 

Figure 5. Linear discriminant analysis per region demonstrating the classification of the different groups based on 
each method. All three methods are able to classify HC and PD with a 100 % accuracy based on the quantification 
results for the putamen ((C) and (D)) while an overlap between groups is observed for the caudate region ((A) 
and (B)).   

 

An important characteristic of the DTPOCC method is the use of a population average 

678BBBBBB�40� for individual quantification. Results from a Mann-Whitney U test confirmed that 

there were no significant differences between 678BBBBBB�40� values of the combined groups of HC 

and PD (HC+PD) and the UD group (p = 0.38). Moreover, although the largest difference in 

678�40� values, observed between the HC and PD groups, was statistically significant (p = 

0.01), this difference was still small (7.9 %). In a practical scenario, this indicates that for �3 = 

40 min, a population 678BBBBBB�40� could be used for new patients irrespective of the disease state 

of these patients. Even in cases of a larger discrepancy between individual 678�40� and LOO 

678BBBBBB�40�, the $C�

DEE  estimates were not greatly affected. Finally, the average difference between 

$C�

DEE  values determined by an individual 678�40� and by a LOO 678BBBBBB�40� was of only 8% for 

all regions. In line with these results, previous studies5,30 found population average input 



 

 

functions to be applicable for individual quantification via PGA. Similarly, our results support 

the concept of a subject independent, normalized time activity curve of the occipital cortex. This 

was demonstrated graphically in Figure 3, showing the limited relative variability of 678��� for 

all time points � p.i.. Based on these findings, it is reasonable to approximate an individual 

DTPOCC quantification with a population based average 678BBBBBB�40�. According to the limited 

relative variability of the 678��� (Figure 3), an average value could also be considered for the 

second time point at 90 min p.i. (Equation (6)). Although such a setting could further simplify 

the DTPREF method, it should be considered for each tracer separately. For [18F]-FDOPA, a large 

reference region with favorable statistics is available in the form of the occipital cortex, and the 

measured data can directly provide a reliable, individual 678�90� estimate for the DTPOCC 

approach, eliminating the need for a population average value beyond the time point �3 and 

avoiding unnecessary a priori assumptions. However, other irreversible tracers might present a 

smaller reference region or a region with limited statistics, such that a full population based 

approach could be less affected by noise, and therefore prove favorable.  

To contextualize the DTPOCC approximation with a clinically used simplified approach, 

the performance of SOR was also assessed. Results showed that the slope of the linear regression 

analysis between SOR and $%
DEE  was lower for the caudate nucleus compared to the putamen. 

This can be explained by the linear relationship between SOR and $%
DEE   (Equation (1)), which 

is determined by �* and 678��� with � the frame time for SOR quantification. Since 678��� is 

identical for both striatal regions, the different linear relationship between SOR and $%
DEE  can 

only be caused by the significantly lower �* values of the caudate nucleus compared to the 

putamen. Furthermore, correlations between SOR and $%
DEE  proved to be different for the 

caudate nucleus and putamen with SOR values of the caudate region displaying a weaker 

correlation with $%
DEE  values compared to the putamen. Since 678���  values exhibit only very 

modest inter-subject variability (Figure 3), correlations between SOR and PGAOCC are mainly 

affected by the high inter-subject variability of the �* estimates for both striatal regions. Because 

of the lower inter-subject variability of �* values for the putamen, a stronger correlation is 

observed between SOR and PGAOCC for that region. This inter-subject variability of �* might 

be caused by different physiological conditions between subjects, but also by small deviations 



 

 

from the PGA model assumptions, the limited count statistics of the different time frames used 

for the PGA model, and potential motion between the time frames. In that sense, PGAOCC and 

DTPOCC methods are affected in a similar way, which explains the higher correlation between 

both compared to correlation between SOR and PGAOCC (Figure 2 and 4). On the other hand, 

SOR uses only a single frame, thus avoiding computing differences between time frames, which 

can introduce corresponding statistical errors. Moreover, the SOR approach is less sensitive to 

patient motion and small misalignments. This could explain the distinctly lower intra-group 

variability of SOR in the discriminant analysis compared to PGAOCC or DTPOCC. 

Nonetheless, all methods were able to classify HC and PD with 100 % accuracy. 

However, SOR seemed to better discriminate the two groups, showing a generally higher F ratio 

for all regions compared to PGAOCC and DTPOCC (Table 3). The results of this study regarding 

the comparison between SOR and $%
DEE  can be considered somewhat contrasting to what was 

previously reported12, both in terms of correlation and discriminative power. Such a 

discrepancy might be explained by methodological differences (such as VOI definition and left-

right VOI separation) and population size. It should also be noted that the population in this 

study is small, which could limit an accurate assessment of the discriminative power of the 

tested methods. However, within the limits of the present study, SOR can still be considered as 

the best clinical parameter for group discrimination. It is important to notice that all three 

methods (DTPOCC, PGAOCC and SOR) can be biased by [18F]-FDOPA radiometabolites entering 

the brain. More specifically, all methods rely on the whole TAC of the reference region as input 

function, without any prior correction for radiometabolites. Therefore, the possible limitation 

of a metabolite induced bias is inherent to all three methods, with corresponding results being 

affected in a similar way. 

In general, unlike PGAREF, the DTPREF method relies on information from only two time 

frames instead of the whole TAC. Consequently, the approximation is more sensitive to noise 

than PGAREF. Hence, frame durations and reconstruction algorithms need to be chosen 

appropriately in order to minimize bias. Moreover, the patient is repositioned in the PET 

system for the acquisition of the second time point, which turns image registration between the 

two time points mandatory. In current clinical practice, [18F]-FDOPA brain PET imaging is 



 

 

performed on PET/CT systems such that the low-dose CT scan of each PET/CT scanning 

session can easily be used to coregister the PET data of the two time points, independent of 

potential differences in the PET emission patterns between the two scans.  

The DTPOCC protocol provides a reduction in scanning time ranging from 90 min to 120 

min to approximately 30 min without compromising dynamic information. Based on our 

results, we suggest the acquisition of two static 10 min frames at 40 min and 90 min p.i. for 

DTPOCC quantification of [18F]-FDOPA brain PET imaging. This would translate into 

approximately 30 min of free camera time between the two consecutive time points (taking into 

account an extra 5 min for patient positioning in between scans). This interval could be used 

for an extra whole body PET scan or the scanning of one time point of another DTPOCC [18F]-

FDOPA brain scanning protocol, which would significantly increase patient throughput. With 

current state of the art PET systems31, even shorter static acquisitions could be considered due 

to the higher PET system sensitivity, further reducing the scanning time. Our results suggest 

that DTPOCC imaging of [18F]-FDOPA uptake in the brain is an enhanced combination of static 

imaging and dynamic information, representing a valuable, simplified quantification of brain 

dopaminergic function in both PD patients and healthy controls. The DTPOCC method is also 

able to avoid long acquisition protocols and therefore increase patient comfort. This is 

especially important in the context of an older population, as is the general case for PD patients. 

Moreover, shorter scans are preferable for PD patients since they reduce the chance of head 

movement during the image acquisition, therefore increasing image quality and quantitative 

accuracy. 

The reference tissue dual time point method DTPOCC was able to reliably estimate the 

trapping rate $%
DEE  in [18F]-FDOPA brain PET imaging while achieving the same discriminative 

power between PD patients and healthy controls as PGAOCC. The use of DTPOCC allowed a 

simplification of [18F]-FDOPA imaging protocols by shortening the overall acquisition time 

while maintaining the relevant dynamic information. In general, the proposed DTPREF method 

provides a valid approximation of the standard PGAREF and therefore can be considered for 

estimating the trapping or metabolization rate of other irreversible PET tracers, provided that 



 

 

a reference tissue is available. As such, the DTPREF approach can become a valuable tool to 

quantify irreversible tracer binding using a reference tissue. 
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Introduction 

One of many applications of positron emission tomography (PET) is to investigate the 

suitability and target engagement of new pharmaceuticals in vivo. With a suitable radiotracer 

for the same target, PET imaging is able to measure receptor occupancy or enzyme inhibition 

of a new drug1. These studies evaluate the drug’s ability to reach its target and determine the 

proper dosage to reach specific occupancy levels for the intended effect. Therefore, PET dose 

occupancy studies play an important role in drug advancement by accelerating development in 

a focused manner and reducing trial costs2.  

In order to obtain the relationship between drug concentration in plasma and the 

achieved percentage of receptor occupancy (Occ%), a multiple-scan PET occupancy study must 

be designed. The study design consists of a baseline scan followed by either one or more scans 

after drug dosing (i.e. post-dose scans). Assuming no change in tracer affinity3 and correcting 

for possible influence of the drug of interest in the delivery of the tracer, the competition 

between drug and radiolabeled ligand results in a reduction in specific tracer uptake seen in the 

target in the post-dose scans compared to the baseline. This difference provides information on 

the amount of receptors occupied by the drug4.  

When a brain region devoid of the target of interest is available, receptor occupancy can 

be calculated by using either distribution volume ratio (DVR)5 or binding potential (BPND) 

estimated from a reference region approach. These models can provide indirect input functions 

by using information given by the reference region about the tracer’s non-specific binding 

properties. Methods such as the simplified reference tissue model (SRTM)6 allow direct 

estimation of the binding potential from a dynamic scan and therefore contribute to a 

straightforward quantification of receptor occupancy. However, most reference tissue methods 

require time-consuming full dynamic scanning protocols. 

Reduction in scan duration is of particular interest in drug occupancy studies, as subjects 

must undergo at least two PET scans per study. Additionally, shorter protocols allow more 

flexibility in a study set, increase comfort and lower costs. On that account, approximations 

have been proposed7–9 in order to obtain the DVR or the BPND from short static imaging 

protocols. These relate a late time ratio between tracer uptake in target and reference tissues, 



 

 

expressed in standard uptake values (SUVR), to the receptor imaging parameters. However, 

such approximations rely on the assumption that the tracer is in transient equilibrium at late 

time points7. Besides being dependent on the correct determination of the equilibrium period, 

such methods have been demonstrated to consistently overestimate DVR and BPND
7810. 

The aim of this study was to avoid the overestimation associated with SUVR based 

methods while maintaining short and flexible acquisition protocols. Therefore, an equation 

relating DVR to SUVR was derived and different methods to calculate the resulting correction 

term were investigated. The proposed method uses a combination of dynamic baseline and dual 

time point static post-dose scans. Although the method still requires dynamic information, it 

might prove useful in the context of multi-scan protocols, such as dose occupancy studies. 

Within such a context, it is assumed that the specific kinetic parameters used in the method 

remain constant between scans. Consequently, the dynamic information necessary for the 

quantification of the post-dose scans can be extracted from the baseline scans. In this case, BPND 

and occupancy values can be estimated from a dynamic baseline and a series of static post-dose 

scans, thereby reducing the overall acquisition time while maintaining accuracy.   

Material and Methods 

Dual time point approximation 

When the tracer kinetics in the target and reference compartments can be approximated 

by a one-tissue compartment model (1TCM)3, the SRTM can be applied and the instantaneous 

change in tracer concentration in each compartment is described by: 
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where 	
��� is the tracer concentration in plasma, 	���� and 	*��� are the 

concentration in target and reference compartments, $3
� and $3

* are the rate constants 

describing the tracer influx from plasma to the respective compartments, �5
* is the reference 



 

 

washout rate constant from the reference to the plasma, �5S
�  is the apparent target washout rate 

constant and ��� is time.  

The apparent �5S
�  of the target compartment describes the overall washout from both 

the specific and non-displaceable binding parts of the compartment to the plasma and is related 

to �5
� as: 
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Combining (1) and (2) by isolating 	
���, dividing both sides of the resulting equation 

by 	*���, and assuming the distribution volume of the non-specifically bound tracer is the same 

in both the target and reference tissues ($3
�/�5

� = $3
*/�5

*) results in: 
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 Rearranging the terms, a linear relationship between DVR and SUVR is described by: 
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Equation (5) shows that estimation of DVR requires the determination of 1) the SUVR 

and 2) a time dependent correction factor. The second is defined by the slope of target and 

reference tissue time-activity curves (TAC) normalized to the reference tissue tracer 



 

 

concentration (�	*���/��/	*��� and �	����/��/	*���), and the washout rate constants of 

both regions. For the determination of both the SUVR and the TAC slopes, a dual time point 

(DTP) approach is applied.  

Taking into account the activity concentration of two scan frames of equal duration, a 

dual time point SUVR is calculated as the geometric mean11 of tracer concentration in each 

frame: 

 

���6��� = f&'�(>�∙&'�(<�
f&)�(>�∙&)�(<�                                                     (6) 

 

where �3 and �5 are the time points of the two frames (�3 < �5� and � = ��3 + �5�/2. 

The normalized slopes, defined by the instantaneous derivatives, are estimated from the 

same frames by a finite differences approximation: 
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where CX is the tracer concentration in either the target or the reference compartment.  

The estimation of the washout rate constants (�5
� and �5

*) requires information from a 

dynamic scan and can be determined from the SRTM or approximated by a population based 

average, as is the case for the Logan reference tissue model5. In the setting of a PET dose 

occupancy study, a full dynamic baseline scan together with the correspondent washout rate 

constants is available. Assuming the individual kinetic parameters to be stable over time, the 

SRTM model can be applied to the baseline scan in order to determine the washout rate 

constants used in Equation (5). This provides a subject specific approximation for the 

quantification of post-dose scans.  



 

 

Using Equations (6), (7) and the baseline derived washout rate constants for the 

determination of DVR, Equation (5) can be determined from a dual time point approximation, 

yielding DVRDTP or the corresponding binding potential BPDTP (BPDTP = DVRDTP - 1). 

Therefore, with the proposed method, receptor occupancy values for post-dose scans 

are calculated based on the following definition: 
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Study setup 

The dual time point method was evaluated by analyzing retrospective data from an 

open-label PET study that assessed the D2-receptor occupancy after single and multiple doses 

of 10mg JNJ-37822681, as described previously11. The study was conducted in the University 

Medical Center Groningen (UMCG) PET center and was supported by Xendo Drug 

Development (Groningen, The Netherlands). Ethics committee approval was obtained 

(Stichting Beoordeling Ethiek Biomedisch Onderzoek, Assen, the Netherlands) and all subjects 

gave prior written informed consent after receiving detailed information about the protocol, in 

accordance with the ethical standards of the Helsinki Declaration of 1964 and its later 

amendments. The study population consisted of 11 healthy male subjects with ages ranging 

from 18 to 55 years, and a body mass index from 18 to 30kg/m2. 

All subjects underwent a structural T1-weighted MRI scan to enable image 

coregistration for the analysis. A baseline and two post-dose scans were performed, except for 

two occasions of tracer synthesis failure, totaling 31 scans (11 baseline and 20 post-dose). The 

baseline [11C]raclopride PET scans were acquired between 25 and 2 days prior to JNJ-37822681 

dosing (day 1). Next, subjects received 10mg of the compound twice a day, on days 1 to 6, and 

a single dose in the morning of day 7. On day 1, the first post-dose [11C]raclopride PET scans 

were performed 2.1 to 10.6 hours after administration of the compound. During days 7 to 10, 



 

 

the second post-dose [11C]raclopride PET scans were obtained 2.6 to 58.5 hours after  dosing 

on day 7.  

Dynamic [11C]raclopride PET imaging and analysis  

All PET scans were performed with a high-resolution ECAT EXACT HR+ scanner 

(Siemens Healthcare, Erlangen, Germany). Individual 2D 68Ge based transmission scans of 10 

minutes were acquired for attenuation correction. Both at baseline and post-dose scans subjects 

received an intravenous bolus injection of 200MBq of [11C]raclopride and underwent a 60min 

dynamic PET acquisition, starting at the time of injection and consisting of 21 frames (6x5s, 

3x10s, 4x60s, 2x150s, 2x300s and 4x600s). Each emission frame was corrected for decay, scatter, 

randoms and attenuation, and reconstructed using the ordered subset expectation 

maximization (OSEM) algorithm (4 iterations and 16 subsets) followed by a 4mm FWHM 

Gaussian smoothing.  

For each subject, summed PET images were coregistered to corresponding MRI, and 

MRI data were subsequently normalized to MNI space using the T1 MRI template available in 

PMOD14. The same coregistration and normalization parameters were then applied to the 

dynamic scans. Time-activity curves were generated for striatum and cerebellum15 by applying 

the corresponding predefined volumes of interest (VOIs) of the Hammers atlas16 to the dynamic 

data. 

Following the well validated quantification approach for [11C]raclopride6, the simplified 

reference tissue model was defined as the standard method. The extracted TACs from baseline 

and post-dose scans were fitted to the SRTM using cerebellum as a reference region, and BPND 

values were generated for the striatum. Washout rate constants for both striatum (�5
�) and 

cerebellum (�5
*) were also recorded for all scans. Corresponding receptor occupancy estimates 

based on baseline and post-dose BPND were computed. 

Dual time point image analysis 

From the same time-activity curves, the dual time point approximation was 

implemented in two steps. First, the scan specific SRTM derived washout rate constants �5
� and 

�5
* were used in Equation (5) in order to mathematically validate the method and evaluate the 



 

 

effect of using a finite difference approximation for the estimation of TAC slopes. Binding 

potential computed from this first step is hereby defined as finite differences binding potential 

(BPFD). Additionally, an error analysis17 was performed to assess the effect of changes (up to 

±30%) in the kinetic parameters which could be related to perfusion differences between 

baseline and post-dose scans. The changes in �5
� and �5

* can be related to a global difference in 

perfusion between scans, while changes in R1 can be induced by a relative change in perfusion 

between target and reference tissue. These changes in kinetic parameters were tested in 

increments of 10% and corresponding errors in binding potential estimates recorded. Next to 

this error analysis, the effect of noise on DTP based BPFD estimates was assessed and compared 

to the impact of noise on SRTM BPND and SUVR estimates. For this purpose, a noise-free TAC 

for the reference tissue was defined as the average curve of all cerebellar TACs and two noise-

free target TACs were generated using SRTM and the average striatal SRTM kinetic parameters 

of the baseline (R1 = 0.89, �5
� = 0.20, BPND = 2.35) and post-dose scans (R1 = 0.89, �5

� = 0.21, 

BPND = 1.44). Next, Poisson-like noise accounting for frame duration and decay18 was added to 

the noise-free data by generating random numbers from a normal distribution with zero mean 

and a standard deviation corresponding to 5, 10 and 15% of the average uptake value of the last 

two frames. For each of the three noise levels, 1000 TACs were generated and used for binding 

potential and SUVR estimation.  

Next, the dynamic baseline derived washout rate constants were applied to the post-dose 

scans and DVRDTP values were determined. Binding potential obtained from this method is 

hereby defined as dual time point binding potential (BPDTP). Corresponding receptor occupancy 

estimates (%OccDTP) were computed based on SRTM BPND from the baseline scan and BPDTP 

from the post-dose scan using Equation (8). Finally, a population based approach for the 

estimation of BPDTP, denoted BPPOP, was evaluated as a potential method for completely 

avoiding dynamic scans. In this step, individual �5
� and �5

* values were replaced by population 

based averages for the determination of both baseline and post-dose BPDTP estimates.  

For comparison, a simple tissue concentration ratio (SUVR) was calculated for all scans 

and evaluated as a method for binding potential estimation by assuming a direct 

correspondence between SUVR and DVR. Binding potential estimated from this 



 

 

approximation is hereby defined as SUVR binding potential (BPSUVR). Corresponding receptor 

occupancy (%OccSUVR) was calculated from baseline and post-dose BPSUVR.  

Three different combinations of two consecutive 10min time frames (20-40min, 30-

50min and 40-60min) were chosen for all approximations in order to evaluate the time 

dependency in the accuracy of each method.  

Statistical analysis 

Results are reported as mean ± standard deviation (SD). Correlation between SRTM 

BPND and all other approximations was assessed by linear regression analysis. The agreement 

between methods and the bias associated with the approximations were determined based on a 

Bland-Altman analysis on binding potential and receptor occupancy estimates. Limits of 

agreement of 95% were considered. The results of quantification of simulated noisy data by each 

of the three methods (SRTM, DTP or SUVR) were compared to noise-free SRTM BPND values 

via two measures: %bias, calculated as xywD%rs − yz/y ∗ 100 and %SD, calculated as 

�{�ywD%rs�/y ∗ 100, where ywD%rs  represents the DTP BPFD, SRTM BPND and SUVR estimates 

obtained using the simulated noise TACs while y represents the underlying noise free value. 

Changes in bias associated with different time intervals were analyzed to determine 

whether the methods are time-dependent. Further analysis was also performed on �5
� and �5

* 

values to determine whether there was a significant difference in the individual kinetic 

parameters between baseline and post-dose scans. Due to the presence of repeated 

measurements and incomplete data (two failed post-dose scans), the Generalized Estimating 

Equations (GEE) model19 was applied to both analysis, and the Wald test was used to report 

resulting p-values. 

All statistical analysis was performed using IBM SPSS Statistics (Version 20.0, Armonk, 

NY) and GraphPad Prism (Version 5.0, San Diego, CA, USA), and a p<0.05 was considered 

significant in all tests. 

 

 



 

 

Results 

Binding potential estimation 

BPFD showed a perfect correlation (R2=1) with SRTM derived BPND for all time intervals 

(Figure 1A). Bland-Altman analysis showed a negligible bias and 95% limits of agreement of 

less that ±1% for all time intervals (Table 1), supporting the use of the finite differences 

approximation for the determination of the TAC slopes as presented in Figure 2. Moreover, a 

perfusion related error analysis showed that potential changes in kinetic parameters between 

scans would result in less than 8% error in BPDTP estimation (Figure 3A and 3B). The highest 

percentage of error in the estimation of binding potential (7.4%) resulted from a 30% decrease 

in �5
� and �5

* values, while corresponding levels of change in R1 values had an effect of only 4% 

in BPDTP values.  

 

Figure 1. Regression analysis of BPFD, BPDTP and BPSUVR with SRTM BPND. Identity line is shown as reference. BPFD shows 
perfect correlation with SRTM BPND, with a R2=1 and slope=1 for all time frames(A). BPDTP shows excellent correlation 
with SRTM BPND, demonstrated by a R2=0.99 and slope=0.99 for all time frames(B). BPSUVR shows good correlation and 
a small overestimation when compared to SRTM BPND, presenting a R2=0.97 and slope=1.02 for the 20-40min, R2=0.98 
and slope=1.18 for the 30-50min and R2=0.99 and slope=1.23 for the 40-60min frames(C). 

 
 
 
 
 
 
 
 
 
 
 



 

 

Table 1. Bland-Altman analysis comparing standard SRTM based BPND values to estimates from other approximations. 
Bias and 95% limits of agreement expressed in percentage difference plus or minus the standard deviation.  

Approximation compared to 
SRTM BPND 

 Frames (min)  

20-40 30-50 40-60 

 
BPFD    

Bias (%) 0.17±0.22 0.38±0.22 0.44±0.18 

95% limits of agreement (%) -0.25 to 0.61 -0.05 to 0.82 0.09 to 0.81 

 
BPDTP    

Bias (%) 0.27±0.22 0.48±0.21 0.52±0.17 

95% limits of agreement (%) -0.16 to 0.71 0.06 to 0.91 0.19 to 0.86 

 
BPSUVR    

Bias (%) 15.1±6.45 19.9±4.21 19.4±3.57 

95% limits of agreement (%) 2.45 to 27.7 11.60 to 28.14 12.41 to 26.41 

BPPOP    
Bias (%) 0.01±1.36 -0.13±1.26 -0.19±1.10 

95% limits of agreement (%) -2.67 to 2.68 -2.62 to 2.35 -2.36 to 1.97 

 

 

 

Figure 2. Representative TAC for both baseline and post-dose scans of a subject with the highest occupancy levels, 
demonstrating the estimation of the TAC slopes by the finite differences approximation.  
 

 



 

 

 

Figure 3. Error analysis performed on changes in R1 and �5
�  and �5

*  of up to ±30% between baseline and post-
dose scans. The percentage error in BPDTP estimation is less than 5% for changes in R1 (A) and less than 8% for 
changes in �5

�  and �5
* (B). 

 
 

The results of the estimation of BPFD from simulated noisy data showed that for the DTP 

method the %bias ranged from 0.25 to 1.3% for the lowest level (5%), increasing to 3.8 to 10.1% 

for the highest noise level (15%), while the %SD ranged from 7.4 to 13% for the lowest level 

(5%) of simulated TACs to 24 to 50% for the 15% noise level. On the other hand, SRTM BPND 

and SUVR estimates using the simulated, noisy TACs resulted in an %bias of less than 4% and 

a maximum %SD of less than 16% for all noise levels. Representative TACs for the 15% noise 

simulation are shown in Figure 4 and an overview of noise induced bias and variability for the 

different methods is presented in Table 2. 

Using subject specific �5
� and �5

* values, determined at baseline, resulted in excellent 

correlation (R2=0.99) between post-dose BPDTP and SRTM BPND (Figure 1B). The linear 

regression demonstrates excellent agreement between the two methods. The bias 

corresponding with the new method remained negligible and Bland-Altman analysis showed 

the same 95% limits of agreement of less than ±1% for all time intervals (Table 1).  

The results from the GEE analysis on the change of kinetic parameters from baseline to 

post-dose scans were in accordance with our assumption, demonstrating that individual �5
� and 

�5
* values are not significantly different between scans (p=0.81). Moreover, the inter-subject 

variation in washout rate constant values is small across scans, with baseline values of 

�5
�=0.20±0.02min-1 and �5

*=0.23±0.01min-1, and post-dose values of �5
�=0.21±0.01min-1 and 

�5
*=0.23±0.03min-1 for the first post-dose and �5

�=0.21±0.02min-1 and �5
*=0.23±0.03min-1 for 



 

 

the second post-dose scan. In terms of relative changes between baseline and post-dose scans, 

�5
* values changed 1.67±8.45% (range: -12.80% to 17.64%) while R1 values changed 0.42±5.81% 

(range: -7.50% to 11.16%). Next to these results, the population based average approach BPPOP 

demonstrated high correlations with SRTM BPND for all time intervals (R2=0.99) and a 

corresponding bias of less than 0.2% (Table 1).  

 

 

Figure 4. A representation of the noise free post-dose striatal (black) and cerebellar (gray) TACs used for the noise 
simulation (solid lines) together with representative TACs for the 15% noise level (dots) and their upper and lower 
bounds, defined as ±1.96*SD (dashed lines).  

 

Binding potential values obtained from the SUVR method also demonstrated high 

correlation (R2=0.97 to 0.99) with SRTM derived estimates although with a consistent 

overestimation for all time intervals (Figure 1C). In fact, the average factor for correction of 

SUVR (denominator in Equation 5) was 1.14 for the first post-dose scan (40-60min interval as 

an example). It was composed of an average slope of -0.058±0.014gml-1min-1 and -

0.014±0.004gml-1min-1 for striatum and cerebellum respectively, a CR=1.51±0.21gml-1 and the 

�5
�=0.21±0.01min-1 and �5

*=0.23±0.03min-1. Bland-Altman analysis showed a more 

pronounced bias associated with this method (Table 1). In addition, the GEE analysis showed 

that the time interval is a significant factor (p<0.05) for bias. No significant difference was found 



 

 

between the 30-50min and 40-60min estimates, while the bias associated with the 20-40min 

interval was significantly different from the other two intervals (p=0.01 in relation to 30-50min 

and p=0.02 to 40-60min).  

 

Table 2. Comparison of the noise induced bias and variability between different quantification methods applied to simulated 
noisy TACs. The analysis was performed for three different noise levels (5%, 10% and 15%) of noise free TACs representative 
for baseline (BPND = 2.35) and post dose (BPND = 1.44) scanning.  

   Baseline Post dose 

%noise  Model 
Frames 
(min) 

%bias %SD %bias %SD 

 SRTM BPND 0-60 0.02 3.36 -0.38 3.95 
 SUVR  20-40 0.09 2.50 0.08 2.55 
  30-50 0.13 3.20 0.09 3.42 
  40-60 0.21 4.04 0.09 4.25 
 DTP BPFD 20-40 0.48 7.37 0.25 7.72 
  30-50 0.32 8.77 0.60 10.27 
  40-60 1.28 11.69 0.65 13.04 

10% SRTM BPND 0-60 0.04 6.73 -1.79 10.99 
 SUVR  20-40 0.47 5.17 0.30 5.18 
  30-50 0.64 6.42 0.46 6.74 
  40-60 0.65 8.36 0.76 8.58 
 DTP BPFD 20-40 2.26 15.35 1.66 16.09 
  30-50 1.74 18.57 1.72 19.89 
  40-60 3.63 25.39 4.81 28.56 

15% SRTM BPND 0-60 -1.14 12.54 -3.03 15.83 
 SUVR  20-40 0.63 7.58 0.92 8.10 
  30-50 0.74 9.94 1.29 10.16 
  40-60 1.54 12.87 1.50 13.53 
 DTP BPFD 20-40 3.82 24.00 4.51 25.44 
  30-50 4.78 33.18 4.60 32.72 
  40-60 10.11 43.20 9.63 50.70 

 

 

 

 



 

 

Receptor occupancy estimation 

The range of receptor occupancy achieved in this study, calculated from SRTM derived 

BPND, was from 0% at baseline up to 65.7% in post-dose scans, with an average value of 

%Occ=38.3±18.5%.  

Receptor occupancy determined from post-dose BPDTP showed small bias and excellent 

agreement to the standard method. Furthermore, values for %OccDTP were not affected by the 

choice of time post-injection, being consistent for all three dual time point combinations chosen 

in this work (bias of 0.16±0.97% for 20-40min, 0.08±1.01% for 30-50min and 0.04±0.92% for 

40-60min, and respective 95% limits of agreement of -1.75% to 2.08%, -1.90% to 2.07% and -

1.77% to 1.85%). A representative Bland-Altman plot is shown in Figure 5A (40-60min 

interval).    

 

Figure 5. Representative Bland Altman plots showing agreement between methods for estimation of receptor 
occupancy and the standard SRTM BPND based approach. The 40-60min dual time point interval was chosen as 
representative for each approximation and depicted in the graphs for receptor occupancy using post-dose BPDTP 
(A) and BPSUVR (B). 

 

Even though BPSUVR in general overestimated SRTM values, the subsequent estimation 

of receptor occupancy is less affected. Bland-Altman analysis showed a bias of -4.95±3.87% for 

20-40min, -1.76±3.10% for 30-50min and -0.33±2.44% for 40-60min, while the corresponding 

95% limits or agreement were from -12.2% to 2.98%, -7.85% to 4.31% and -5.15% to 4.46%. A 

representative Bland-Altman plot is shown in Figure 5B (40-60min interval). 



 

 

Discussion 

This study aimed at increasing schedule flexibility for post-dose scans in terms of 

imaging availability, patient comfort and possible issues with motion artefacts. The proposed 

method reduces acquisition time for post-dose scanning and eliminates the need to start the 

post-dose scan at the time of tracer bolus injection. As such, the method allows for the scan to 

be reset in case of camera failure or patient discomfort, maintaining the validity of the acquired 

data. Short post-dose scans would also allow PET dose occupancy scans to be performed within 

a clinical time slot for whole body PET/CT scanning such that these studies can easily blend in 

with the clinical routine. Besides, the reduction in acquisition time would be beneficial for both 

imaging staff and volunteers, since motion during scanning would be reduced and the 

quantitative quality of the PET data increased, while adding extra flexibility to patient 

preparation and positioning in the PET system. Moreover, the possible time reduction could 

also effectively increase the number of subjects scanned per tracer production batch. Indeed, 

when a standard 60min dynamic scanning protocol is reduced to a 20min DTP protocol and, 

for example, a fixed DTP interval of 20-40min after injection is chosen for each scan, two 

consecutive scans can be performed with only a small delay between injections, resulting in the 

possibility of scanning at least two patients from one [11C]raclopride tracer batch with a realistic 

amount of (specific) activity.  

The new method is based on a dynamic baseline and a dual time point approximation 

for quantification of the post-dose scan. Starting from the same kinetic assumptions as for the 

SRTM, the method depends on two additional assumptions. The first is that the derivatives of 

the target and reference TAC slopes can be approximated by a finite difference. The second is 

that the specific kinetic parameters (�5
� and �5

*) of the dynamic baseline scan can be used for 

the static post-dose scans. These assumptions were evaluated for a PET dose occupancy study 

with [11C]raclopride, for which the SRTM is considered as a standard and validated approach 

for BPND quantification20,21.  

The validity of the first assumption was assessed using data from baseline and post-dose 

scans. Scan specific washout rate constants �5
� and �5

* were obtained from the SRTM fit to the 

dynamic data, and combined with the finite differences approximation of the TAC slopes for 



 

 

the estimation of BPFD. Bland-Altman comparison of both values for all 31 scans revealed 

negligible bias and variability, proving excellent agreement between the standard and finite 

differences based approximation. Taking into account the wide range of occupancy levels for 

this study and therefore, the wide range of tracer uptake levels in the target region, these results 

demonstrate the marginal impact of different noise levels on the derivative terms. In this work, 

data from two consecutive frames of 10min each were acquired with a Siemens ECAT EXACT 

HR+ scanner and, noting that current state of the art PET systems provide overall better 

sensitivity22, even shorter protocols or a reduction in administered dose could be considered. 

Moreover, we have previously validated the approach for [11C]-PIB brain PET imaging where 

SUVR could be accurately corrected to DVR values with comparable correction factors23.  

In terms of the impact of noise, our simulations show that the DTP approach is more 

sensitive to noise when compared to SRTM BPND and SUVR estimates, both in terms of bias 

and variability. For the DTP approach, a 5% noise level is still acceptable in terms of variability 

(see results in Table 2) while higher noise levels have a considerable impact on the rescaling 

factor of Equation 5. In general, TACs related to lower uptake values of the post-dose scans are 

less impacted in terms of bias and variability compared to baseline data, while these measures 

gradually increase for both DTP BPFD and SUVR estimates when later time frames are used. 

Therefore, DTP is better suited for high uptake tracers and regions with satisfactory count 

statistics. On the other hand, PET cameras are continuously gaining in sensitivity, resulting in 

less noisy datasets, while acquisition and reconstruction protocols can be optimized for a DTP 

approach by improving spatio-temporal filtering after reconstruction24 or by increasing the 

interval between the time frames and therefore extending their duration for the DTP approach. 

As shown, SUVR is less sensitive to noise since it is based on the geometric mean, but may show 

an intrinsic bias. SRTM is also less sensitive to noise since it uses all data but, therefore, is not 

an alternative to DTP.   

After validation of the first assumption, the applicability of the proposed method was 

assessed by evaluating the second assumption. Applying subject specific �5
� and �5

* values 

determined at baseline to obtain post-dose BPDTP quantification and comparing these with post-

dose SRTM BPND values again revealed negligible bias and variability (Figure 1B). These results 



 

 

are in line with the error analysis that was performed on possible changes in �5
� and �5

* and in 

R1 values between baseline and post-dose scans since the observed range of relative changes for 

both �5
* and R1 would imply a relative BPDTP error of only a few percent. Bland-Altman 

confidence intervals also did not change when using baseline washout constants in the 

quantification of post-dose scans, implying their valid use as an approximation for post-dose 

parameters. These findings are supported by the results of the GEE analysis of the change of �5
� 

and �5
* from baseline to post-dose scans. The within-subject time dependence was found to be 

not significant, demonstrating the applicability of the proposed method for this study setup. 

Moreover, the already excellent agreement seen between post-dose BPDTP and SRTM BPND 

translates well in terms of receptor occupancy. When comparing receptor occupancy obtained 

from the standard SRTM method and those where BPDTP was used as an approximation for the 

post-dose BPND, the 95% limits of agreement of the difference in receptor occupancy are less 

than ±2% (Figure 5A). This is well within acceptable range considering [11C]raclopride studies 

show a test-retest of up to 8% in striatal binding potential estimates25.  

In contrast, BPSUVR estimates suffer from a consistent overestimation which can be seen 

by both the linear regression analysis (Figure 1C) and the bias in binding potential estimation 

from the SUVR method (Table 1), in agreement with previous studies8,10. However, receptor 

occupancy estimates are less affected (Figure 5B). Nevertheless, the GEE analysis demonstrated 

that time is a significant factor in bias for this method. Even when measuring SUVR during the 

transient equilibrium, the overestimation is dependent on the rate of plasma clearance and the 

tissue kinetics7. In the case of [11C]raclopride, the tissue clearance is fast compared to the plasma 

clearance, resulting in a small overestimation of VT from ratio methods.  

The dual time point method increases accuracy, reduces bias and eliminates the time 

dependence of parameter estimation when compared to SUVR methods. It also accounts for 

errors in the determination of the transient equilibrium state for the scan acquisition, by 

including the difference in TAC slopes in the determination of DVTDTP (Equation 5). 

Consequently, DTP protocols offer the possibility of starting the scan at different time points 

post-injection, avoiding issues related to camera failure. The comparison between post-dose 

BPDTP and SRTM BPND and the respective receptor occupancy estimates support the 



 

 

applicability of a shorter protocol in [11C]raclopride dose occupancy studies. Furthermore, an 

inter-subject variability of ±10% in washout rate constants together with correction factors in 

the order of 10-18% seen in this work suggest that �5
� and �5

* are not the main factor for the 

correction of these scans and therefore could be approximated by a population average. This 

was confirmed by our results, suggesting that the baseline scan could also be reduced to a short 

static scan and the DTP method could be considered as a general alternative approach for the 

estimation of binding potential values from a bias-corrected SUVR, therefore fully surpassing 

the need for dynamic scans. For this approach however, it is necessary to assure that inter-

subject variability of these washout rate constants within the study population is limited. While 

[11C]raclopride is a stable and reliable tracer in terms of quantification25–27, this might not be the 

case for a larger and heterogeneous study population or for other tracers. In this context, the 

proposed error analysis can be valuable for determining the impact of the variability of washout 

rate constants between and within subjects over time17 on the DTP estimates of the binding 

potential.  

Specifically for dose occupancy studies, results depend on the stability of receptor 

affinity3, while dosing with new drug compounds may also influence the kinetic behavior of the 

tracer, compromising the use of baseline washout rate constants for post-dose quantification. 

Especially regarding the possible effects of the drug dosing on perfusion related kinetic 

parameters, a first validation of the approach is necessary. Again, an error analysis similar to 

the one performed in this study can be valuable to assess the robustness and applicability of this 

approach in other settings. Moreover, this analysis is rather straightforward provided dynamic 

baseline datasets are available. On the other hand, simultaneous PET/MRI could be of interest 

for monitoring of perfusion changes between scans by combining PET with MR ASL (Arterial 

Spin Labeling) perfusion measurements28, a perfusion weighted MR imaging technique that 

does not require an exogenous contrast agent. Next to dose occupancy studies, the DTP 

approximation of BPND could also be a valuable approach for PET displacement or activation 

studies where the endogenous neurotransmitter level is increased during scanning and kinetics 

of specifically bound radioligands are altered. In general, these data are analyzed by an extension 

of SRTM which models the change of the endogenous neurotransmitter level and quantifies the 



 

 

amplitude of this change. For these studies, a DTP approximation could be considered to 

monitor BPND changes relative to baseline after activation29. 

To conclude, combining dynamic baseline scanning and dual time point post-dose 

imaging resulted in an accurate method for the quantification of BPND and occupancy levels of 

the specific and fast-dissociating D2 antagonist JNJ-37822681, using [11C]raclopride PET. 

Compared to SUVR, the proposed method is more accurate, less time-dependent and produces 

smaller bias, while the reduction of the total acquisition time is still significant. Although the 

dual time point approximation should be applicable to every tracer with a reference tissue and 

single compartment tracer kinetics, this approach should be validated for dose occupancy 

studies with other tracers or drug compounds to assess time stability of washout rate constants, 

and the possible impact of the tested drug on tracer kinetics.  
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Introduction 

γ-Aminobutyric acid (GABA) is the major inhibitory neurotransmitter in the brain and 

dysfunction of GABA is related to several neurological and psychiatric disorders1. In order to 

understand the role of GABA in brain disorders, the GABAA receptor antagonist flumazenil has 

been used in Positron Emission Tomography (PET) studies2,3. [11C]Flumazenil is a well-

established PET tracer that has been used to, e.g., identify penumbral areas of infarction in 

stroke4, as well as assess neuronal damage in head injury5, epilepsy6, and Alzheimer’s disease7. 

In general, [11C]flumazenil is used as a marker for neuronal integrity and neuronal loss8,9. 

Neuronal loss is generally accompanied by an inflammatory process, especially in 

neurodegenerative diseases10,11. Interestingly, immune cells involved in neuroinflammation (i.e. 

microglia, astrocytes, infiltrating T-cells and macrophages) are also able to express GABAA 

receptors12–17, which play an important role in the activation of immune cells and the 

consequent release of anti- and pro-inflammatory cytokines and chemokines18. GABA appears 

to have a regulatory function in autoimmune diseases and during inflammatory responses to 

infections19. For example, it has been found that GABA acts as a powerful anti-inflammatory 

stimulus on immune cells in mouse models of inflammatory conditions such as rheumatoid 

arthritis20, diabetes type 121, and multiple sclerosis22.  

Therefore, the study of neuronal loss in brain disorders with [11C]flumazenil could be 

compromised by its binding to receptors expressed in activated immune cells. Consequently, a 

decrease in binding due to neuronal loss might be partially obscured by an increased binding 

of the tracer to these activated immune cells, leading to an incorrect interpretation of the results. 

Generally, the specific binding of [11C]flumazenil to the GABAA receptors can be quantified by 

pharmacokinetic modeling using arterial input functions23 or a reference tissue with low 

expression of the receptor as indirect input24. Although no brain region is completely free of 

GABAA receptors25,26, the pons has been used as a reference tissue 5,24,27. However, the use of the 

pons as the reference tissue may not be valid if an increase in GABAA receptor density is seen 

in this tissue due to the activation of immune cells.  

In this study, we evaluated if the presence of neuroinflammation results in increased 

[11C]flumazenil binding and, consequently, whether this affects the use of the pons as reference 



 

 

tissue for pharmacokinetic modeling. For this purpose, we used the herpes simplex encephalitis 

(HSE) rat model,  known to cause severe neuroinflammation in the pons and medulla28–30, and 

compared estimates of [11C]flumazenil binding determined from a reference based model to the 

plasma input derived parameters.  

Materials and methods 

Animals 

Male outbred Wistar-Unilever rats (n=19) were obtained from Harlan (Horst, The 

Netherlands). The rats were group housed in Makrolon cages on a layer of wood shavings, in a 

room with constant temperature (21±2°C) and 12 h light-dark regime. Standard commercial 

chow and water were available ad libitum. After inoculation, the rats were individually housed 

in independent ventilated cages. All animal experiments were performed according to the 

Dutch Law on Animal Experiments, and were approved by the Institutional Animal Care and 

Use Committee of the University of Groningen (DEC 6264B).  

The rats were randomly divided into two groups: control (n=10) and HSE (n=9). In 4 

rats from each group, the GABAA receptors were pre-saturated with 330 nmol of unlabeled 

flumazenil to determine non-specific binding (Table 1). 

Table 1. Overview of the groups, injected activity and mass.  

Group 
Body weight 

Day 0 (gr) 
Body weight 

Day scan (gr) 
Inj. activity 

(MBq) 
Injected mass 

(nmol) 
Control (n=6) 243±22 [222-282] 281±25 [260-318] 65±28 [28-96] 3.4±2.5 [1.5-7.6] 

HSE (n=5) 246±13 [233-266] 267±27 [239-303] 57±18 [40-85] 4.1±3.1 [1.6-7.8] 

Control PS (n=4) 288±11 [274-301] 288±11 [274-301] 51±24 [22-72] 7.0±7.1 [2.0-17.1]

HSE PS (n=4) 251±9 [242-262] 293±10 [279-303] 47±10 [38-59] 6.6±6.6 [2.1-16.2]
Mean ± standard deviation [minimum – maximum]. HSE: Herpes simplex encephalitis. PS: pre-saturation. 
* These values represent the injected mass during tracer injection. Pre-saturation with 330 nmol of unlabeled flumazenil performed 5 min 
earlier is not considered. 

 

 

 

 

 



 

 

Herpes simplex encephalitis model  

Herpes simplex encephalitis was induced by intranasal inoculation with the herpes 

simplex virus type-1, obtained from a clinical isolate and cultured in Vero cells. The culture was 

assayed for plaque-forming units (PFU) per ml29. Rats were inoculated under light anesthesia 

(5% isoflurane mixed in medical air) by application of 50 µl of phosphate-buffered saline (PBS) 

with 0.5×107 PFU of virus (HSE group) or PBS only (control group) into each nostril. 

[11C]Flumazenil synthesis 

[11C]Flumazenil was synthesized as previously described31, with some modifications. In 

summary, [11C]methyltriflate was transferred with a helium gas flow (30 ml/min) into the 

reaction vial containing 0.5 mg of desmethyl-flumazenil (ABX  art.1700.0001) and 10 μL 1M 

NaOH dissolved in 300 μL of dry acetone at room temperature. After the trapping, the reaction 

mixture was heated at 60 oC for 1 min. Then, 0.7 ml of HPLC eluent was added (23% of 

acetonitrile in 25 mM aqueous NaH2PO4 at pH 3.5). The mixture was purified by HPLC over a 

μBondapak™ C18 125Å column (10μm, 7.8×300 mm, Waters) at a flow rate of 5 ml/min. The 

purified product with a retention time of 13-14 min was collected, diluted in 85 ml water and 

passed over an Oasis HLB 1cc cartridge (30 mg, Waters). The cartridge was washed twice with 

8 ml of saline, and eluted with 0.75 ml of ethanol and 4.5 ml of saline. The product was sterilized 

over a 0.22 μm LG filter, collected in a sterile vial with a 53±18% radiochemical yield. Quality 

control was performed using Waters Acquity H-class UPLC, with a Berthold Flow Star LB 513 

radioactivity detector and Waters Acquity UPLC C18 BEH phenyl Shield RP18 column (1.7 

µm, 3×50 mm) at 35 °C. The product was eluted with 20% acetonitrile in water at pH 2.0 

(adjusted with HClO4) at a flow rate of 0.6 ml/min. The UV signal was measured at a wavelength 

of 220 nm. The retention time of the precursor (desmethyl-flumazenil) was 1.3-1.6 min, and 

the retention time of [11C]flumazenil was 2.1-2.6 min. The radiochemical purity of 

[11C]flumazenil was >99%, the pH was 6.5-7 and the molar radioactivity 42±20 GBq/μmol 

(n=12). 

 

 



 

 

PET procedure  

[11C]Flumazenil PET scans were acquired at day 6 or 7 post-inoculation28–30. Rats were 

anesthetized with 5% isoflurane (maintained at 1.5-2.2%) mixed with medical air at a flow of 

1.5-2 ml/min. A cannula was inserted in the femoral vein for tracer injection, and in the femoral 

artery for arterial blood sampling. The rats were then positioned into the small animal PET 

camera (Focus 220, Siemens Medical Solutions, USA) in a trans-axial position with their heads 

in the field of view. A transmission scan of 515 s was acquired using a Co-57 point source. 

Hereafter, [11C]flumazenil was injected over 1 min using an automatic pump at a speed of 1 

ml/min. A 60-min dynamic PET acquisition was started when the tracer entered the body. 

Unlabeled flumazenil, 330 nmol in 200 µl of 15% ethanol in saline, was intravenously injected 

5 min before tracer injection in the pre-saturated groups32. 

During the scan, 16 blood samples of 0.1 ml were taken (10, 20, 30, 40, 50, 60, 90, 120, 

180, 300, 450, 600, 900, 1800, 2700, and 3600 s). Larger blood samples of 0.6 ml were obtained 

at 2 or 3 of these time points for metabolite analysis. After collection of each blood sample, an 

equivalent volume of heparinized saline was injected to prevent large changes in blood pressure. 

A 25 µl aliquot of whole blood was extracted from each sample for radioactivity measurement. 

The remaining volume of the sample was centrifuged at 13,000 rpm (15,996×g) for 8 min and 

25 µl of plasma was taken for radioactivity measurement. The radioactivity in blood and plasma 

was measured in a gamma counter (LKB-Wallac, Finland). 

PET image processing  

The list-mode data from the emission scan was reconstructed into 21 time frames (6×10, 

4×30, 2×60, 1×120, 1×180, 4×300, and 3×600 s). Emission sinograms were iteratively 

reconstructed (OSEM2D, 4 iterations and 16 subsets) after being normalized and corrected for 

attenuation and radioactivity decay. The PET images were analyzed with PMOD v3.7 software 

(PMOD Technologies Ltd., Switzerland). Automatic registration of the scans was performed 

using a [11C]flumazenil template33, and bilateral volumes of interest (VOI) were selected for 

regions with high GABAA expression (the frontal and cerebral cortices, and hippocampus) and 

low GABAA expression (cerebellum, medulla and pons), in addition to the medulla and pons 

that are most affected in the HSE rat model28–30 (Figure S1). Time-activity curves (TACs) were 



 

 

generated for each VOI and expressed as the standardized uptake value (SUV), by correcting 

the radioactivity concentration in the brain regions for the injected dose and body weight. 

Metabolite analysis 

Metabolite analysis was performed in plasma samples collected at 5 (n=6), 10 (n=2), 15 

(n=7), 30 (n=4), 45(n=2) or 60 min post injection (n=5). Given the volume of blood needed for 

metabolite analysis and the limitations in the amount of blood that can be taken from a single 

rat, only 2 or 3 time-points per rat were selected for metabolite analysis. The plasma was diluted 

with an equivalent volume of acetonitrile, mixed with a vortex for 1 min and then centrifuged 

for 3 min at 5,300 rpm (3,030×g). The supernatant was filtered through a Millipore filter 

(Millex-HV 4 mm syringe filter, pore 0.45 µm). An equivalent volume of water for injection was 

added and the volume was adjusted to 1 ml with HPLC mobile phase. The solution was analyzed 

by HPLC using an Alltima RP-C18 column (5 µm, 10×250 mm) and a mobile phase consisting 

of acetonitrile/1mM H3PO4 (25/75) at a flow of 5 ml/min. In total 48 fractions of 30 s were 

collected and measured in the gamma counter. The percentage of metabolites was calculated by 

dividing the activity of the metabolites by the total amount of radioactivity in all fractions 

combined. No statistical differences were found between the metabolite curves of the two 

groups. Therefore, all metabolite data was used to obtain a single population-based curve fitted 

with a single exponential function. 

Pharmacokinetic modeling 

Pharmacokinetic analysis was performed in PMOD v3.7 (PMOD Technologies Ltd, 

Switzerland). The scans were analyzed using the two-tissue compartment model (2TCM)3,25,27. 

Blood and metabolite corrected plasma curves were used as input function, with a fixed blood 

volume of 5%. 

The volume of distribution (VT) was used as the main outcome parameter to determine 

if the presence of neuroinflammation resulted in an increased binding of [11C]flumazenil. In the 

non-saturated groups, the non-displaceable binding potential (BPND) was indirectly computed 

from the ‘distribution volume ratio’ (DVR) from the 2TCM according to the formula: BPND = 



 

 

DVR – 1 = (VT / VT reference) – 134. The BPND was also directly determined using the Simplified 

Reference Tissue Model (SRTM) 24, with the pons as the reference tissue. 

Statistical analysis 

Statistical analysis was performed using IBM SPSS Statistics 22. Differences between 

TACs of blood and plasma were explored by means of the Generalized Estimating Equations 

model35, including group and time as predictive variables in the model. The unstructured 

correlation matrix was selected according to the quasi-likelihood under the independence 

model information criterion value, and the Wald test was used to report the p-values. Group 

differences in injected dose, injected mass, VT and BPND values were analyzed by one-way 

ANOVA and Student’s t-test. The Pearson’s correlation coefficient was used to analyze the 

correlations. The existence of bias in the BPND values was further explored by Bland-Altman 

plot. Probability (p) values <0.05 were considered significant. 

Results 

Descriptive statistics 

An overview of the groups, and the injected activity and mass of [11C]flumazenil is given 

in Table 1. No statistically significant differences were found between groups in the injected 

activity or injected mass. 

The PET images (Figure 1) showed higher uptake in the gray matter than in white 

matter. No differences were observed in the [11C]flumazenil uptake between control and HSE 

rats, while there was a clear decrease in brain uptake in pre-saturated rats. [11C]Flumazenil 

TACs (Figure 2) of the pons (low GABAA receptor expression) showed highest uptake 1-2 min 

after tracer injection, while uptake in the frontal cortex (high GABAA receptor expression) was 

highest about 4-7 min after injection. No statistically significant differences were found between 

the TACs of control and HSE rats. Pre-saturation with unlabeled flumazenil resulted in a lower 

peak value in the first minute after injection followed by a faster washout, resulting in stable 

uptake about 10 min after injection. A statistically significant lower TAC (p<0.001) was found 

in the pons and frontal cortex for both the control and HSE rats, when compared with its 

corresponding pre-saturated group. 



 

 

 

Figure 1. Representative [11C]flumazenil PET brain images (30-60 min after injection) of a control rat , rat with 
herpes simplex encephalitis (HSE), and control and HSE rats pre-saturated with unlabeled flumazenil. 

 

Figure 2. Average [11C]flumazenil time-activity curves of the pons (low GABAA receptor expression) and frontal 
cortex (high GABAA receptor expression). Data is expressed as the standardized uptake value (mean ± SD). HSE: 
herpes simplex encephalitis. 

[11C]Flumazenil uptake in whole blood and plasma peaked around 40 s after injection 

(Figure 3A) and only about 15% of intact [11C]flumazenil was present 10 min after injection 

(Figure 3B). No statistically significant differences were found between groups in whole blood 

uptake, metabolite corrected plasma uptake, or metabolism. 



 

 

 

Figure 3. (A) [11C]Flumazenil time-activity curve for whole blood and metabolite corrected plasma (mean ± SD), 
(B) and the percentage of radioactive metabolites in plasma. 

 

Distribution volume (VT) 

To determine if the presence of neuroinflammation increased [11C]flumazenil binding, 

the VT was calculated with the 2TCM. The highest VT values were found in the frontal cortex, 

while the lowest were found in the medulla and pons (Table 2). No statistically significant 

differences were found between the control and HSE groups in any of the brain regions. In HSE 

rats and controls, pre-saturation with unlabeled flumazenil caused a statistically significant 

reduction in the VT in all the brain regions (p<0.001) when compared with the corresponding 

non-saturated groups. No differences were found between control and HSE pre-saturated 

groups. 

Table 2. [11C]Flumazenil VT (mean ± standard error) obtained by two-tissue 
compartment modeling. 

     Pre-saturated 

Brain Region Control HSE Control HSE 

Frontal cortex 7.68 ±0.30 7.86±0.70 0.92±0.27* 0.98± 0.07* 

Cerebral cortex 6.85 ±0.29 7.03±0.62 0.95±0.26* 0.96± 0.06* 

Hippocampus 6.72 ±0.20 6.97±0.61 0.86±0.23* 0.84± 0.07* 

Cerebellum 4.29 ±0.17 4.39±0.40 0.81±0.23* 0.83± 0.06* 

Pons 2.96 ±0.07 3.22±0.32 0.78±0.21* 0.90± 0.05* 

Medulla 2.48 ±0.06 2.74±0.29 0.78±0.22* 0.90± 0.07* 
*p<0.001 for the groups pre-saturation with flumazenil when compared with its 
correspondent non-saturated group. 2TCM: two-tissue compartment model; HSE: 
Herpes simplex encephalitis. 



 

 

Non-displaceable binding potential (BPND) 

No statistically significant differences were found in the BPND values (Table 3) between 

control and HSE groups in any of the brain regions. The BPND values (Figure 4) obtained directly 

from the SRTM had a high correlation with the DVR – 1 values from 2TCM (r2=0.98, p<0.001). 

However, BPND from SRTM were consistently lower than those from the 2TCM (slope = 0.80). 

This negative bias (-0.15±0.15) of the BPND values directly derived from the SRTM was also 

observed in the Bland-Altman analysis. A region-dependent bias was found (Figure 4B), with 

high-binding regions presenting the largest differences (e.g. cortical regions). No statistical 

difference was observed between control and HSE groups in the bias of the BPND values (Figure 

4C). 

 

Figure 4. (A) Linear regression and (B, C) Bland-Altman plots for non-displaceable binding potential (BPND) values obtained 
indirectly from the two-tissue compartment model (DVR − 1) and directly by the simplijed reference tissue model (SRTM) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

Table 3. Non-displaceable binding potential (BPND, mean ± 
standard error) obtained from the two-tissue compartment 
model and the simplified reference tissue model using the 
pons as the reference tissue. 

Brain Region Model Control HSE 

Frontal cortex SRTM 1.29±0.05 1.22±0.06 
 2TCM 1.60±0.09 1.45±0.05 

Cerebral cortex SRTM 1.01±0.04 0.98±0.07 
 2TCM 1.31±0.07 1.20±0.07 

Hippocampus SRTM 1.03±0.04 1.00±0.08 
 2TCM 1.27±0.05 1.18±0.08 

Cerebellum SRTM 0.40±0.01 0.33±0.02 
 2TCM 0.45±0.04 0.37±0.02 

Medulla SRTM -0.13±0.01 -0.13±0.01 
 2TCM -0.16±0.01 -0.15±0.01 

SRTM: simplified reference tissue model; 2TCM: two-tissue 
compartment model; HSE: Herpes simplex encephalitis. 

 

Discussion 

The aim of the present study was to explore whether a neuroinflammatory process 

would influence the [11C]flumazenil binding in the pons, therefore compromising its use as 

reference tissue in pharmacokinetic analysis. The results obtained showed that the presence of 

neuroinflammation does not affect the binding of [11C]flumazenil to the GABAA receptors. 

The use of the pons as reference tissue has already been studied in healthy volunteers 

and several neurological conditions5,27,36. However, to the best of our knowledge, no studies have 

been performed in a model that presented inflammation in the reference tissue. Astrocytes, 

microglia and T-lymphocytes are known to express GABAA receptors in their cell membrane. 

These immune cells participate in the process of neuroinflammation, which is accompanied by 

overexpression of GABA receptors12,19. In fact, growing evidence shows the protective effects of 

GABA in the central nervous system and in the periphery19. Due to the close relationship 

between the immune and GABA systems, we hypothesized that the uptake of [11C]flumazenil 

would be higher in inflamed brain regions. The HSE rat model was chosen because the tropism 

of HSV-1 evocated strong acute neuroinflammation in the pons, which has been previously 

confirmed by immunohystochemical staining of microglia cells29 and by PET imaging using an 



 

 

array of TSPO radioligands 28–30,37. It has to be mentioned that the activation of microglia cells 

in the HSE model does not necessarily imply changes in GABAA expression, which have not 

been confirmed by immunohystochemical staining, as our main aim was to determine if 

[11C]flumazenil  pharmacokinetic modeling was affected by inflammation. 

In the present study, no significant alterations were found in the [11C]flumazenil TACs 

or the VT values of any brain region between healthy animals and the HSE group. These results 

seem to support the validity of reference tissue based models even in the presence of an acute 

severe inflammatory reaction. Nevertheless, it cannot be excluded that a different immune 

challenge may induce a different inflammatory response with a different regulation of the 

GABAergic system. 

Possible changes in the GABAA complex, due to the administration of isoflurane as 

anesthetic drug38–41, might be considered as a limitation in our study. Moreover, a study on mice 

has shown an increase in [18F]flumazenil binding in the animals anesthetized with isoflurane42. 

This effect encourages caution in the interpretation of the data involving this anesthetic. 

However, in the present study, all animals underwent the same anesthetic procedure, and were 

exposed to similar amounts of isoflurane. Therefore, an effect of isoflurane could be expected 

in GABAA receptors of all animals, which should not interfere in group comparisons. 

While the pons is a well-accepted reference tissue, it is not entirely devoid of GABAA 

receptors43–45. In fact, no brain regions can be considered completely GABAA receptor free25,26. 

In the present study, a statistically significant reduction of the VT value and the TACs was found 

in all brain regions, including the pons, when the animals were treated with unlabeled 

flumazenil 5 min before starting the scan, when compared with the corresponding group 

without pre-saturation. Similar results were previously reported in displacement studies32. 

Based on these results, the pons should be considered as a ‘pseudo-reference’ tissue, as it is not 

devoid of the receptor of interest, but receptor expression does not significantly differ between 

conditions. Interestingly, in the present study the medulla of non-saturated groups showed 

statistically lower VT values than the pons (p<0001). This result opens the possibility to further 

explore this region, or the whole brainstem, as an alternative ‘pseudo-reference tissue’ in the 

quantification methods in rat studies. 



 

 

 

Figure S1. Bilateral volumes of interest were selected with high GABAA expression (frontal and cerebral cortices, 
and hippocampus) and low GABAA expression (cerebellum, medulla and pons). 
 

The use of reference tissue based models simplifies the scanning procedures, allowing 

the quantification of BPND values without the acquisition of blood and plasma samples to obtain 

the input functions. These models are preferred as they are less invasive27 and are especially 

useful in longitudinal study designs.  

In the present study, however, a region-dependent underestimation of the BPND 

obtained with the SRTM was observed, which was not different between control and HSE 

groups. This bias was already reported to be dependent upon both blood flow and receptor 

density43. In our results, no differences in the ‘pseudo-reference’ tissue of the pons were 

observed between groups in either the K1, k2 or K1/k2 values. Therefore, it can be assumed that 

the bias was mostly related to receptor density. 

While this underestimation must be considered carefully, the high correlation found in 

the BPND values obtained using the arterial input function and the reference tissue based 

method, indicate that the latter can be used for future [11C]flumazenil studies. 

Conclusion 

The acute neuroinflammatory reaction in the brainstem of the herpes simplex 

encephalitis rat model did not significantly affect [11C]flumazenil binding in the pons, as 

measured by PET imaging. Although the pons was found not to be devoid of GABAA receptors, 

it can be a valid pseudo-reference tissue for advanced quantitative methods (i.e. 

pharmacokinetic modeling), even in the presence of neuroinflammation.  
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Background 

[11C]Flumazenil is a well-established and widely used radiotracer in Positron Emission 

Tomography (PET) studies in humans1 as a GABAA antagonist. It binds to the benzodiazepine 

binding site of the GABAA receptor, allowing PET imaging of [11C]flumazenil uptake to enable 

the in vivo visualization and quantification of processes related to neuronal loss and integrity2,3. 

More specifically, flumazenil displays comparable levels of binding to the GABAA receptors 

containing α1, α2, α3 or α5 subunits, which is why this compound is considered to be not 

subtype-selective4. For these reasons, [11C]flumazenil can be considered a versatile PET tracer 

and it has been used in the study and assessment of several conditions, such as neuronal damage 

in head injury5, epilepsy6, stroke-induced penumbral areas of infarction7 and Alzheimer’s 

disease8.  

The quantification of [11C]flumazenil uptake and binding is often performed by 

pharmacokinetic modeling, with the aid of compartmental models9. For the application of those 

models, information on tracer delivery is needed. This information can be obtained either in a 

direct form, by arterial sampling and the construction of a plasma input function, or in an 

indirect manner making use of a reference tissue devoid of receptors of interest10. Previous 

human studies11,12 evaluated the performance of some of these models (plasma input and 

reference tissue based) and established which ones provided a more robust and reliable 

quantification of [11C]flumazenil receptor binding. For plasma input methods, the one tissue 

compartment model (1TCM) was determined to be the preferred model11. Among the 

reference-based models for [11C]flumazenil quantification, the simplified reference tissue model 

(SRTM) was considered valid and robust13, with the use of the pons as the reference tissue, based 

on the fact that this region shows a low-density of GABAA receptors14.  

However, the superiority, validity, and accuracy of the 1TCM and the SRTM for the 

quantification of [11C]flumazenil binding have only been assessed in human studies and, 

therefore, are related to the behavior of this radiotracer in the human brain. Surprisingly, there 

has not yet been a careful assessment of the performance of the different pharmacokinetic 

models for rat studies. Nonetheless, pharmacokinetic modeling can be of particular relevance 

in the preclinical setting, since animal studies are often applied in drug development, 



 

 

longitudinal disease monitoring or treatment response assessment. There, assessing the full 

tracer kinetic profile in tissue is preferable above semi-quantitative measures such as standard 

uptake values (SUVs) or SUV ratios (SUVR)15,16. Since anatomical and physiological variations 

between species can affect tracer kinetics, the suitability of the clinically appropriate kinetic 

models for [11C]flumazenil brain kinetics can be questioned. Therefore, the purpose of this 

study was to investigate which pharmacokinetic model is most appropriate for the 

quantification of [11C]flumazenil binding in pre-clinical rat studies. In order to do so, we 

retrospectively analyzed PET rat brain data, as well as simulated data, by a number of different 

methods, including compartmental (plasma input and reference tissue based) and non-

compartmental methods.  

Methods 

Data from male outbred Wistar-Unilever rats (n=12) obtained from Harlan (Horst, The 

Netherlands) and part of a preclinical study were analyzed. The preclinical study, of which the 

results will be reported elsewhere, divided the rats into three groups: controls (CRTL, n=5), rats 

displaying neuroinflammation as a result of infection with the herpes encephalitis virus (HSV, 

n=5)17–19, and rats pre-saturated with cold flumazenil (PS, n=2). For the purpose of this 

pharmacokinetic modeling study, rats from the CRTL and the HSV group were combined into 

one group which received a tracer dose only (TD, n=10). The PS group remained unchanged 

and as a separate group for additional analysis (Table 1). Although outside the scope of this 

study, the CTRL and HSV groups were tested for differences in plasma and metabolite curves, 

as well as for regional quantitative endpoint parameters derived from each tested 

pharmacokinetic models, and no differences were found between the two groups, supporting 

the construction of the TD group.  

Table 1. Overview of the animal groups, injected activity and mass. Data are expressed as mean ± SD. 

 Injected Activity Injected mass Animal weight  

Group (MBq) (nmol) (kg)  

Tracer dose (n=10) 59.3 ± 22.6 3.3 ± 2.4 0.273 ± 0.03  

Pre-saturated (n=2) 71.9 and 59.1 1.9 and 5.6 0.300 and 0.295  

 



 

 

All animal experiments were performed according to the Dutch Law on Animal 

Experiments and approved by the Institutional Animal Care and Use Committee of the 

University of Groningen (6264B).  

PET Imaging 

Animals were anesthetized with 5% isoflurane (maintained at 1.5–2.0%) mixed with 

medical air with 1.5-2ml/min flow. Next, animals were positioned in the PET camera (Focus 

220, Siemens Medical Solutions, USA) with the head in the field of view and in trans-axial 

position. After a point-source (Co-57) transmission scan, an automatic pump was used for the 

bolus injection of [11C]flumazenil over 60s. Dynamic PET data were acquired in list-mode for 

60min, starting from the moment the tracer entered the body. For the PS group, unlabeled 

flumazenil (330nmol in 200µl of 15% ethanol in saline) was injected intravenously 5 min before 

tracer administration20.  

The precursor of [11C]flumazenil and the cold flumazenil were obtained from ABX 

(art.1700 and 1710, respectively) in order to ensure high chemical purity (>95%). The labelled 

[11C]flumazenil was then synthesized in our laboratory at the UMCG as described elsewhere21. 

Moreover, the cold flumazenil compound was used as standard for the HPLC settings for both 

the radiotracer synthesis and for the metabolite analysis. It was also the compound used for the 

pre-saturation of the PS group. 

Image processing 

List-mode data was reconstructed into 21 frames (6×10, 4×30, 2×60, 1×120, 1×180, 

4×300 and 3×600s) including all necessary corrections to obtain quantitative emission images. 

Sinograms were Fourier rebinned and reconstructed by a 2D-OSEM algorithm22 with 4 

iterations and 16 subsets, resulting in 128×128×95 matrix images, with 0.63mm pixel width and 

0.79mm slice thickness. All subsequent PET image analysis, including pharmacokinetic 

modeling, was performed with PMOD v3.7 (PMOD Technologies Ltd., Switzerland).  

Individual dynamic images were automatically coregistered to a [11C]flumazenil 

template23 pre-aligned to the Paxinos stereotaxic coordinates system. Bilateral volumes of 

interest (VOIs) were extracted from a set of previously constructed regions23, including the 



 

 

whole brain and regions with high GABAA expression (the frontal cortex and the 

hippocampus), and low GABAA expression (cerebellum, medulla, and pons). Due to their small 

size and potential vulnerability to spillover effects, the VOIs from medulla and pons were 

adapted and reduced in order to further separate them from neighboring high tracer uptake 

regions. Finally, time-activity curves (TACs) were generated by projecting the pre-defined VOIs 

onto the dynamic images.  

Determination of individual metabolite corrected plasma input curves 

For the determination of a metabolite corrected plasma input function, arterial blood 

samples of 0.1ml were acquired (n=16) and for 2–3 of the time points, larger samples (0.6ml) 

were collected for metabolite analysis. These 2-3 time points were collected at 5, 10, 15, 30, 45 

or 60 min post injection, in order to adequately sample the metabolites dynamics. Equivalent 

volumes of saline were injected to avoid a decrease in blood pressure. For each sample, blood 

and plasma were separated and measured in a gamma counter (LKB-Wallac, Finland) for the 

construction of both blood and plasma input curves.  

The metabolites were determined by first diluting the plasma with an equivalent volume 

of acetonitrile and mixing it with a vortex for 1 min. Next, it was centrifuged at 5.300 rpm for 3 

min. The supernatant was then filtered through a Millipore filter (Millex-HV 4 mm syringe 

filter, pore 0.45 µm) and an equivalent volume of water was added, and the volume adjusted to 

1 ml with an HPLC mobile phase. The resulting solution was analyzed by HPLC using an 

Alltima RP-C18 column (5 µm, 10×250 mm) and a mobile phase of acetonitrile/1mM H3PO4 

(25/75) at a flow of 5 ml/min.  

Next, a population metabolite curve was constructed by averaging the metabolite 

samples of the individual rats and fitting the average curve with a single exponential function. 

Finally, the population average metabolite curve was used for the metabolite correction of the 

individual plasma input functions.  

Pharmacokinetic modeling 

Plasma input models included the one- and two-tissue compartment models (1TCM 

and 2TCM, respectively), and the Spectral Analysis (SA)24. The SA method was applied with 50 



 

 

basis functions, the minimum exponential coefficient set to 0.001s-1, and the maximum 

exponential coefficient to 1s-1. The range of exponential coefficients were determined based on 

1) the range of VT obtained from 1TCM and 2TCM, and 2) the suggested limits of upper and 

lower bounds as described previously25,26. The number of grid components (50) was chosen in 

order to balance good coverage of basis functions and computational efficiency. Model fits were 

performed with individual metabolite corrected plasma curves as input functions and a fixed 

blood volume fraction of 5% of the whole blood curve. Blood delay was calculated for the whole 

brain and subsequently fixed for the remaining regions. The distribution volume (VT) was the 

parameter of interest for all plasma input models.  

Following previous studies, the pons was considered as the reference region and its TAC 

served as input function for the reference based models. The Full Reference Tissue Model 

(FRTM) and two versions of the Simplified Reference Tissue Model, with either one (SRTM27) 

or two (SRTM-2C10) compartments for the reference region, were applied to the data. The 

parameter of interest for the reference tissue based models was the non-displaceable binding 

potential (BPND).  

Finally, BPND was also indirectly determined from the VT estimates of the plasma input 

models (BPND = (VT / VT reference) – 1 = DVR - 1)28 for method comparison.  

Simulations 

At first, a set of noiseless TACs (n=10) was generated to assess whether model 

preference was associated to the level of specific binding relative to the non-specific signal 

present in that particular region. For that purpose, a three-tissue compartment model (3TCM) 

with varying levels of specific binding was used for the generation of TACs, such that these 

closely matched the shapes and amplitudes of those seen in the pre-clinical data. First, an 

average plasma curve was determined from the animal data and used as input function. Next, 

representative rate constants from the 2TCM fits were determined and set as starting point for 

the generation of TACs. K1, k2 and k4 were set to the average values of the TD group parameters. 

Assuming complete receptor blocking in the PS group, k5 and k6 were defined as the average 

values of k3 and k4 of that group. Next, the different binding levels were generated by varying k3 

from 0.2min-1 to 2.6 min-1. An overview of all micro and macro parameters used for the 



 

 

simulated TACs can be found in Table 2. Next, 100 TACs per k3 were generated by adding 

Poisson-like noise to the noiseless TACs, with zero mean and a standard deviation 

corresponding to 5% and 10% of the average uptake value of the last two frames. 

Table 2. Overview of the micro and macro parameters used for the simulated TACs. 

Micro-parameters Macro-parameters 
k3 VT DVR – 1 BPND 

(min-1)  (K1/k2)*[1+(k3/k4)+(k5/k6)]  (k3/k4) 
0.20 1.44 0 1.17 
0.35 1.75 0.22 2.05 
0.50 2.06 0.43 2.94 
0.65 2.38 0.65 3.82 
0.80 2.69 0.87 4.70 
0.95 3.00 1.09 5.58 
1.10 3.32 1.30 6.47 
1.25 3.63 1.52 7.35 
1.40 3.95 1.74 8.23 
1.55 4.26 1.96 9.11 
1.70 4.58 2.18 10.0 
1.85 4.89 2.39 10.8 
2.00 5.20 2.61 11.7 
2.15 5.51 2.83 12.6 
2.30 5.83 3.05 13.5 
2.45 6.14 3.27 14.4 
2.60 6.46 3.48 15.3 

Fixed micro-parameters (min-1)  
K1 = 0.8; k2 = 2.25; k4 = 0.17; k5 = 0.15; k6 = 0.08  

 

The simulated TACs were subsequently analyzed with the same models used for the 

animal data. VT and BPND from simulated data were compared to the theoretical values derived 

from the 3TCM configuration (Table 2). Model preference was assessed for the noiseless TACs, 

as well as for the different noise levels. 

Model comparison and statistical analysis 

Statistical data analysis was performed with IBM SPSS Statistics 22 for both animal and 

simulated data, and the results are presented as mean ± standard deviation (SD).  

Model preference between 1TCM and 2TCM was assessed for each region based on the 

Akaike information criterion (AIC)29. Regional differences in VT values estimated from the 



 

 

three different models (1TCM, 2TCM and SA) were tested for significance by repeated 

measures ANOVA and subsequent paired t-tests. Parameter estimates were also compared 

between all the six models by linear regression analysis and Bland-Altman plots. All results were 

considered significant when p<0.05 and, whenever suited, subsequently corrected for multiple 

comparisons by applying the Bonferroni-Holm correction.  

Data from the PS group was excluded from the linear regression analysis. This was done 

in order to avoid two clear clusters of different VT magnitudes in the linear plot, which could 

affect the correlation values.  

Results 

Figure 1 shows some representative time activity curves, input functions and metabolite 

data.  

 

Figure 1. (a) Representative TACs of the five regions analyzed in the TD group. (b) Mean whole blood and plasma input curves (black 
and gray circles, respectively) and the 95% confidence intervals as defined by mean±1.96*SD displayed in dashed lines. (c) Parent plasma 
curve in percentage, determined as 1 – the average percentage of metabolites (solid black line), the 95% confidence intervals 
(mean±1.96*SD), displayed as dashed lines and the individual samples (black circles).   

 

Model preference  

Model preference displayed a region-dependent behavior for the TD group (Figure 2). 

A clear preference (>70%) for the 1TCM was seen in regions with high expression of GABAA 

receptors (frontal cortex and hippocampus). However, the 2TCM was necessary to obtain 

satisfactory fits in regions with low GABAA receptor expression such as medulla, cerebellum 



 

 

and pons (60%, 90% and 100% preference, respectively). Moreover, the spectra of SA analysis 

provided comparable information, with a prevalence of two peaks (representing two distinct 

compartments) for the regions of pons, medulla and cerebellum (100%, 70% and 90%). Frontal 

cortex showed two peaks in only two animals (20%) and hippocampus in three (30%). 

In the PS group, 2TCM fits resulted in lower AIC values for all brain regions (Figure 2). 

Moreover, visual inspection showed that 1TCM fits were not satisfactory (Figure 3a) and, 

generally, those resulted in an underestimation of both the peak and the tail in the TACs of the 

PS group. In the TD group, a similar underestimation can be seen in regions such as the pons, 

but not in high-binding ones such as the frontal cortex (Figure 3b).    

 

Figure 2. Region-wise display of model preference based on AIC values for the tracer dose (TD, n=10) and the 
pre-saturated (PS, n=2) groups. High-density GABAA regions (frontal cortex and hippocampus) of the TD group 
showed a preference for the 1TCM (gray), while low-density regions (cerebellum, medulla and pons) showed a 
preference for the 2TCM (black). All the regions in the PS group showed a preference for the 2TCM. 

 

Results from the simulated data displayed a similar pattern (Figure 4), with AIC values 

varying in relation to different levels of specific binding (small k3). For the noiseless TACs, AIC 

values of 1TCM were always higher than 2TCM fits, and they decreased for increasing k3. When 



 

 

5% noise was added, AIC for the 2TCM increased with larger k3 such that a small overlap in 

model preference was seen for the highest binding TAC. The addition of 10% noise 

strengthened this effect (Figure 4), with the overlap in AIC values occurring at earlier k3 values.  

 

Figure 3. (a) Representative (n=1) TAC and 1TCM and 2TCM model fits for the whole brain of an animal from 
the PS group. (b) Representative (n=1) TACs and 1TCM and 2TCM model fits for the frontal cortex (square) and 
the pons (circle) of an animal from the TD group. The individual data points (black dots) and two models fits are 
displayed: the 1TCM (gray solid line) and the 2TCM (black solid line) with the separate compartments (free + 
non-displaceable, black dashed line; specific, black dotted line). 

 

 

Figure 4. A figure on model preference for simulated TACs of increasing specific binding and noise levels. On the 
left, a plot of AIC values for the 1TCM (black) and the 2TCM (gray) for simulated noiseless TACs with increasing 
levels of specific-binding (increasing k3, x-axis). The two graphs on the right represent mean ± SD (solid line, 
dashed lines) for the AIC values of 1TCM (black) and 2TCM (gray) fits with 5% and 10% added noise. 

 

 



 

 

Distribution volume (VT) 

Following the AIC results, the 2TCM VT were considered as reference values for model 

comparison as it was the model which provided reliable fits across all brain regions. 

For the TD group, a significant correlation (p<0.001) was found between VT from 

different methods for all regions (Figure 5). Moreover, a significant difference between VT 

estimates was found for the low-binding regions, which corresponded to differences between 

1TCM and 2TCM VT (p<0.005), as well as between 1TCM and SA VT (p<0.05). An overview of 

VT values for each of the models is presented in Table 3.  

 

Table 3. Regional distribution volume (VT) estimates from the three different methods for each of the 
groups. Data are expressed as mean ± SD for the tracer dose group (n=10) and as individual values for the 
pre-saturated group (n=2). 

  VT  

Region 2TCM 1TCM SA 

Tracer dose (n=10)    

Frontal Cortex 7.81 ± 1.10 7.80 ± 2.38 7.15 ± 1.17 

Hippocampus 6.86 ± 0.94 6.84 ± 2.08 6.55 ± 0.95 

Cerebellum* 4.44 ± 0.67 4.11 ± 1.24 4.33 ± 0.65 

Medulla* 2.77 ± 0.48 2.35 ± 0.71 2.66 ± 0.39 

Pons* 2.54 ± 0.40 2.10 ± 0.61 2.45 ± 0.33 

Pre-saturated (n=2)    

Frontal Cortex 1.23 and 1.10 0.67 and 0.73 1.00 and 0.89 

Hippocampus 1.07 and 0.92 0.60 and 0.62 1.09 and 0.68 

Cerebellum 0.98 and 0.91 0.52 and 0.58 1.00 and 0.69 

Medulla 0.89 and 0.80 0.46 and 0.56 0.69 and 0.83 

Pons 0.99 and 0.88 0.55 and 0.59 0.80 and 0.72 

*Significant differences were found in these regions between 1TCM and 2TCM estimates (p<0.005) as well as between 1TCM and SA (p<0.05). 

 



 

 

 

Figure 5. Linear regression analysis between 1TCM and 2TCM (a) and between SA and 2TCM (b). The solid line 
represents the line of identity, and the dashed line corresponds to the regression fit. 

 

The Bland-Altman plots also showed region-dependent differences in VT estimation of 

the TD group, which were, percentage-wise, markedly larger for low-density regions (Figure 6). 

The 1TCM VT resulted in small (negative) differences compared to the 2TCM VT for the frontal 

cortex and hippocampus (-0.20% and -0.32% respectively), while medulla and pons showed the 

largest differences between the two models (-16.9% and -19.1% respectively). Cerebellum could 

be considered an intermediate region, both in terms of VT values (Table 3) and in differences 

between the models (-8.0%).  The VT values estimated from SA also resulted in region-

dependent differences to the 2TCM, with the largest overall differences observed in the frontal 

cortex (-5.16%) and the smallest seen in the pons (0.44%), as can be observed in Figure 6b. 

However, the variability in these differences was higher than what was seen between 1TCM and 

2TCM, corresponding to wider 95% limits of agreement (Table 4).  

 

 

 

 



 

 

Table 4. Bland-Altman analysis of VT, DVR -1 and BPND of animal data 

 Animal data 

  % difference (95% L.A.) 

VT 1TCM SA 2TCM* 

Frontal Cortex -0.20 (-1.93 to 1.52) -5.16 (-18.2 to 7.87) - 

Hippocampus -0.32 (-2.50 to 1.84) -1.43 (-10.0 to 7.15) - 

Cerebellum -8.01 (-19.0 to 3.01) -1.31 (-5.42 to 2.78) - 

Medulla -16.9 (-34.0 to 0.24) -3.54 (-14.4 to 7.32) - 

Pons -19.1 (-35.9 to -2.37) 0.44 (-24.2 to 25.0) - 

Overall -8.91 (-28.4 to 10.5) -2.20  (-16.2 to 11.8) - 

DVR - 1 1TCM SA  

Frontal Cortex 26.7 (4.74 to 48.7) -9.01 (-53.3 to 35.3) - 

Hippocampus 28.3 (5.72 to 50.8) -2.53 (-31.5 to 26.4) - 

Cerebellum 24.1 (4.75 to 43.2) 1.70 (-22.8 to 26.2) - 

Medulla 28.5 (-44.7 to 101) -7.02 (-49.3 to 35.3) - 

Pons - - - 

Overall 26.9  (-12.6 to 66.4) -4.21  (-39.8 to 31.4) - 

BPND FRTM SRTM SRTM-2C 

Frontal Cortex -12.5 (-20.3 to -4.67) -13.8 (-21.5 to 6.16) -7.74 (-15.3 to -0.22) 

Hippocampus -11.0 (-17.9 to -4.05) -12.5 (-19.6 to -5.40) -7.59 (-12.9 to -2.24) 

Cerebellum -6.54 (-15.9 to 2.82) -9.58 (-22.3 to 3.14) -13.7 (-29.1 to 1.72) 

Medulla -25.6 (-152 to 101) -27.7 (-134 to 78.8) -66.2 (-151 to 18.8) 

Pons - - - 

Overall -13.9 (-76.7 to 48.9) -15.9 (-69.6 to 37.8) -23.8 (-88.0 to 40.4) 

*The 2TCM is the model of reference for comparisons. The pons is the reference region for reference based modeling. 

The Bland-Altman plot of the simulated data showed a bias pattern comparable to what 

was observed in the animal data (Figure 7). VT values from the SA method demonstrated an 

overall constant and small negative bias (-0.76%) compared to theoretical values. For the 1TCM 

and the 2TCM, the overall bias was -19.1% and -2.94% respectively, and it was also strongly 

dependent on the level of binding present in the TAC (Figure 7).  



 

 

 

Figure 6. Bland-Altman plots for analysis of agreement in VT and BPND values between different models. On the 
top, Bland-Altman plots for agreement between VT estimates from SA and 2TCM (a) and from 1TCM and 2TCM 
(b). On the bottom, a Bland-Altman plot for agreement between BPND estimates from five different methods in 
comparison with DVR – 1 from the 2TCM. The dashed lines represent zero difference and the y-axis are expressed 
in %difference. More information on the %difference and 95% limits of agreement for each method can be found 
in Table 4. 



 

 

 

Figure 7. Bland-Altman plots for the analysis of parameter agreement for simulated TACs. (a) Bland-Altman plot 
of agreement between VT estimates from 1TCM (black square), 2TCM (gray square), and SA (gray-filled diamond) 
compared to theoretical values. (b) Bland-Altman plot of agreement between DVR – 1 and BPND estimates from 
different methods compared to theoretical values. The dashed lines represent zero difference and the y-axis are 
expressed in %bias. 

 

Indirect (DVR – 1) and direct binding potential (BPND) 

DVR – 1 from the 2TCM were considered as reference values for model comparison 

based on model preference results across brain regions. An overview of BPND values estimated 

from each model (direct and indirect) can be found in Table 5. 

Table 5. Regional binding potential (BPND or DVR – 1) estimates from the different methods for the tracer dose group (n=10). 
Data are expressed as mean ± SD. 

 DVR – 1 BPND 

Region 2TCM 1TCM SA FRTM SRTM SRTM-2C 

Tracer dose        

Frontal Cortex 2.09 ± 0.23 2.75 ± 0.36 1.94 ± 0.42 1.84 ± 0.20 1.92 ± 0.20 1.93 ± 0.20 
Hippocampus 1.71 ± 0.21 2.28 ± 0.26 1.69 ± 0.32 1.53 ± 0.19 1.51 ± 0.19 1.59 ± 0.18 
Cerebellum 0.75 ± 0.08 0.96 ± 0.14 0.77 ± 0.11 0.70 ± 0.07 0.68 ± 0.08 0.65 ± 0.08 
Medulla 0.09 ± 0.03 0.12 ± 0.03 0.08 ± 0.03 0.08 ± 0.07 0.07 ± 0.04 0.05 ± 0.03 

 

Compared to the other models, 1TCM DVR – 1 showed the largest overall difference to 

2TCM DVR – 1 values (26.9%), with 95% limits of agreement reaching more than 40% for all 



 

 

regions (Table 4). Estimates of DVR – 1 from SA demonstrated an overall small difference to 

2TCM DVR – 1 values (-4.21%), but with wide 95% limits of agreement (-39.8% to 31.37%), 

indicating an overall higher variability in parameter estimation (Figure 6). All reference models 

(FRTM, SRTM and SRTM-2C) underestimated BPND (differences of -13.9%, -15.9% and -

23.8%, respectively) in comparison with DVR – 1 from the 2TCM.  

Simulated data exhibited a similar pattern in the Bland-Altman plot (Figure 7b). FRTM, 

SRTM and SRTM-2C resulted in an underestimation of BPND, with a (negative) bias (-0.75%, -

1.03% and -0.88% respectively) that showed a slight increase for higher levels of binding (larger 

k3). SA displayed negligible bias (0.14%), independent of the binding level. DVR – 1 from both 

the 1TCM and the 2TCM resulted in a positive bias, with 40.5% BPND overestimation for the 

1TCM and a 5.6% overestimation for the 2TCM. 

Discussion  

The 1TCM and the SRTM were previously established as methods of choice for the 

quantification of [11C]flumazenil in human studies13. Since a direct translation from the clinical 

to the pre-clinical setting, or vice-versa, is not recommendable, an assessment must be 

performed to determine whether the clinically used 1TCM and SRTM are also suited for the 

analysis of [11C]flumazenil in animal studies. Therefore, the present study evaluated different 

pharmacokinetic models for the quantification of [11C]flumazenil binding specifically for the 

rat brain. 

The distribution pattern seen in the TD group was comparable to what was seen in 

human studies, as well as autoradiography studies of the rat brain20,30, displaying higher uptake 

in the cortical regions and the lowest in pons and medulla. However, it is interesting to note 

that the VT in the pons was more than two times higher than what has been reported in human 

studies13,31. In fact, both medulla and pons of the TD group exhibited a relatively high VT (VT>2) 

for low-density regions, independently of the model used for quantification. Since these high 

VT values could have been related to spillover effects from neighboring regions, the delineation 

of pons and medulla VOIs from the original atlas was limited in order to further separate the 

regions and minimize the potential spillover. Moreover, pre-saturation with cold flumazenil 

resulted in a clear decrease of the VT in the pons of approximately 35%, as compared with the 



 

 

VT values observed in the TD group. These results suggest the presence of a substantial level of 

specific binding in the rat pons, which is in line with a considerable displacement of a 

fluorinated version of flumazenil in that region, reported in a study by Dedeurwaerdere et al20. 

For this reason, the pons cannot be considered a ‘true reference region’ in rat studies, and the 

estimation of BPND from the reference tissue based models are negatively biased.  

In terms of model preference, regions with high density of GABAA receptors (frontal 

cortex and hippocampus) followed the same behavior as what has been described in humans. 

These regions showed a strong (70%) preference for the 1TCM according to AIC and in 

accordance with the spectra of SA analysis. However, a closer look into the results suggests that 

the 2TCM resulted in similar AIC values (e.g. 143.7 ± 7.1 for the 1TCM against 144.8 ± 9.6 for 

the 2TCM in the frontal cortex), with both models providing similar VT values. In fact, no 

statistical differences were found between 1TCM and 2TCM VT values for those regions. Such 

findings are in line with what has previously been reported for human studies11, where the 

authors state that expanding from a 1TCM to a 2TCM configuration did not improve the 

quality of the fit in high-density regions. These observations could be explained by the relative 

size between specific and non-specific compartments for these regions. In the presence of high 

levels of binding, the contribution of the non-specific component to the overall signal becomes 

too small, and the two compartments cannot be kinetically distinguished. Our results suggest 

that the 1TCM could be applied for these regions due to its reduced complexity compared to 

the 2TCM, despite the fact that both models provide similar AIC, VT and BPND values. However, 

applying the same model to all regions of interest is advisable. In that way, potential individual 

or group differences in estimated parameters are not affected by differences in model choice, 

and would therefore better represent any underlying physiological changes. Thus, the decision 

as to which of the two models (1TCM and 2TCM) should be applied must also incorporate the 

performance of these models for the low-density regions.  

Indeed, one important finding of this study was the observation that the 1TCM is not 

suited for the quantification of low-density regions. The first indication is the preference 

displayed by these regions for the 2TCM, supported by AIC values, visual inspection of TAC 

fits (Figure 3a and 3b), and kinetic spectra from SA. In fact, especially for the pons, the 1TCM 



 

 

was not preferred for any of the animals of the TD group. Moreover, VT values were significantly 

different between models for low-binding regions, demonstrating that the various models 

cannot be used interchangeably in this case. Instead, the 2TCM provided the best fits, while the 

1TCM consistently underestimated VT compared to those from 2TCM. While the SA provided 

VT values similar to those from 2TCM, the difference between the methods was still statistically 

significant and the standard deviation observed in this method was the largest of the three. This 

variability in the VT estimates could be explained by the known sensitivity of this method to 

noise25, but it could also be related to the wide definition of the basis function settings used in 

the study. Therefore, based on the present results, SA should be considered carefully for the 

analysis of rat data. It is interesting to notice, however, the intermediate behavior displayed by 

cerebellum in terms of model performance. In this region, although the model preference based 

on AIC strongly favored the 2TCM, differences between 1TCM or SA and 2TCM derived VT 

values were not so marked. This could be related to the intermediate levels of α subunits in this 

region30.  

Regarding the PS group, the analysis of model preference and performance produced 

results similar to those of the low-density regions, with lower AIC values for the 2TCM. These 

results were surprising, as the pre-saturation was expected to completely block the second 

(specific) compartment32 and to leave only the first compartment intact (i.e., the compartment 

related to the free and non-displaceable components). Due to the similarity in model preference 

between PS group and low-density regions of the TD group, it was hypothesized that model 

preference is affected by the levels of specific binding present in a particular region. Therefore, 

simulated data were generated in order to substantiate this hypothesis, and the results obtained 

from the analysis seemed to support it. More specifically, both the 1TCM and the 2TCM showed 

good agreement to theoretical values for TACs with high VT, and the bias increased for TACs 

with lower VT. Moreover, the TACs with high binding and therefore high VT values showed 

smaller differences in AIC between 1TCM and 2TCM fits, while this difference increased for 

lower VT values. The differences in model preference and performance seen between the 

simulated and the animal datasets can be explained by the noiseless character of the generated 

TACs.  



 

 

As previously mentioned, the rat pons demonstrated a considerable level of specific 

binding. Coupled with the underestimation in VT seen from the 1TCM, these results could 

explain the poor performance of reference models. First, the specific binding seen in the pons 

results in an underestimation of BPND by direct estimation based on reference models. Second, 

the fact that the pons is better described by a 2TCM directly violates one of the assumptions 

used in the FRTM and SRTM, where the reference region should be adequately described by a 

1TCM configuration27. Our results confirmed the violation of this assumption, and both SRTM 

and FRTM were affected in a similar way, displaying similar differences in BPND estimates as 

compared to DVR-1 from the 2TCM. Such an effect has larger impact for high-binding regions, 

and results in considerable underestimation of BPND in absolute terms33. In order to allow a 

different configuration for the reference tissue, the SRTM-2C was also tested. Interestingly, the 

SRTM-2C showed a small improvement compared to the other reference models for high-

binding regions (Table 3). Indeed, fits of those regions showed lower AIC values for the SRTM-

2C compared to the SRTM (data not shown). However, the 2TCM-2C resulted in larger 

differences to 2TCM DVR – 1 for cerebellum and medulla, which could be due to a combination 

between low amounts of specific binding and the larger number of model parameters, resulting 

in increased uncertainty in parameter estimation. In that context, SRTM represented the most 

robust reference model for the animal data. Yet, it should be mentioned that both plasma input 

derived DVR-1 and SRTM based BPND estimates will be negatively biased by the presence of 

specific binding in the reference region (pons), as discussed below. Moreover, it is also 

important to notice that although radiometabolites have the potential to introduce bias in 

estimation of model parameters, the reported major metabolites of [11C]flumazenil are polar 

compounds and, as such, are expected not to enter the brain34. 

In summary, the quantification of [11C]flumazenil binding in rat studies should not be 

performed with the 1TCM, as it is the case in human studies. In fact, the 2TCM is required for 

an accurate VT estimation in low-density regions such as the pons, and it provides VT values 

equivalent to 1TCM for the high-density regions. In the case of reference-based modeling, the 

use of the pons as a reference region requires careful consideration. Since the rat pons 

demonstrated a considerable level of specific binding, any direct estimation of BPND via 

reference models will suffer from underestimation of tracer binding. However, the pons might 



 

 

be considered a pseudo-reference region35, provided the experimental conditions and 

physiological state of the animals does not affect tracer delivery and binding in this region across 

the different groups. Such a condition might not be met for different study designs. In those 

cases, a first validation using plasma input kinetic analysis in a subsample of the data is required 

in order to ensure that pons could be used as pseudo-reference region. Once the pons has been 

validated as a pseudo-reference region, reference based modeling could be useful in providing 

a simple and robust alternative for BPND estimation without arterial sampling. In that case, 

SRTM would be preferable due to its robust implementation, smaller number of fit parameters 

and good agreement to DVR – 1 from the 2TCM.   

Conclusion 

This study showed that [11C]flumazenil kinetics is different between rats and humans, 

and indicate that kinetic models used in clinical studies are not necessarily suited in the pre-

clinical setting. For high-density regions, both 1TCM and 2TCM estimated comparable VT 

values and resulted in similar quality of fits (AIC). However, the application of the 2TCM in 

low-density regions resulted in higher quality of fits, both from visual inspection and AIC 

values. Moreover, the clinically applied 1TCM was not able to satisfactorily fit the data (visual 

inspection) of those regions, nor in the case of pre-saturation with cold flumazenil. Therefore, 

the 2TCM is the preferred plasma input model for the quantification of [11C]flumazenil in the 

rat brain. Among the various reference tissue models tested, SRTM was preferred providing 

BPND estimates in good agreement with plasma input 2TCM based DVR-1 values. 
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Introduction 

The in vivo study of neuronal integrity has been well established by means of Positron 

Emission Tomography (PET) imaging with [11C]flumazenil1,2. A number of different conditions 

have previously been studied with [11C]flumazenil3–5, and the link between the GABA-ergic 

system and neurological disorders6 and inflammation7 has increased the applicability and 

interest in PET imaging with this radiotracer. 

 In addition to the non-invasive character of PET, one of its main advantages for 

studying physiological processes is that it can provide quantitative information. Full 

quantitative analysis can be achieved by pharmacokinetic modeling, which describes the time 

course of the PET tracer in tissue and enables the estimation of different parameters related to 

tracer distribution, metabolism, or receptor density and binding8,9. In that context, the 

quantification of [11C]flumazenil binding has been previously performed by different 

pharmacokinetic models. In human studies, the one tissue compartment model (1TCM) and 

the simplified reference tissue model (SRTM)10 using the pons as a reference tissue have been 

validated11 and applied12–14. Although useful, these models have been mostly applied for regional 

quantification of [11C]flumazenil binding, analyzing the average kinetic profile of a specific 

volume of interest (VOI).  

In cases when subtle or disease-specific changes are expected, VOI-based 

pharmacokinetic modeling might be suboptimal precisely due to the use of pre-defined volumes 

of interest (VOIs). If physiological changes are restricted to a subset of a region (tissue 

heterogeneity) or if they do not follow anatomical delineations, the average signal from pre-

defined VOIs might not be able to properly describe the underlying alterations. There, the 

generation and analysis of parametric images can be of greater use. Parametric images are 

graphical representations of quantitative endpoints, where every image voxel corresponds to a 

kinetic parameter, such as distribution volume (VT) or binding potential (BPND). Although 

parametric imaging is most commonly applied to human studies, it could be of great interest 

for the analysis of animal PET data. Preclinical PET imaging plays an important role in drug 

development and treatment assessment studies, for example, and it could be advantageous to 

explore full kinetic analysis of subtle physiological changes by parametric imaging also in the 



 

 

context of such animal study designs. Moreover, parametric imaging enables group 

comparisons at the voxel level using statistical parametric mapping (SPM), which performs the 

statistical analysis independent of pre-defined regions of interest. 

In human studies, parametric images of [11C]flumazenil binding have been generated 

from a number of different methods, and the Logan graphical analysis, a multilinear reference 

tissue model (MRTM2), and the receptor parametric mapping method (RPM) were found to 

provide the best quantitative metrics15. However, no similar analysis has been performed for 

animal data. Moreover, the preference and performance of VOI-based models have already 

been shown to differ between human and rat studies16. Together with the higher noise levels 

typical of animal PET data, this difference could indicate the parametric models found to work 

best for the analysis of human studies might not be the most appropriate in the pre-clinical 

setting.  

The aim of the current study was, therefore, to investigate the performance of several 

parametric methods for the analysis of [11C]flumazenil PET images of the rat brain. To that end, 

we retrospectively analyzed [11C]flumazenil pre-clinical images with both plasma input and 

reference tissue based parametric methods, and compared the results to their corresponding 

VOI-based pharmacokinetic models.  

Material and Methods 

Animal data 

We retrospectively analyzed male Wistar-Unilever outbred rats (n=10) obtained from 

Harlan (Horst, The Netherlands). The animal experiments were performed according to the 

Dutch Law on Animal Experiments and were approved by the Institutional Animal Care and 

Use Committee of the University of Groningen (6264B).  

Data acquisition 

Prior to the PET scan, a mixture of 5% isoflurane and medical air was used to anesthetize 

the animals, which were maintained under anesthesia at 1.5-2.0%, with a flow of 1.5-2ml/min. 

Scans were performed in the Focus 220 camera (Siemens Medical Solutions, USA), where 



 

 

animals were positioned trans-axially with the head in the field of view. First, a transmission 

scan was performed with a point-source of 57Co. Next, [11C]flumazenil was injected (bolus 

injection) with an automatic pump over 60s and the PET camera was started at the moment of 

injection. List-mode PET data was acquired for a period of 60min.  

During the scan, arterial blood samples (0.1ml) were obtained (n=16) for each 

individual animal. The samples were subsequently separated into blood and plasma and the 

activity was measured in a gamma counter (LKB-Wallac, Finland). For the metabolite analysis, 

2-3 larger samples (0.6ml) were collected for a number of animals and a population metabolite 

curve was constructed by combining data from the individual samples. Finally, this curve was 

used for the construction of individual metabolite corrected plasma input functions. 

Image processing 

After all necessary corrections, the list-mode data was reconstructed into 21 frames 

(6×10, 4×30, 2×60, 1×120, 1×180, 4×300 and 3×600s). The 2D-OSEM algorithm was used to 

reconstruct the Fourier rebinned sinograms, with 4 iterations and 16 subsets. The resulting 

images displayed a 128×128×95 matrix, 0.63mm pixel width and 0.79mm slice thickness. Next, 

individual dynamic images were coregistered to a [11C]flumazenil template17 in PMOD v3.7 

(PMOD Technologies Ltd., Switzerland). Time-activity curves (TACs) were then generated 

from a set of pre-defined bilateral volumes of interest (VOIs) which included the whole brain, 

regions with high GABAA expression (frontal cortex and hippocampus), and regions with low 

GABAA expression (cerebellum, medulla and pons). Following previous studies16, the pons was 

set as the pseudo-reference tissue and its TAC was used as input for reference based models. In 

order to minimize bias induced by noise in the parametric methods, an isotropic 3D Gaussian 

filter (FWHM = 0.8mm) was applied. 

Pharmacokinetic modeling 

All pharmacokinetic modeling was performed with the PPET18 software package.  

First, parametric distribution volume (VT) images were generated from three different 

methods, including the Basis Function Method (BFM), which is an implementation of the one 

tissue compartment model (1TCM), the Logan Graphical Analysis (Logan) and the Spectral 



 

 

Analysis (SA)19. For these methods, the metabolite corrected plasma curve was used as input 

function. Next, parametric binding potential (BPND) images were computed from three 

reference based models. The first was the Reference Tissue Logan Graphical Analysis (RLogan), 

which provides the distribution volume ratio (DVR) of target regions relative to the reference 

tissue. Following the relationship BPND = DVR – 18, we subtracted 1 from the RLogan DVR to 

allow direct comparison to parametric images of BPND. The other two methods consisted of two 

implementations of the receptor parametric mapping method (RPM, SRTM2)20, which 

correspond to the two versions of the simplified reference tissue model (SRTM and SRTM2). 

For the SRTM2, the model fit was performed in two steps, where the median value of the 

reference tissue efflux rate constant (�5
| ) obtained in the first run was entered as a fixed 

parameter for the second run21. An overview of the settings used for the parametric methods 

can be found in Table 1.  

Table 1. Overview of settings for parametric methods 

Method 
start t  
(min) 

end t  
(min) 

basis start t  
(min) 

basis end t 
(min) 

# basis 
functions 

VT BFM - - 0.00083 0.016 50 
 Logan 10 60 - -  
 SA - - 0.00333 0.333 30 
       
SUV SUV30-40  30 40 - -  
 SUV40-50 40 50 - -  
 SUV50-60 50 60 - -  
       
BPND RLogan 10 60 - -  
 RPM - - 0.01 0.2 50 
 SRTM2 - - 0.01 0.2 50 
 SUVR30-40 – 1 30 40 - -  
 SUVR40-50 – 1 40 50 - -  
 SUVR50-60 – 1 50 60 - -  

 

Parametric images of Standardized Uptake Value (SUV) and SUV target to pons ratio 

(SUVR) were also generated for the intervals 30min-40min, 40min-50min and 50min-60min 

post-injection (p.i.) and subsequently referred to by SUVstart-end and SUVRstart-end. In order to 



 

 

compare SUVR and BPND images, 1 was subtracted from the derived SUVR values, assuming 

equilibrium was reached for those intervals. 

Method evaluation 

Results from each of the parametric methods were compared to 1) the corresponding 

regional (VOI) analysis using equivalent kinetic models, but also to 2) reference values based 

on regional 2TCM fits. The 2TCM derived parameters (VT and DVR – 1) were considered as 

reference values for method comparison. An overview of parametric methods, their 

corresponding VOI-models, parameter of interest and equivalent 2TCM parameter can be 

found in Table 2.  

For that purpose, first the same pre-defined set of VOIs used for the generation of TACs 

were projected onto the parametric images and average parameter estimates were obtained for 

each region. Next, the regional TACs were analyzed by six models corresponding to the 

parametric methods (i.e., 1TCM, Logan, SA, RLogan, SRTM and SRTM2), as well as by the 

2TCM. Finally, the regionally averaged values from parametric methods were compared to both 

their VOI-counterparts, as well as to the corresponding 2TCM-derived reference.  

Table 2. Overview of VOI-based and parametric methods and their corresponding quantitative parameters 

VOI Parametric Parameter of interest Additional parameter Reference parameter 

1TCM BFM VT - 2TCM VT 
Logan Logan VT - 2TCM VT 

SA SA VT K1 and model order 2TCM VT 
- SUV SUV - 2TCM VT 

RLogan RLogan DVR - 2TCM DVR – 1 

SRTM RPM BPND R1 2TCM DVR – 1 
SRTM2 SRTM2 BPND R1 2TCM DVR – 1 

- SUVR SUVR - 2TCM DVR – 1 
 

 

 

 



 

 

Statistical analysis 

Parameter agreement was assessed by linear regression analysis and Bland-Altman 

plots. Results were considered significant when p<0.05, and are expressed as mean ± SD.  

Results 

Volume of distribution (VT) 

Visual inspection of parametric VT images showed good correspondence between 

methods, as well as the expected [11C]flumazenil distribution in the rat brain (Figure 1).  

 
Figure 1. Representative (n=1) parametric images of VT (top left corner), SUV30-40 (top right corner), 
BPND (middle section), K1 images (bottom left corner) and R1 images (bottom right corner). 
 

Compared to their VOI-counterpart, parametric Logan was the method with the best 

correlation, displaying an R2=0.99 and a slope of 0.97 when the regression line was set through 

the origin (Table 3). The BFM also strongly correlated to its counterpart (1TCM) values 

(R2=0.98), with a slope of 1.03. The slope of the linear regression of SA with its counterpart was 

further from identity (0.89), and the correlation was somewhat lower than the other methods 



 

 

(R2=0.96). Overall, all three methods showed excellent correlation (R2=0.99) to 2TCM reference 

VT values (Figure 2A). However, BFM was the method which displayed the slope closest to the 

identity line (0.98). Although SA showed the same correlation coefficient as the other two 

methods, a slope of 0.93 indicated a larger underestimation in VT values.  

 

Figure 2. Regression analysis and Bland-Altman plots of VT compared to 2TCM values. (A) Linear regression between parametric 
(BFM, Logan, SA) and 2TCM VT values determined by VOI analysis. The solid line is the identity line, and the dashed lines 
represent the regression lines. (B) Bland-Altman plot of the agreement in VT estimation between the parametric methods and the 
reference values obtained from the 2TCM (VOI). The dashed line represents zero bias. (C) Ratio Bland-Altman plot between 
BFM, Logan and SA, and 2TCM VT values. The dashed line represents a ratio of one, corresponding to full agreement between 
methods. 
 
 
Table 3. Linear regression analysis between parametric methods and their VOI-counterparts, as well as between parametric and 
reference values from 2TCM (VOI). Linear regression analysis was performed with and without setting the intercept to zero 
(through origin columns). 

 VOI-counterpart VOI-2TCM 
Model R2 slope Int. R2 slope R2 slope int. R2 slope 

    (through origin)  (through origin) 
VT           
BFM 0.96 0.79 1.35 0.98 1.03 0.96 0.85 0.78 0.99 0.98 
Logan 0.99 1.03 -0.35 0.99 0.97 0.98 0.98 -0.13 0.99 0.96 
SA 0.85 0.94 -0.28 0.96 0.89 0.98 1.08 -0.87 0.99 0.93 
SUV30-40 - - - - - 0.87 0.27 -0.16 0.96 0.24 
SUV40-50 - - - - - 0.87 0.21 -0.15 0.96 0.18 
SUV50-60 - - - - - 0.83 0.16 -0.09 0.95 0.14 
BPND           
RLogan 0.99 1.03 -0.10 0.99 0.97 0.98 0.92 -0.10 0.99 0.86 
RPM 0.98 1.15 -0.09 0.99 1.08 0.97 0.98 -0.82 0.98 0.93 
SRTM2 0.95 1.32 -0.63 0.97 0.91 0.97 0.89 0.15 0.98 0.98 
SUVR30-40 – 1 - - - - - 0.98 1.21 -0.14 0.99 1.13 
SUVR40-50 – 1 - - - - - 0.97 1.30 -0.16 0.98 1.21 
SUVR50-60 – 1 - - - - - 0.94 1.17 -0.17 0.96 1.07 

 



 

 

The Bland-Altman analysis showed that, despite the good correlation, a negative bias (-

0.20) was present with the Logan method (Figure 2B). The BFM had the smallest overall bias in 

relation to 2TCM VT (0.05); yet, its 95% limits of agreement were slightly wider than those of 

Logan (Table 4). SA had the widest 95% limits of agreement similar to BFM and an overall 

higher (negative) bias (-0.49). Figure 2C shows a ratio Bland-Altman plot to highlight the 

performance in parameter agreement for the different levels of VT values. There, regions with 

high VT (≥6) had a ratio close to one in comparison with 2TCM VT values. On the other hand, 

larger over- and underestimations occurred for regions of lower VT (<6).  

Table 4. Bland Altman analysis of agreement between parametric and VOI-counterpart methods, as well as between 
parametric and 2TCM (VOI) values. 

  VOI-counterpart VOI-2TCM 
Parameter Method bias 95% L. A. bias 95% L. A. 
VT      
 BFM  0.44 -0.79 to 1.67 0.05 -0.89 to 1.00 
 Logan -0.20 -0.57 to 0.17 -0.19 -0.74 to 0.34 
 SA -0.57 -2.42 to 1.27 -0.49 -1.16 to 0.18 
BPND      
 RLogan -0.07 -0.21 to 0.06 -0.17 -0.41 to 0.05 
 RPM  0.03 -0.28 to 0.34 -0.10 -0.37 to 0.16 
 SRTM2 -0.22 -0.74 to 0.29  0.05 -0.27 to 0.38 
 SUVR30-40 – 1 - -  0.05 -0.37 to 0.49 
 SUVR40-50 – 1 - -  0.13 -0.51 to 0.77 
 SUVR50-60 – 1  - - -0.01 -0.59 to 0.58 

 

Figure 3 displays the range of differences to 2TCM values for the three parametric 

methods across all regions. Significant differences in bias were found in all three methods when 

compared to 2TCM values. However, the bias from parametric Logan compared to 2TCM 

values showed the smallest variability (SD=0.19), indicating higher precision for this method 

compared to the others.  



 

 

 

Figure 3. Plot of differences in estimates between each parametric method and 2TCM 
reference values across regions. Individual values are represented by circles, the mean is 
represented by the black line and the bars represent the SD.  

 

Binding potential (BPND and DVR – 1) 

As can be seen in Figure 1, the highest [11C]flumazenil binding spatially matched regions 

with a high receptor density (cortical and sub-cortical areas), while the lowest was seen in low-

density ones (cerebellum and brainstem). Images of receptor binding were also visually 

comparable between parametric methods. 

All reference based methods performed well in comparison to 2TCM DVR – 1 (Figure 

4A). In particular, DVR – 1 from RLogan displayed the best correlation coefficient in relation 

to 2TCM values (R2=0.99), while the slope was the furthest from the identity line (0.86), 

indicating underestimation of receptor binding. Binding estimates from RPM showed 

correlation to 2TCM values similar to those of RLogan(R2=0.98), and a slope closer to identity 

(0.93) (Table 3). Estimation of binding from parametric SRTM2 outperformed both other 

methods in terms of linear regression, with a R2 of 0.98 and a slope of 0.98 compared to 2TCM 

values. 



 

 

Bland-Altman plots indicated a similar performance between RLogan and RPM 

methods (Figure 4B). Both parametric methods displayed a negative bias compared to 2TCM 

DVR – 1 (-0.17 for RLogan and -0.10 for RPM). SRTM2 showed a small overall bias (0.05), but 

resulted in the largest 95% limits of agreement to 2TCM DVR – 1, as can be seen in Table 4. For 

most levels of specific binding, all three methods showed good relative agreement, with a ratio 

close to one in comparison with 2TCM DVR – 1 values (Figure 4C). However, relative errors 

were larger for BPND values close to zero. 

 

 

Figure 4. Regression analysis and Bland-Altman plots of BPND. (A) Linear regression between parametric (RLogan, 
RPM, SRTM2) and 2TCM DVR – 1 (BPND) values determined by VOI analysis. The solid line represents the 
identity line, and the dashed lines correspond to each of the regression lines. (B) Bland-Altman plot of the 
agreement in BPND estimation between the parametric methods and the reference values obtained from the 2TCM 
(VOI). The dashed line corresponds to zero bias. (C) Ratio Bland-Altman plot between BPND of parametric 
methods and 2TCM BPND. The dashed line corresponds to a ratio of one, representing full agreement between 
methods. The y-axis is truncated at -1.0. 

 

In Figure 3, a similar performance between the reference methods can be seen. 

Significant differences were found in the bias of parametric RLogan and SRTM2 when 

compared to 2TCM values. No significant difference was seen for the RPM bias to 2TCM values 

(p=0.20). Yet, RLogan displayed the highest precision (SD=0.72) compared to the other two 

methods.  

 



 

 

 

SUV and SUVR – 1 

Correlation between parametric SUV and 2TCM VT was overall strong, with similar 

correlation coefficients across intervals p.i. (R2=0.96, R2=0.96 and R2=0.95 for SUV30-40, SUV40-

50 and SUV50-60 respectively). However, there was a clear scale difference between the two 

parameters, and a direct comparison was not possible, as SUV ranged from 0.2 to 2.7 and 2TCM 

VT ranged from 1.9 to 9.9 (Figure 5A). However, ratio Bland-Altman plots showed that SUV 

from all three intervals underestimated 2TCM VT in a similar manner across regions, 

independent of the levels of uptake (Figure 5B). 

 

Figure 5. Regression analysis and ratio Bland-Altman plot of SUV from different intervals. (A) Regression analysis 
between SUV (parametric) and 2TCM VT (VOI) for three different intervals p.i. The dashed lines represent the 
regression lines. (B) Ratio Bland-Altman plot between VT estimates from SUV and from 2TCM VT (VOI) for the 
same intervals. 

 

SUVR – 1 images showed excellent correlation to binding estimates from 2TCM for all 

intervals p.i. (Figure 6A). However, an overestimation of binding potential from SUVR – 1 

images was seen, with linear regression (through origin) slopes of 1.13, 1.21 and 1.07 for the 

SUVR30-40 – 1, SUVR40-50 – 1,  and SUVR50-60 – 1, respectively. This was confirmed by a Bland-

Altman analysis, where SUVR40-50 – 1 showed the highest bias compared to 2TCM DVR – 1, 

as well as the largest 95% limits of agreement (Table 4). In a ratio Bland-Altman, all intervals 



 

 

show similar performance, with the ratio close to one for most levels of specific binding (Figure 

6B). For binding values close to zero, relative errors were more pronounced, independent of the 

SUVR interval. 

 

Figure 6. Regression analysis and ratio Bland-Altman plot of SUVR from different intervals. (A) Regression 
analysis between SUVR – 1 (parametric) and 2TCM BPND (VOI) for three different p.i. intervals. The solid line 
represents the identity line and the dashed lines correspond to each of the regression lines. (B) Ratio Bland-Altman 
plot between binding potential estimates from SUVR – 1 and from 2TCM BPND (VOI) for the same intervals. The 
dashed line corresponds to a ratio of one, representing full agreement between methods. The y-axis is truncated at 
-1.0. 

 

Parametric images of K1, R1 and model order 

For BFM and SA, parametric images of K1 (influx rate constant) were also available 

(Figure 1). Although both displayed similar perfusion, BFM K1 was generally higher, while the 

less homogeneous distribution seen in the SA image suggested higher noise sensitivity for that 

method. SA also provided parametric images of model order, displaying the difference in the 

complexity of kinetic profiles between different voxels (Figure 7). In those, a marked difference 

between high- and low-density regions is seen, and a more complex model was more frequently 

observed in the later, compared to the former. 

 



 

 

 

Figure 7. Representative image (n=1) of model order obtained 
from the parametric SA method, displaying, in the different 
views, a difference between cortical and non-cortical regions. 

 

Additional parametric images were also available from RPM and SRTM2 displaying R1, 

i.e., the ratio between K1 of a target region and of the pseudo-reference tissue (pons). As can be 

seen in Figure 1, there is a good correspondence between the two methods. However, R1 images 

from SRTM2 displayed better contrast and lower noise levels compared to RPM R1 images. 

Discussion 

The use of parametric imaging methods for the analysis of PET data can be of 

importance when subtle and/or disease-specific changes are expected. In the case of 

[11C]flumazenil brain PET, those changes are related to the GABA-ergic system and can be 

present in several conditions related to neuronal loss and inflammatory processes. While 

parametric images of [11C]flumazenil distribution and binding have been generated and applied 

in human studies, the same has not yet been done for the pre-clinical setting. Therefore, this 

study evaluated several parametric methods for the visualization and analysis of [11C]flumazenil 

PET images of the rat brain.  

A first analysis of parametric VT images demonstrated that all three methods tested in 

this study (BFM, Logan and SA) corresponded well to their VOI-counterparts. These results 



 

 

indicate that the generation of parametric VT maps from these methods could, to some extent, 

replicate results obtained from a regional analysis, which is generally less affected by noise and 

image resolution. More importantly, there was also an excellent correlation between parametric 

values of each of the three parametric methods and VT estimated from the reference 2TCM VOI 

analysis. In terms of parameter agreement, however, a slight difference between the methods 

becomes noticeable. While BFM VT showed a small bias compared to 2TCM values (0.05), the 

wide 95% limits of agreement suggest this method might not be optimal for parameter 

estimation at the individual level. A similar behavior could be seen with VT estimates from SA. 

This variability was especially true for regions of small VT (low-density regions), where an 

absolute difference in the range of ±1 corresponds to a relative bias of approximately 40% (see 

Figure 2B and 2C). This observation is in agreement with a previous report of a VOI analysis, 

where we found the difference between 1TCM and 2TCM VT values to be larger for cerebellum, 

medulla and pons16. On the other hand, such a range of differences might not be relevant for 

most study designs, as regions with low-density of receptors are generally not the main focus of 

an analysis. Nonetheless, even though this region-dependent range of agreement was seen in all 

three methods, the range of differences to 2TCM values was smallest for Logan, as can be 

graphically observed in Figure 3. As a consequence, despite the significant bias compared to 

reference values, Logan can be considered the most robust of the three methods for the 

generation of parametric VT images, showing a higher precision independent of receptor 

density levels. 

Parametric images of receptor binding were also comparable between different 

parametric methods. Moreover, a good correspondence to VOI-counterparts was seen for all 

reference methods, with high R2 values and only small over- and underestimations seen for 

RPM and SRTM2, respectively (Table 3). In comparison with reference 2TCM values, 

correlation remained high for all methods, and linear regression slopes were closer to the 

identity line for the SRTM2. However, RLogan consistently underestimated binding, with a 

regression slope of 0.86. Interestingly, while RPM and SRTM2 had overall bias similar to those 

of RLogan (-0.10, 0.05 and -0.17, respectively), the range of differences to 2TCM values was 

larger for those methods (Figure 3). In fact, the differences seen between SRTM2 and 2TCM 

estimates reached 0.5 for regions of low-binding – values higher than the actual BPND estimates, 



 

 

translating into relative errors of more than 100% (Figure 4B and 4C). However, those 

correspond to BPND values close to zero, where large relative errors are not surprising, nor 

meaningful. On the other hand,  It is also important to notice that all reference based methods 

underestimate the true BPND from the start, due to the considerable levels of specific binding 

present in the rat pons16. Nonetheless, RLogan displayed the highest precision in estimating 

receptor binding, as can be seen in Figure 3. Therefore, despite its bias to 2TCM values, RLogan 

can be considered the most robust reference based parametric method for the generation of 

receptor binding images. 

While VT and BPND are important kinetic parameters, both require dynamic scanning 

for their estimation. As a consequence, SUV and SUVR determined from static late images are 

widely applied for both regional and parametric analyses. While SUV does not necessarily 

correspond to VT, both parameters are directly related. This was also seen in our findings, where 

good correlation (R2>0.95) was found between parametric SUV determined at three p.i. 

intervals and 2TCM VT (Figure 5A). In turn, SUVR is closely related to BPND, and when 

equilibrium is reached, SUVR – 1 is expected to correspond to DVR – 1. Therefore, a more 

direct comparison between SUVR – 1 from different intervals p.i. and BPND could be performed. 

However, as can be seen in Figure 1, this method overestimated BPND from other methods, as 

well as DVR – 1 from 2TCM (Table 3). The largest overestimation of 2TCM DVR – 1 was seen 

for SUVR40-50, and the smallest for SUVR50-60, which might indicate equilibrium is not reached 

at earlier intervals. Nonetheless, all SUVR – 1 strongly correlated to 2TCM DVR – 1. It is 

important to notice that despite the high correlations, the performance of SUV and SUVR – 1 

was region-dependent (Figure 5A and 6A, respectively). However, when assessing agreement 

by a ratio Bland-Altman, the results suggested a scaling effect for SUV, since relative errors were 

similar across regions (Figure 5B). Although useful, SUV and SUVR images must be applied 

carefully in group comparisons and longitudinal studies, since they are especially affected by 

changes in metabolism and tissue perfusion 22. 

In summary, the results of this study indicate that parametric analysis of [11C]flumazenil 

images of the rat brain can be satisfactorily performed. As a consequence, parametric imaging 

and statistical parametric mapping (SPM) analysis would allow direct statistical comparison 



 

 

across groups and/or conditions without prior assumptions on regions of interest. In fact, SPM 

analysis has previously been able to detect more subtle disease-related changes in an animal 

model of inflammation, for example23. However, the homogeneous dataset analyzed in this 

study did now allow for a similar assessment of the performance of parametric imaging in group 

comparison, nor was this within the scope of the study. Thus, further studies should be 

performed in order to evaluate the benefit of parametric imaging of [11C]flumazenil binding in 

the rat brain for different conditions and study designs.  

While all methods showed good performance, different methods might be better suited 

for specific applications and study designs. In that context, since Logan and RLogan 

outperformed other methods in precision and are of robust and simple implementation, both 

methods are preferred for group comparisons and longitudinal studies. However, these 

methods do not produce additional quantitative metrics such as K1 or R1. In that sense, 

alternatives such as BFM or RPM can be of value in generating parametric images with 

additional information, while maintaining good correlation between their primary endpoints 

and 2TCM values. On the other hand, all of the methods mentioned above require dynamic 

scanning, and might therefore pose a challenge for some study designs. In such cases, SUV and 

SUVR images could be useful despite under- and overestimation of kinetic parameters, since 

high correlation values were found in comparison to 2TCM values. However, these static 

parameters must be considered carefully when possible changes in metabolism or perfusion 

cannot be excluded, in particular in the case of displacement, interventional or longitudinal 

studies.  

Conclusion 

This study demonstrated several parametric methods performed well for the generation 

of [11C]flumazenil distribution and binding images. Good correlation to 2TCM derived values 

was observed across all methods, and therefore, a specific method should be applied according 

to what information is of interest to a specific research question. Nonetheless, the most precise 

and straightforward methods were found to be Logan and RLogan, while BFM or RPM could 

be considered when information on perfusion is of significance.    
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As a functional imaging technique, PET allows the in vivo visualization and 

characterization of tissue function and underlying physiological mechanisms, some of which 

may otherwise be invisible on conventional anatomical images. Moreover, PET allows the 

quantification of these physiological mechanisms, which is one of the main advantages of this 

technique over other medical imaging modalities. However, the quantitative analysis of PET 

images can pose many challenges in a clinical routine, as well as in the research setting.  

A large number of mathematical models are available for the quantification of PET by 

pharmacokinetic analysis; nonetheless, most of these models have restricted applicability. This 

is often due to the complexity of the implementation or to dynamic scanning protocol 

requirements, which do not match the practical needs of clinical routine for which static 

acquisition protocols are preferable. As a consequence, full quantitative analysis using 

pharmacokinetic modeling does not find its way into the clinic. Consequently, clinical trials, 

population studies and clinical examinations are mostly visually or quantitatively interpreted 

using simple and semi-quantitative uptake metrics. In the preclinical setting, there are 

additional challenges, and many studies are therefore also limited to the use of semi-

quantitative parameters. Moreover, back-validation is often not performed, and it is unclear 

whether pharmacokinetic models and analysis methods which have been successfully applied 

in the clinical setting are valid and applicable for animal studies. As a result, a direct translation 

of quantitative analysis methods between human and animal studies is often done without prior 

validation, potentially introducing bias and leading to erroneous conclusions.  

In order to address some of the challenges mentioned above, this thesis explored 

opportunities for the quantification of brain PET images. More specifically, the first two 

chapters aimed at reducing the scanning time needed to obtain quantitative parameters from 

pharmacokinetic models in a clinical setting.  

In Chapter 2 a dual-time point reference tissue approach (DTPREF) was proposed for 

the quantification of irreversible tracers. Based on the equations of the Reference Patlak model, 

the DTPREF approximation aimed at reducing the scan duration by estimating the tracer 

trapping rate (Ki) from two short static scans. In addition, the DTPREF method does not require 

arterial blood sampling, as it is a reference based method. For that reason, the DTPREF is 



 

 

restricted to radiotracers displaying a reference region. The model was validated for the 

quantification of [18F]FDOPA, an irreversible tracer with a well-defined reference region, the 

occipital cortex. Results indicated that DTPREF accurately quantified Ki from two static scans, 

the first starting at 40min, and the second starting at 90min post-injection. Moreover, DTPREF 

displayed a discriminative power similar to Reference Patlak and to striatal-to-occipital ratio 

(SOR), a clinically relevant and widely applied semi-quantitative metric. While the standard 

kinetic model (Reference Patlak) requires dynamic scanning of at least 90min for [18F]FDOPA, 

DTPREF estimated Ki from only two static scans of 10min each, greatly reducing the scanning 

time. Although SOR remains the alternative with the shortest protocol (6min), it does only 

provide a surrogate for the trapping rate Ki. In fact, this study also demonstrated that the 

relationship between SOR and Ki can differ between regions, compromising a direct translation 

between the two parameters. Therefore, DTPREF represents a model simplification which can 

greatly reduce the overall scanning time, while still obtaining physiological information of 

dynamic processes in the quantification of [18F]FDOPA brain PET scans. Moreover, while the 

method was validated for [18F]FDOPA, its equations are, in theory, applicable to any irreversible 

radiotracer, provided the method assumptions remain valid. On the other hand, DTPREF 

requires the use of a population based average curve of the reference tissue. Such a requirement 

could be a limiting factor for its implementation, and further validation of the model 

assumptions is required before applying DTPREF for other tracers or a different population. 

A similar dual-time point approach was presented in Chapter 3 for the quantification 

of reversible tracers. In fact, the model equations presented in this chapter are the result of a 

mathematical approximation of the simplified reference tissue model (SRTM). Therefore, this 

method is also exclusively applicable for radiotracers displaying a reference tissue. The aim of 

the approximation was the same as for Chapter 2: to reduce the image acquisition time without 

compromising dynamic information from full pharmacokinetic modeling. However, in this 

case, the resulting equation could not be solved directly from information of two static scans. 

In turn, it required estimates of the washout rate constant (k2), which can only be obtained from 

dynamic scanning combined with full pharmacokinetic modeling. As a consequence, this dual-

time point method was applied to a study design where such information would be available: 

dose occupancy studies.  



 

 

In order to assess receptor occupancy by a certain drug, two PET scans are performed 

per patient, one before, and one after drug administration. Generally speaking, both scans are 

dynamic and the receptor occupancy is estimated by a change in binding potential between 

them. In order to apply the dual-time point method to such a setting, we assumed k2 (washout 

rate constant) of both target and reference region do not change between scans due to the drug 

administration. As a consequence, it would be possible to re-utilize k2 values from the first scan 

(baseline) and, therefore, apply the dual-time point method to the second scan (post-dose).  

This hybrid quantification method was retrospectively tested in a dose occupancy study 

using [11C]raclopride, a reversible radiotracer with the cerebellum as validated reference region. 

Following the aforementioned assumption, the dual-time point method was able to estimate 

the binding potential of the post-dose [11C]raclopride scan with great accuracy. Receptor 

occupancy values were also in excellent agreement with the original values. In fact, results 

indicated that even if considerable changes in k2 would occur between scans, the resulting error 

in parameter estimation would remain under 10%. Moreover, the method was more accurate 

and time-independent than estimates of binding potential by SUVR. In summary, the method 

proposed in Chapter 3 combined a dynamic baseline with a dual-time point post-dose scan and 

was able to reduce the overall scan time in dose occupancy studies. In addition, the resulting 

equation of this method is, in principle, applicable for all reversible tracers displaying a 

reference tissue. Yet, the stability of k2 and the possible impact of the administered drug on 

tracer kinetics should be assessed prior to applying this method in different tracers and settings.  

In summary, chapters 2 and 3 demonstrated two successful applications of dual-time 

point approximations. Both enabled the quantification of pharmacokinetic parameters from a 

combination of short static scans, effectively reducing the standard overall image acquisition 

time. Even though the applicability of both methods to other tracers and study settings requires 

validation, the results obtained in these chapters highlight the potential that mathematical 

approximations based on static scanning have in providing meaningful dynamic information. 

The next three chapters of this thesis focused on the translation of quantitative methods 

from human to animal studies with [11C]flumazenil. Driven by the further improvements of 

small imaging PET systems, arterial blood sampling techniques, and the development of animal 



 

 

models mimicking human disease conditions, a lot of effort has been put into shifting from 

visual assessment to quantitative analysis of PET animal studies. However, full pharmacokinetic 

analysis of animal PET studies remains challenging. In addition, direct translation of models 

and methods between human and animal studies might not be optimal, as differences in the 

underlying physiology as well as in the imaging systems can affect model performance. Within 

this context, [11C]flumazenil represented an interesting tracer for the testing of the validity of 

such a translation, since it was first applied in human studies, and only later used for preclinical 

research in animals. Therefore, the second part of this thesis assessed the performance of some 

of the models and methods applied for the quantification of [11C]flumazenil in human studies 

in the context of preclinical studies in rats. 

As a radiotracer for the GABA-ergic system, [11C]flumazenil has been used in the study 

of several diseases and conditions such as neuronal damage in head injury1, epilepsy2, stroke-

induced penumbral areas of infarction3, and Alzheimer’s disease4. In many human studies, the 

pons was used as a reference tissue for [11C]flumazenil, although it is known that this region is 

not entirely devoid of GABAA receptors. Despite the noticeable amount of specific tracer 

binding to the GABAA receptors in the human pons, a reference tissue based modeling approach 

is still applied since the specific binding in the pons was not affected by the pathological 

conditions for which it was used until now. However, there are conditions known to affect the 

pons, and in such a scenario, its reference tissue status would not remain valid. Since the GABA-

ergic system is also involved in neuroinflammatory processes, it was hypothesized that 

neuroinflammation could affect [11C]flumazenil binding to GABAA receptors. As a result, 

neuroinflammation could affect the pons, which would compromise the use of this region as a 

reference tissue, and would thus require arterial blood sampling for a proper quantitative 

analysis of the data. 

 Therefore, Chapter 4 was designed to 1) assess whether changes in [11C]flumazenil 

binding could be observed after acute neuroinflammation by the herpes encephalitis virus 

(HSE) and 2) evaluate the pons as a reference tissue under this condition and validate it against 

quantitative endpoints obtained from standard plasma input modeling. The results of the study 

showed that neuroinflammation did not affect [11C]flumazenil binding, and no individual or 



 

 

group parameter changes were observed in the rat pons. However, using full kinetic modeling, 

this study also indicated that the amount of binding seen in the pons of the rat is considerably 

higher from what has been observed in humans. In that sense, the rat pons is even less of a true 

reference tissue than the human pons. Fortunately, the lack of group differences in 

[11C]flumazenil binding to the rat pons indicated that this region could still be applied for 

reference based modeling under acute neuroinflammation, considering the pons as a pseudo-

reference region. Nonetheless, it is possible that other immune challenges could affect GABAA 

expression in the rat pons. Therefore, reference tissue modeling of [11C]flumazenil rat brain 

PET scans should be validated by plasma input kinetic analysis for each specific pathological 

condition. 

During the data analysis for Chapter 4, it was observed that validated kinetics models 

for the quantification of [11C]flumazenil human studies were not able to provide reliable 

quantitative parameter estimates for specific regions of the rat brain. Moreover, there were no 

studies available reporting on the performance of different pharmacokinetic models specifically 

for the quantification of [11C]flumazenil binding in the rat brain. In fact, most animal studies 

using this radiotracer presented a quantitative analysis limited to SUV and SUVR using pons 

as reference region. Nonetheless, pharmacokinetic modeling can be of particular relevance in 

the preclinical setting. Animal studies are often applied in drug development and disease 

progression or treatment response monitoring, scenarios where assessing the full tracer kinetic 

profile in tissue is preferable to semi-quantitative measures.  

Therefore, Chapter 5 evaluated several pharmacokinetic models for the quantitative 

analysis of [11C]flumazenil binding in the rat brain. Results from this study showed a region-

dependent model preference. While in human studies the one tissue compartment model 

(1TCM) was sufficient to describe [11C]flumazenil kinetics, this was only a valid model for 

regions in the rat brain with high density of GABAA receptors. In regions with low receptor 

density, a two tissue compartment model (2TCM) was essential for accurate parameter 

estimation. In fact, a statistical difference was observed between the quantitative endpoints of 

the parameters obtained from the 1TCM and 2TCM models for low density regions. On the 

other hand, both models provided equivalent estimates for the tracer distribution volume in 



 

 

high-binding regions. Moreover, reference based modeling using pons as a reference tissue was 

not only biased due to specific binding in that region but also due to the violation of the model 

assumptions. Most reference models assume a 1TCM configuration in the reference tissue, but 

as we showed, the rat pons requires a 2TCM for an accurate description of its kinetics. 

Consequently, the preferred reference model based on AIC values was a version of the 

Simplified Reference Tissue Model (SRTM) with two compartments for the reference tissue 

(SRTM-2C). However, this model involves more parameters than SRTM, which reduces its 

robustness and test-retest reproducibility, increasing the uncertainty associated with the 

parameters estimates. In conclusion, the quantification of [11C]flumazenil binding in the rat 

brain was most accurate when the 2TCM was applied. However, this model requires arterial 

blood sampling and metabolite correction, which can hinder its application for animal studies. 

In that context, the SRTM with pons as a pseudo-reference region can be considered a valuable 

alternative provided that, as mentioned in Chapter 4, the pathological conditions of the animal 

model do not affect GABAA expression and subsequent tracer delivery and binding in the pons. 

As a next step, Chapter 6 evaluated the performance of several methods for the 

generation of parametric images of [11C]flumazenil binding in the rat brain. Parametric 

methods estimate quantitative pharmacokinetic parameters for each voxel of an image. Thus, 

parametric imaging is independent of pre-defined regions of interest; however, it is limited by 

the spatial resolution of the image being analyzed. Such an analysis can be of importance when 

subtle changes are expected, particularly when the effects of the condition under study do not 

fully coincide with the pre-defined regions used for a VOI based analysis. Although these 

methods have often been applied to human studies, their application in a preclinical setting is 

limited. Moreover, even though previous (human) studies have defined the most appropriate 

parametric methods for the analysis of [11C]flumazenil, the differences in model performance 

between human and rat studies as demonstrated in the previous chapter suggested that a 

validation of such methods should also be performed for the analysis of rat data. Therefore, 

several parametric methods were tested and the results were validated against the 

corresponding regional analysis, as well as against the reference values obtained from the 2TCM 

(defined as model of choice in Chapter 5). Results from this study showed that all methods 

provide visually similar parametric images of [11C]flumazenil binding. However, when 



 

 

comparing quantitative results and method performance in relation to reference 2TCM values, 

Logan and Reference Logan (RLogan) provided the most region-independent and robust 

parameter estimates. Moreover, these two methods do not rely on an underlying 

compartmental configuration, which can be an advantage for tracers such as [11C]flumazenil, 

where compartmental models perform differently for different regions. However, other 

methods could be of value when additional information is of interest, such as tissue perfusion 

or model order. In conclusion, the performance of parametric methods in the analysis of 

[11C]flumazenil rat data suggests voxel-based analysis could be applied to animal studies more 

frequently, provided method validation is performed.  

In summary, chapters 4, 5 and 6 demonstrated that pharmacokinetic analysis methods 

and models applied in clinical studies are not necessarily valid in a preclinical setting. Therefore, 

assessment of appropriate models and parametric methods as well as the validation of reference 

regions are warranted prior to their extensive use in preclinical studies. 
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Concluding remarks and future perspectives 

 

 



 

 

 

 

 

 

 

 

  



 

 

This chapter briefly discusses the relation between the chapters of this thesis and some 

future perspectives in quantitative brain PET imaging. In addition, it critically addresses the 

potential impact of this work on both clinical routine and research practices.  

Dual time point quantification (Section I) 

The first section of this thesis encompassed Chapter 2 and Chapter 3, as they shared a 

number of similarities, even though one chapter was devoted to irreversible tracers whereas the 

other is devoted to reversible tracers. More specifically, both chapters proposed and validated 

dual-time point (DTP) approximations intended to shorten the acquisition time needed to 

obtain quantitative parameters usually determined from dynamic scans and pharmacokinetic 

modeling. While the proposed methods demonstrated excellent performance in the setting in 

which they were tested, their potential application extends further. First and foremost, both 

DTP approximations were generally developed and not for a particular radiotracer or research 

question. Therefore, the DTP method equations could be applied to other tracers and study 

designs, provided the model assumptions are validated and met. In order to explore some of the 

potential alternative settings in which DTP methods could prove useful, we will discuss both 

preliminary data analyses not included in the previous chapters, as well as some recent 

developments and trends in quantitative PET imaging.  

1) DTPREF method for irreversible tracers (Chapter 2) 

In the case of the reference dual-time point method for irreversible tracers, two 

additional areas of interest can be identified: 

1.1.  Extension of the DTPREF method to 3 time-points 

The first involves an extension of the DTPREF method which could be specifically 

interesting for the analysis of [18F]-FDOPA brain PET scans, and it is based on preliminary 

findings not included in Chapter 2. This potential extension of the DTPREF method directly 

relates to the observation that the irreversible character of [18F]-FDOPA kinetics is no longer 

valid after 90min. Based on this observation, a reversible model has been previously developed 

and applied to the analysis of [18F]-FDOPA1. From that model, it is possible to determine two 

parameters associated with the shift from an irreversible kinetic profile towards a reversible 



 

 

kinetic profile: kloss and the effective dopamine turnover, EDVR. In addition, previous studies 

have shown kloss and EDVR to be sensitive markers for disease severity and progression1–3. 

Unfortunately, the current reversible model developed for the quantification of these 

parameters require dynamic scans longer than 90min, as information from both the irreversible 

and the reversible phases of the [18F]-FDOPA uptake is required for the analysis. As a 

consequence, the current model is essentially impractical for the quantification of dopamine 

turnover with [18F]-FDOPA in large human studies and clinical practice.  

In order to overcome the long scans necessary for the determination of kloss and EDVR, 

the DTPREF method proposed in Chapter 2 could be adapted and used to incorporate the 

dopamine turnover effect. The idea behind this adaptation would be to relate kloss to a change 

in KDTP at later time frames. As previously mentioned and observed in our dataset, the linear 

part of the Patlak curve displays a small curvature after 90min – indicating the reversibility of 

tracer uptake at that time. Based on this observation, a three-time point approximation could 

be designed, where two different KDTP would be computed: one from 40-90min (as before), and 

one from 40-240min (to include the reversible phase of tracer uptake). Then, the difference in 

KDTP between early (40-90min) and late times (40-240min) could serve as a proxy for kloss, while 

the ratio between KDTP(40-90min) and kloss would serve as surrogate for EDVR.  

Results from a preliminary analysis (not shown) have, in fact, showed that this 

“surrogate EDVR” was able to discriminate patients from healthy controls in our dataset. 

Therefore, if explored further, a three-time point extension of the DTPREF method could help 

improve the applicability of the dopamine turnover method.  

1.2.  DTPREF for whole-body quantitative PET 

A potential second application for the DTPREF method can be found in whole body 

quantitative PET. In fact, the feasibility of a similar dual-time point method for [18F]FDG in the 

context of whole-body PET imaging has been previously demonstrated by van den Hoff and 

colleagues4. It has been shown that a two-phase scan protocol can help the differentiation 

between benign and malignant tumors in many oncological applications, although mainly in 

the context of [18F]FDG PET5–7. Although these approaches are based on semi-quantitative 

metrics such as SUV or SUVR, DTPREF could serve as an important alternative, providing 



 

 

quantitative information on the underlying physiological processes. Thus, it could be of interest 

to assess the feasibility and to validate a DTPREF approach for a whole-body quantification of 

tumor malignancy. In such a scenario, however, some of the assumptions of the model will need 

revision, since the analysis would not be restricted to the brain. In that case, either an extra-

cerebral reference region could be considered (such as muscle tissue), or the approach could be 

adapted for the use of an image derived input function (IDIF). Both of these alternatives, 

however, have disadvantages and may pose additional challenges. In the case of using a muscle 

as reference tissue, common issues would include the variable blood flow in muscle in the awake 

state8 and the possibility of radiometabolites entering both tumor and muscle tissue, affecting 

modeling results. In the case of IDIF, limitations might include partial volume effect induced 

bias, as well as the use of whole blood instead of parent tracer plasma radioactivity 

concentration as input9. Nonetheless, there is a clear interest in exploring irreversible tracer 

uptake in different phases of the kinetic profile for oncological applications, and DTPREF might 

be able to contribute to these efforts.  

There is also one important potential challenge of DTPREF: it requires the patient to be 

positioned twice in the PET camera. Unfortunately, such a protocol may bring additional 

challenges, such as the need for a second anatomical scan for attenuation correction and proper 

coregistration between the two scans. In a general sense, this could lead to an increase in 

radiation dose due to an extra CT scan. However, the advances in attenuation correction from 

MRI scans indicate low-dose CTs might not be strictly necessary10. In this case, no additional 

radiation dose would be necessary for a DTPREF protocol.  

2) DTP method for reversible tracers (Chapter 3) 

Similarly to DTPREF, the DTP method of Chapter 3 might have additional applications 

outside the scope of dose occupancy studies, such as the particular case of activation, as was 

briefly mentioned in the discussion of the corresponding Chapter.  

2.1.  Reversible DTP method for activation studies 

Activation studies are most common in functional MRI (fMRI), where changes in 

cerebral blood flow (CBF) are analyzed as being the result of a cognitive task11. However, when 



 

 

performed by PET, activation studies can relate cognitive tasks to changes in neurotransmitter 

release, measuring changes in receptor specific parameters. Currently, PET activation studies 

are analyzed by an extension of the SRTM called the linearized simplified reference region 

modeling LSSRM12. The idea behind the LSSRM model is to assess the task-induced changes in 

neuroreceptor concentration by allowing the SRTM model parameters to change over time. 

More specifically, LSSRM allows the dissociation rate of the target tissue k2a (apparent washout 

rate constant from SRTM13) to change in response to fluctuations in neuroreceptor 

concentration. In order to do so, this model estimates gamma, which represents the amplitude 

of the tracer displacement after the activation task. However, previous studies using [18F]-

fallypride have made use of a protocol which includes two consecutive dynamic scans of around 

70min each14–16. As a consequence, the applicability of such a method is very limited, despite the 

potential that arises from performing activation studies with PET instead of fMRI.  

In such a scenario, the DTP described in Chapter 3 might be of interest, since it was also 

derived from the SRTM equations, and could greatly reduce the overall image acquisition time. 

For that purpose, the washout rate constants (needed for the DTP equation) would be estimated 

from an SRTM fit of the first part of the protocol (first scan), and applied to the activation scan 

to derive BPND from a DTP protocol, following the equations presented in Chapter 3. As a 

consequence, the amplitude of displacement could be quantified not by gamma, but by a 

difference in BPND between activation and baseline scan – similar to what is done in dose 

occupancy studies.   

3) General advantages of dual-time point imaging  

In general, both DTP methods could represent valuable alternatives for quantitative 

brain PET in the clinical setting, since one of the main difficulties with implementing full 

pharmacokinetic modeling in the clinical setting relates to the need of dynamic scanning. In 

fact, in the case of the irreversible DTP method of Chapter 2, for example, the implementation 

of a protocol with two static scans could increase patient throughput compared to dynamic 

scans. More specifically, it would be feasible to schedule a static [18F]FDG scan between the two 

static scans of a DTP [18F]FDOPA study, for example.  



 

 

Another important advantage of DTP methods is that neither of the proposed DTP 

settings depend on the simultaneous injection of the tracer and start of the PET camera, which 

can be an important advantage of these types of methods. Often, specific information about the 

beginning of a TAC is essential for an accurate quantification from pharmacokinetic modeling. 

As a consequence, when there are problems at the beginning of a scan, it is possible that the 

resulting data cannot be properly analyzed; in that case, the scan would need to be repeated. By 

applying a DTP method, this would not be the case, and the data could still be used. In addition, 

the DTP methods can be satisfactorily applied to different combinations of time points, 

providing more flexibility to scanning protocols. From the patient perspective, the DTP 

protocols are also advantageous, as they can increase patient comfort by reducing time in the 

PET scanner.  

As a result, the aforementioned advantages are not only interesting for patient care and 

clinical applicability, but also for the research setting, since shorter protocols are also more 

attractive to research volunteers. Moreover, although the need for simplified methods in human 

studies was the main motivation for the development of the DTP approximations, both could 

also prove useful in the preclinical setting. There, static imaging and the use of semi-quantitative 

metrics are still common practice in most research centers, despite the possibility of dynamic 

scanning and pharmacokinetic modeling in animal studies. This could be explained by the 

many challenges of pharmacokinetic modeling of small animal PET imaging, which include 1) 

the difficulties of arterial blood sampling in small animals17, 2) the effects of anesthetics in tracer 

kinetics18,19 and 3) the fact that, some centers do not have the expertise nor the necessary 

software for pharmacokinetic modeling. In addition, the reproducibility of physiological 

conditions in animal experiments require thorough monitoring of parameters such as body 

temperature, heart rate and breathing rate. As a result, many centers cannot yet fully explore 

the quantitative potential of the data they collect. Although the DTP methods do not solve many 

of the issues, they represent simplifications which might be considered of easier implementation 

compared to standard pharmacokinetic modeling. Moreover, since it does not use data from 

the start of the dynamic scan, a DTP method could allow for the uptake phase of the tracer 

kinetics to be performed without anesthesia. In that case, the effects of anesthesia could be. 



 

 

Nonetheless, before simplifications such as DTP methods can be applied to new settings, 

validations are necessary.  

It is important to notice, however, that a validation of a new method for different settings 

is not required for DTP methods. In fact, it is also mandatory for previously well-defined and 

successfully implemented methods, which brings us to the second part of this thesis.  

Back-translation of quantitative methods: from clinical to preclinical studies (Section II) 

Generally speaking, radiotracers are developed and first tested in animals.  Later, when 

these radiotracers are translated to human studies, it is common practice to first validate the 

findings from the animal studies. After that, simplified metrics are often evaluated in order to 

facilitate the application of a new radiotracer in large clinical trials and, ultimately, in clinical 

routine. Unfortunately, the same cannot be said in terms of back-translation. In particular, 

models and simplifications validated in human studies are sometimes translated back to animal 

studies without testing their use and validity in a preclinical setting. However, there are many 

differences between human and animal studies, ranging from technical differences in a PET 

system to physiological differences between species18. Therefore, back-validation is essential for 

accurate quantification, since models and methods for data quantification which were validated 

in human studies might not be applicable in the preclinical setting.  

The importance of back-validation was, in fact, the common topic addressed in the 

second section of this thesis. There, each of the three Chapters analyzed the kinetics and 

possibilities for quantification of [11C]flumazenil in the rat brain. Although most radiotracers 

are first evaluated with animal studies, the versatile [11C]flumazenil was first validated for PET 

imaging in humans. As such, it served as a great example of why back-validation is just as 

important as the standard animal-to-human translation. Through Chapters 4, 5 and 6, it was 

possible to make a comparison with results from human [11C]flumazenil studies and notice that, 

despite the similarities between the two settings, a direct back-translation was not acceptable. 

In fact, each of these Chapters brought to light a difference between human and animal 

[11C]flumazenil studies.  

 



 

 

1) Optimizing pharmacokinetic models for the different species 

In Chapter 4, it became clear that the VT in the rat pons is considerably higher than what 

is observed in humans and that the pseudo-reference character of this region is of special 

importance for rat studies. In Chapter 5, it was observed that both pharmacokinetic models 

applied and validated in human studies (1TCM and SRTM)20 were not optimal for the analysis 

of [11C]flumazenil rat data. 

Together, these two Chapters bring forward the relevance of method validation in 

different species. Interestingly, this relevance is very clear when the direction of the translation 

is from the preclinical to the clinical setting, and the kinetic profile of radiotracers developed 

and tested in small animals are consistently validated in non-human primates and human 

subjects prior to its application in those settings. However, the same cannot always be said in 

the case of back-translation, likely due to how rarely radiotracers start directly in human studies. 

In the particular case of [11C]flumazenil, the differences between human and rat kinetics are, 

however clear, marked by some overlap. As it was discussed in Chapter 5, although the 1TCM 

is not the optimal model for the rat, it does provide virtually equivalent parameters as the model 

of choice (2TCM) in target regions. In addition, Chapter 4 showed that, despite the sub-optimal 

character of the pons as a reference region in the rat, reference region modeling remains 

possible and interesting in specific scenarios.  

As a consequence, the keyword for the findings of these chapters is optimization. 

Optimizing the accuracy, sensitivity and specificity of results is and should remain an essential 

part of quantitative brain PET imaging. In that context, validation is crucial for both forward 

and back-translation, and direct reproduction of models between settings must be avoided.  

2) Validating analysis methods in different environments 

After defining optimal pharmacokinetic models for the analysis of [11C]flumazenil 

specifically for the rat brain, the next step was to explore different analysis methods in the same 

context. There, Chapter 6 was dedicated to evaluate the potential to analyze the available dataset 

through parametric imaging, a technique which is not often applied to small animal PET 

imaging.  



 

 

When comparing the results of Chapter 6 to clinical studies, they once again differed 

from the experience with the analysis of human data, and the results did not fully match the 

observations from similar clinical studies21. However, Chapter 6 was able to demonstrate that 

parametric imaging of [11C]flumazenil does not need to be restricted to the clinical setting.  

The use of parametric imaging methods brings opportunities for data analysis that can 

be of great interest for preclinical studies, and the results from Chapter 6 indicate the feasibility 

of such analyses. In particular, a powerful analysis technique related to parametric imaging is 

statistical parametric mapping (SPM). In this type of analysis, it is possible to determine, at a 

voxel-by-voxel level, the statistical differences between groups in the spatial distribution of a 

certain parameter. One important advantage of performing voxel-based analysis is the fact that 

it does not rely on pre-defined regions of interest. As such, voxel-based analysis has the potential 

to detect subtle changes which might not correspond to anatomical delineations. These types 

of changes might not be substantial enough to be picked up in a regional analysis. SPM analysis 

is very common in the fMRI field, and it has been successfully used for the analysis of human 

brain PET data. However, it has not been fully explored in the setting of small animal imaging 

yet, despite recent developments in the availability of dedicated-software packages and tracer 

specific templates for animal data22. At the moment, most preclinical studies making use of SPM 

perform the analysis on SUV or SUVR images23. In this way, although they explore the 

advantage of avoiding predefining regions of interest, these studies rely on metrics which, as 

previously discussed, can be sensitive to changes in perfusion.  

However, the results from Chapter 6 show that a shift towards voxel-based analysis of 

parametric images generated by pharmacokinetic models might also be feasible for animal 

studies. This is important, as SPM analysis of parametric images generated from 

pharmacokinetic models might improve analysis, as they are based on potentially more specific 

and sensitive parameters. Although such an analysis is frequent in human studies, animal 

studies are often the first step in PET research, playing an important role in drug, for example. 

As such, it could be valuable for the preclinical setting to benefit from the same advantages 

parametric imaging and SPM analysis have been providing for human studies. 

 



 

 

3) Back-translation in brain PET imaging quantitative analyses 

In summary, it is clear that quantification of dynamic PET data by pharmacokinetic 

modeling offers the potential to obtain specific parameters, which might contribute to the 

improvement of discriminative power. As a result, it becomes essential to critically investigate 

these quantitative results – be it on a regional (VOI) basis or by means of parametric imaging -

, and to compare them with attractive simplified methods such as DTP or SUV(R). As it was 

shown in this thesis, a direct translation of the results between the clinical and preclinical 

settings can result in erroneous conclusions and sub-optimal analysis, and should, thus, be 

discouraged. 

Although the dataset explored in Chapters 4, 5 and 6 encompassed only the case of 

[11C]flumazenil, the conclusions regarding the importance of back-translation of both 

pharmacokinetic modeling and image analysis methodology are not limited to this radiotracer. 

As an example, new generation amyloid tracers such as [18F]florbetaben24 and 

[18F]flutemetamol25, as well as tau targeting radiotracers such as [18F]AV-145126, could have 

similar trajectories as [11C]flumazenil and undergo a back-translation to the preclinical setting. 

As novel animal disease models for Alzheimer’s Disease (AD) develop27, detailed quantitative 

analysis of these radiotracers in small animal imaging might become relevant. In that scenario, 

as was the case for [11C]flumazenil, it should not be assumed that the quantitative methodology 

applied to clinical studies will be the optimal choice for the analysis of animal images.  

Regarding the back-translation of analysis methods, many additional opportunities can 

be mentioned which could be considered for further development in small animal imaging. 

Recently, a number of more advanced methods such as radiomics28, network analysis29, graph 

theory analysis30, and other more complex statistical methods are being applied to human PET 

datasets, providing new means to maximize the information available from a dataset. In that 

context, the advances in dedicated small animal imaging hardware31 have the potential to enable 

the translation of these types of analysis to the pre-clinical environment and, ultimately, 

optimize results also in animal studies.   

 



 

 

Concluding remarks 

In conclusion, there are several opportunities to be explored in quantitative brain PET 

imaging, both in the clinical and the preclinical setting. Although it may seem that a need for 

optimization of imaging protocols is most present in clinical research and routine practice, 

there is certainly room for improvement in the analysis of preclinical data as well. In general, 

the role of quantitative analysis of PET images relies on optimization of methodology, and 

optimizing an analysis process can have distinct meanings depending on the setting and 

application of interest. For the clinical routine, optimizing quantitative analyses might mean to 

bridge the gap between simple static scans and full pharmacokinetic modeling. For the 

preclinical research setting, on the other hand, optimization might translate to the increase and 

improvement of quantitative information which can be extracted from the data. The work 

presented in this thesis explored a number of possibilities for optimization, proposing shorter 

dual-time point approximations for human studies and validating models and analysis methods 

in animal studies. Yet, future possibilities are plenty, as optimization is a continuous process. 

The future of quantitative brain PET imaging may still present many challenges, but that means 

it will also be filled with new opportunities.  
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Als functionele beeldvormingstechniek voorziet PET in de in vivo visualisatie en 

karakterisering van weefselfunctie en onderliggende fysiologische processen, welke vaak 

onzichtbaar blijven met conventionele anatomische beeldtechnieken. Daarnaast voorziet PET 

in de kwantificatie van deze fysiologische processen, een van de grote voordelen van deze 

techniek ten opzichte van andere medische beeldvormende modaliteiten. Echter, de 

kwantitatieve analyse van PET gaat gepaard met veel uitdagingen in de klinische praktijk en bij  

onderzoeksvraagstellingen.     

Een groot aantal wiskundige modellen zijn beschikbaar voor de kwantificatie van PET 

data op basis van farmacokinetische analyse. Het overgrote deel van deze modellen heeft echter 

maar beperkte toepasbaarheid, vaak vanwege de complexiteit van de toepassing of de noodzaak 

voor dynamische protocollen. Deze eigenschappen zorgen voor beperkte toepasbaarheid in de 

klinische praktijk waar de statische acquisitie protocollen de voorkeur hebben. Mede hierom 

vinden volledige kwantitatieve analyses met farmacokinetische modellen hun weg niet naar de 

kliniek. Ten gevolge worden patiënten studies, populatie studies en klinische keuringen veelal 

visueel of semi-kwantitatief beoordeeld, bijvoorbeeld met simpele en semi-kwantitatieve 

opname metingen en wordt validatie hiervan vaak niet uitgevoerd. Verder is het onduidelijk of 

de farmacokinetische modellen en analyse methoden, die succesvol worden gebruikt bij 

klinische studies, toepasbaar zijn op onderzoek bij proefdieren. De directe vertaling van 

kwantitatieve analyse modellen bij onderzoeken tussen mensen en dieren wordt vaak 

uitgevoerd zonder nadere validatie. Dit leidt mogelijk tot onnauwkeurigheid en onjuiste 

conclusies.          

Dit proefschrift gaat in op de uitdagingen en mogelijkheden voor de kwantificatie van 

hersen PET studies. De eerste twee hoofdstukken gaan specifiek over het reduceren van de 

benodigde scantijd voor het kunnen toepassen van kwantitatieve farmacokinetische analyse in 

de klinische praktijk.  

In het tweede hoofdstuk werd een dual-time point reference tissue approach 

(DTPREF/dubbele tijdspunt aanpak) (DTPREF) voorgesteld voor het kwantificeren van tracers 

met irreversibele opname. Gebaseerd op de vergelijkingen van het Reference Patlak Model, 

heeft de DTPREF benadering als doel het reduceren van de scantijd op basis van een benadering 



 

 

voor de tracer trapping rate (Ki ) uitgaande van slechts twee statische scans. De DTPREF methode 

vereist geen slagaderlijke bloedmonsters, omdat het een referentieweefsel gebaseerde methode 

is. Derhalve is de DTPREF beperkt tot radiotracers waarvoor een referentiegebied bestaat.  Het 

model is gevalideerd voor de kwantificatie van [18F]FDOPA, een irreversibele tracer met een 

duidelijk gedefinieerd referentiegebied, de occipitale cortex. De resultaten lieten zien dat 

DTPREF de Ki nauwkeurig berekende op basis van de twee statische scans, waarvan de eerste 40 

minuten en de tweede 90 minuten na toediening van de injectie wordt opgenomen. DTPREF liet 

een onderscheidend vermogen zien gelijk aan die van de Reference Patlak methode en aan de 

Striatale-naar-Occipitale Ratio (SOR), een klinisch relevante en veelal toegepaste semi-

kwantitatieve parameter. Terwijl voor [18F]FDOPA het standaard kinetische model (Reference 

Patlak) een dynamische scan van minimaal 90 minuten vereist, berekend DTPREF de Ki  aan de 

hand van twee statische scans van elk 10 minuten, met significante vermindering van scantijd 

als gevolg. Hoewel SOR het alternatief blijft met het kortste protocol (6 minuten), verschaft het 

enkel een surrogaat voor de trapping rate Ki. Deze studie laat zien dat de relatie tussen SOR en 

Ki kan verschillen tussen regio’s waardoor de 2 parameters niet eenduidig in elkaar kunnen 

worden vertaald. Daarom is DTPREF een model simplificatie welke kan leiden tot een grote 

reductie in scantijd, terwijl de fysiologische informatie en de kwantificatie van de dynamische 

processen van [18F]FDOPA behouden blijven. Hoewel deze methode voor [18F]FDOPA 

gevalideerd werd, waren de vergelijkingen, theoretisch gezien, toepasbaar op alle onomkeerbare 

radiotracers mits de aannames geldig blijven. Anderzijds vergt DTPREF het gebruik van een op  

populatie gebaseerde gemiddelde tracer opname curve van het referentie weefsel. Een dergelijke 

vereiste zou een beperkende factor kunnen vormen voor de toepasbaarheid. Verdere validatie 

van de model aannames zijn daarom nodig voordat DTPREF voor verschillende tracers, voor 

verschillende populaties of studies ingezet kan worden.   

 Een vergelijkbare dubbele tijdspunt aanpak werd gepresenteerd in het derde 

hoofdstuk voor de kwantificatie van reversibele tracers. De modelvergelijkingen in dit 

hoofdstuk zijn het resultaat van een wiskundige benadering van het Simplified Reference Tissue 

Model (SRTM). Deze methode is daarom uitsluitend toepasbaar op radiotracers waarvoor een 

referentiegebied bestaat. Het doel van de benadering is gelijk aan die van het tweede hoofdstuk, 

namelijk het reduceren van de beeld acquisitietijd zonder afbreuk te doen aan de informatie ten 



 

 

opzichte van volledige farmacokinetische modellen. Echter, in dit geval kon de vergelijking niet 

opgelost worden met de informatie uit twee statische scans. Verder vereiste het model een 

benadering van de washout constant (k2), welke enkel verkregen kan worden uit een dynamisch 

scan in combinatie met volledige farmacokinetische modellering. Daarom werd deze dubbele 

tijdspunt methode toegepast binnen een studie waarvoor deze informatie beschikbaar was, i.e. 

een dosis receptor bezettings-onderzoek. Om de receptor bezetting van een medicijn vast te 

stellen worden per patiënt twee PET scans verkregen, één vooraf en één na de toediening van 

de medicatie. Normaal gesproken zijn beide scans dynamisch en wordt de bezetting van de 

receptor berekend op basis van de waargenomen verandering van de receptor binding. Om een 

dubbele tijdspunt methode toe te kunnen passen, nemen we aan dat de k2 (tissue washout 

constant) van zowel doel- als referentiegebieden niet veranderen door de medicatie. Hiermee 

zou het mogelijk moeten zijn om de k2 , afgeleid uit de eerste scan, toe te passen voor de tweede 

scan (na toediening van de medicatie). Deze hybride kwantificatie methode was retrospectief 

getest in een dosis receptor bezettings-onderzoek met het gebruik van [11C]raclopride, een 

reversibele radiotracer met het cerebellum als referentiegebied. Uitgaande van de eerder 

genoemde aanname, maakte de dubbele tijdspunt methode het mogelijk een inschatting te 

maken van de mate van tracer binding van de [11C]raclopride studie met hoge nauwkeurigheid. 

De receptor bezetting waarden kwamen tevens zeer goed overeen met de originele waarden. De 

resultaten gaven ook aan dat zelfs bij aanzienlijke verschillen in k2 tussen de twee scans de fout 

in de parameter waarde onder de 10% bleef. De methode was nauwkeuriger en minder 

tijdsafhankelijk dan metingen van de tracer binding met SUVR. Samengevat kan worden 

gesteld dat deze methode, zoals voorgesteld in hoofdstuk drie, gecombineerd met een 

dynamische basismeting en een dubbele tijdspunt scan na medicatie, de totale scantijd kan 

reduceren in dosis receptor bezettings-onderzoek. Verder is deze methode in principe 

toepasbaar op alle reversibele tracers met een valide referentiegebied. Echter, de stabiliteit van 

k2 en de gevolgen van toediening van medicatie op tracer kinetiek moeten onderzocht worden 

voordat deze methode kan worden toegepast voor andere tracers en onder andere 

omstandigheden.       

Samenvattend, de hoofdstukken twee en drie gaan in op twee succesvolle toepassingen 

van dubbele tijdspunt benaderingen. Beide maken kwantificatie van farmacokinetische 



 

 

parameters mogelijk door middel van een combinatie van korte statische scans en reduceren 

effectief de totale acquisitie tijd. De toepasbaarheid van beide methodes op andere tracers en bij 

een andere studie opzet, vereisen echter nadere validatie. De resultaten uit deze hoofdstukken 

laten de mogelijkheden zien van wiskundige benaderingen in combinatie met statisch scannen 

voor het verkrijgen van betekenisvolle dynamische informatie.       

De volgende drie hoofdstukken van dit proefschrift richtten zich op de vertaling van 

kwantitatieve methodes van humaan naar preklinisch onderzoek met de tracer [11C]flumazenil. 

Gestimuleerd door de verbeteringen van kleine proefdier PET systemen, slagaderlijke bloed 

bemonstering technieken en de ontwikkeling van proefdier modellen, is er veel tijd gestoken in 

de verschuiving van visuele beoordeling naar kwantitatieve analyse van preklinische PET 

studies. Echter de volledige farmacokinetische analyse van proefdieronderzoek blijft een 

uitdaging. Directe vertaling van modellen en methoden tussen klinische en preklinisch 

onderzoek is waarschijnlijk niet altijd mogelijk vanwege verschillen in de onderliggende 

fysiologie en omdat verschillen in de PET systemen de resultaten van het model kunnen 

beïnvloeden. In dit opzicht is [11C]flumazenil een interessante tracer omdat het eerst in klinisch 

onderzoek werd toegepast en pas later is ingezet voor preklinisch onderzoek. Daarom wordt er 

in het tweede deel van dit proefschrift beoordeeld of sommige modellen en methoden, zoals 

gebruikt voor de kwantificatie van [11C]flumazenil studies bij mensen, kunnen worden 

toegepast voor preklinisch onderzoek in de rat.  

Als radiotracer voor GABAA werd [11C]flumazenil gebruikt voor onderzoek naar 

verschillende ziektes en omstandigheden zoals neuronale schade bij hoofd trauma1, epilepsie2,  

penumbra gebieden rond een infarct3 en de ziekte van Alzheimer4. In klinisch onderzoek werd 

de pons gebruikt als referentiegebied hoewel het bekend is dat deze regio niet geheel vrij is van 

GABAA-receptoren. Ondanks een lage maar waarneembare binding aan de GABAA-receptoren 

in de pons wordt er een referentiegebied gebaseerde farmacokinetische model toegepast omdat 

de mate van specifieke binding in de pons laag is en niet beïnvloed lijkt te worden door de 

pathologische condities waarvoor het tot nu toe is gebruikt. Echter, er zijn omstandigheden 

bekend die tracer binding in de pons beïnvloeden en in deze gevallen zal het gebruik van pons 

als referentiegebied niet valide zijn. Omdat het GABA systeem tevens betrokken is bij neuro-



 

 

inflammatoire processen is verondersteld dat neuro-inflammatie [11C]flumazenil binding met 

GABAA-receptoren kan beïnvloeden. Neuro-inflammatie kan dus de tracer binding in de pons 

beïnvloeden welke het gebruik van deze regio als referentie weefsel in het geding kan brengen. 

Daarom was een slagaderlijk bloedbemonstering voor valide kwantitatieve analyse van de data 

vereist.  

De doelstellingen van de studie in het vierde hoofdstuk waren daarom bedoeld om 1) 

vast te stellen of veranderingen in [11C]flumazenil binding waargenomen konden worden na 

acute neuro-inflammatie met het herpes encefalitis virus (HSE) en 2) de pons te valideren als 

referentie gebied en het referentie model met pons als referentiegebied te valideren tegen 

kwantitatieve maten verkregen met plasma input gebaseerde analyse. De resultaten van het 

onderzoek lieten zien dat neuro-inflammatie [11C]flumazenil binding niet beïnvloedde en dat 

er geen individuele of groepsveranderingen gevonden zijn in de pons van ratten.  Echter, bij 

gebruik van volledige plasma input kinetische modellering liet dit onderzoek zien dat de mate 

van tracer binding in de pons van ratten aanzienlijk hoger was dan bij de mens. Hiermee kan 

worden geconcludeerd dat in de rat de pons geen adequaat referentiegebied is vergeleken met 

de humane pons. Het gebrek aan groepsverschillen in [11C]flumazenil binding in deze regio 

suggereert dat dit gebied mogelijk wel toegepast kan worden als pseudo-referentiegebied tijdens 

acute neuro-inflammatie. Desalniettemin, is het mogelijk dat andere immunologische stimuli 

de GABAA-expressie bij de ratten in de pons kan beïnvloeden. Daarom moet het referentie 

weefsel modelering van [11C]flumazenil PET scans in rattenbreinen gevalideerd worden tegen 

plasma input kinetische analyse voor iedere specifieke pathologische conditie.         

De analyses beschreven in hoofdstuk 4 laten zien dat gevalideerde kinetische modellen 

voor de kwantificatie van klinisch [11C]flumazenil onderzoek niet zonder meer geschikt waren 

voor betrouwbare kwantitatieve metingen in specifieke regio’s in het rattenbrein. Tevens waren 

er nog geen studies waar de nauwkeurigheid en precisie van verschillende farmacokinetische 

modellen voor kwantificatie van [11C]flumazenil binding in het rattenbrein beschreven zijn. De 

meeste preklinische studies die deze radiotracer hebben gebruikt, zijn doorgaans uitgevoerd 

met een beperkte kwantitatieve analyse op basis van SUV en SUVR met de pons als 

referentieregio. Correcte toepassing van farmacokinetische modelering zijn echter bijzonder 



 

 

relevant voor preklinsich onderzoek, aangezien deze vaak wordt toegepast tijdens vroege 

medicijn ontwikkeling en/of voor evaluatie van ziekteprogressie of behandelingsresponse, waar 

het doen van volledige tracer kinetische analyse de voorkeur heeft ten opzichte van semi-

kwantitatieve metingen.          

Hoofdstuk 5 beschrijft de evaluatie van verschillende farmacokinetische modellen voor 

de kwantitatieve analyse van [11C]flumazenil binding in het rattenbrein. De resultaten uit deze 

studie lieten een voorkeur zien voor een regio-afhankelijk model. Terwijl in klinisch onderzoek 

het 1-compartiment model (1TCM) voldoende was om de [11C]flumazenil kinetiek te 

beschrijven, was dit model alleen geschikt voor gebieden in het rattenbrein met een hoge 

dichtheid in GABAA-receptoren. In gebieden met een lage receptor dichtheid was een 2-

compartiment model (2TCM) essentieel voor accurate parameter berekening. Er werd een 

statistisch verschil gevonden tussen de kwantitatieve parameters verkregen uit 1TCM en 2TCM 

modellen voor gebieden met een lage dichtheid.  Aan de andere kant gaven beide modellen 

gelijkwaardige tracer distributie volumes in hoge bindingsregio’s. Referentie gebaseerde 

modelering, gebruik makend van de pons als referentiegebied, waren niet alleen onnauwkeurig 

vanwege een hoge specifieke binding in die regio, maar ook omdat de model aannames niet 

valide waren. De meeste referentie modellen nemen namelijk aan dat een 1TCM van toepassing 

is voor het referentiegebied.  Echter, een 2TCM was nodig voor een nauwkeurige modelering 

van de pons tracer kinetiek. Daarom was het referentiemodel dat volgens Akaike Informatie 

Criteria (AIC) de voorkeur verdiende een versie van het Simplified Reference Tissue Model 

(SRTM) met twee compartimenten voor het referentiegebied (STRM-2C). Dit model heeft meer 

parameters dan SRTM welke de robuustheid en test-hertest reproduceerbaarheid verlagen en 

de onzekerheid van de parameter berekeningen verhogen. Daarom is de kwantificatie van 

[11C]flumazenil binding in het rattenbrein het meest nauwkeurig als het 2TCM wordt toegepast. 

Dit model vereist echter slagaderlijke bloed bemonsterring en metabolieten correctie, welke de 

toepassing voor preklinisch onderzoek kan verhinderen. Onder deze omstandigheden kan 

SRTM, met de pons als pseudo-referentie gebied, als waardevol alternatief beschouwd worden. 

Echter, zoals hoofdstuk 4 aangaf, het model moet eerst gevalideerd worden zodat duidelijk is of 

de pathologische condities in het proefdier model de GABAA-expressie en de tracer perfusie en 

binding in de pons niet beïnvloeden.              



 

 

Tenslotte beschrijft hoofdstuk 6 de prestaties van verschillende methodes voor het 

maken van parametrische beelden van [11C]flumazenil binding in het rattenbrein. 

Parametrische methodes berekenen voor elke voxel in het beeld de waarde van een 

kwantitatieve farmacokinetische parameter. Daarom is parametrische analyse onafhankelijk 

van eerder gedefinieerde gebieden en slechts beperkt door de spatiële resolutie van het beeld. 

Een dergelijke analyse kan belangrijk zijn wanneer subtiele veranderingen worden verwacht, in 

het bijzonder wanneer de effecten van de condities die bestudeerd worden qua lokalisatie niet 

volledig overeenkomen met de eerder gedefinieerde gebieden. Hoewel deze methodes vaak 

toegepast worden in klinisch onderzoek is de toepassing voor preklinische studies nog beperkt. 

In eerder klinisch onderzoek is de meest geschikte parametrische methodes voor analyse van 

[11C]flumazenil PET studies vastgesteld. De verschillen in modelprestaties tussen klinisch 

onderzoek en onderzoek bij ratten, zoals in het vorige hoofdstuk besproken, suggereren echter 

dat validatie van de parametrische methodes ook uitgevoerd moet worden voor studies met 

ratten. Daarom werden verschillende parametrische methodes getest en de resultaten 

gevalideerd tegen de corresponderende regionale analyses. Verder zijn de resultaten van deze 

methoden getest tegen de waarden afkomstig uit het 2TCM (voorkeursmodel uit hoofdstuk 5). 

De resultaten uit dit onderzoek lieten zien dat alle methodes visueel gelijkwaardige 

parametrische beelden van [11C]flumazenil binding produceerde. Echter de vergelijking van 

kwantitatieve resultaten en methode prestaties, in relatie tot de 2TCM waarden, toonden aan 

dat Logan en Reference Logan (RLogan) de meest regio-onafhankelijke en robuuste parameter 

berekeningen lieten zien. Daarnaast, zijn deze twee methodes niet afhankelijk van de 

onderliggende compartiment configuratie, wat een voordeel kan zijn voor tracers zoals 

[11C]flumazenil waar compartiment gebaseerde modellen verschillend presteren voor 

verschillende gebieden. Andere methodes kunnen waardevol zijn wanneer aanvullende 

informatie interessant is, zoals weefselperfusie of model dimensie. Samengevat, suggereren de 

prestaties van de parametrische methodes voor de analyse van [11C]flumazenil data bij ratten 

dat een voxel gebaseerde analyse vaker toegepast kan worden in preklinisch onderzoek onder 

voorbehoud dat validatie plaats vindt.    

Samenvattend laten de hoofdstukken 4, 5 en 6 zien dat farmacokinetische analyse 

methodes en modellen, toegepast in klinisch onderzoek, niet per definitie valide zijn voor 



 

 

preklinische studies. Daarom zijn beoordeling van geschikte modellen en parametrische 

methodes en de validatie van de referentiegebieden noodzakelijk voor gebruik in preklinische 

studies. 
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should be enough to tell you how much of a special group can be found in our department. 

After only two years, some of you have become my family on this side of the globe – and I know 

how lucky I am to be able to say that of colleagues. 

Anniek, thank you for pushing me to the gym and being a great example of the 

welcoming character of the Dutch. Ewelina, thank you for introducing me to the PhD day. Heli, 

thank you for the trust – you were the very first person who asked me for help with modeling. 

Jason, thank you for switching back to English when everyone else wanted to speak Spanish to 

me. Andrea Parente, thank you for my first true carbonara, and for trusting me with your data; 

half of this PhD I owe to your hard work. Andrea Monroy, thank you for the shoulder, even in 

times when I said I did not need it. Verena, thank you for the kindness, I will miss you too. 



 

 

Carlos, thank you for showing everyone what having two PhDs is about: passion, dedication 

and a true Cuba libre.   

Luis, thank you for welcoming me to the group and for teaching me from medicine to 

human nature. Inês, minha mais nova compatriota, thank you for letting me in and for sharing 

so much with me; I will be only two hours and a call away. 

Paula. None of this would have been the same without you. Porto Alegre did not allow 

us to meet, but I am glad Groningen did. You made me feel home whenever the kilometers 

seemed too many, and not having you here the past months was far from easy. The office is 

quieter, my Portuguese is at its worst, but most of all, I am sister-less. Thank you for every day, 

every laugh, every hug, every political discussion and all the love. Thank you for making my 

Groningen Alegre.  

To all of you and everyone who shared even the quickest of moments at the coffee room 

or the department corridors: a big thank you. Going to work every day was easy when I knew I 

would be in your company. 

“Never doubt that a small group of thoughtful, committed, citizens can  
change the world. Indeed, it is the only thing that ever has.” 

- Margaret Mead 

To my partners in fighting the good and difficult fights 

They say having a PhD means you know very much about very little – and I never 

identified myself with the concept. I believe that is why I tried to expand my horizons and search 

for additional activities in which I could maintain a sense of purpose beyond my own research 

topic. Those included the PhD councils, GRIN (Groninger Graduate Interest Network), the 

PhD Day organization and the BCN Newsletter. Besides from all that these groups taught me 

in terms of organization, bureaucracy, academia and even politics, the most valuable 

consequence of my involvement in them was having met amazing people along the way.  

To my BCN-council fellows, thank you for showing me how important a student council 

can be. To the people from the GSMS-council, thank you for proving that working together 

always beats working apart. To the GRIN girls, thank you for joining me in the adventure of 



 

 

rebuilding such an important organization. To the PhD Day group, thank you for showing me 

how rewarding it can be to work in a diverse environment.  

A special thank you for Enja, Mirjam and Sarah – if there is one good thing about the 

experiment, is that it made me find friends in you. Last, but not least, an immense gracias to my 

Mexican-sis, Andrea. When I grow up, I want to have your energy. Thank you for assuring me 

it is possible to build life-long friendships after grammar school. 

“Home is people. Not a place. If you go back there after the people are gone, then 
all you can see is what is not there anymore.” 

- Robin Hobb 

To my friends back home 

Despite how many times I have done it, it is never easy to leave. What comforts me is 

how much of you I know I bring with me, wherever I go.  

Gaby, Rê, Lali. When I speak of friendship, it is you I think of. Every time I left, you 

came with me. Vocês são a prova de que clichés tem um quê de verdade: afinal, amizade não 

tem nada que ver com distância. Thank you for understanding my absence, and for being with 

me despite it. Thank you for all the years so far, and for every single one to come. 

Gui, Zunto, Débs. Meus amorecos. Thank you for sharing your love for science with me, 

each and every one of you inspired me to keep studying Physics. Thank you so much for the 

visit, even though I did not repay it (yet!). It is easy to be friends when things are easy, but you 

guys are there always. Thank you for being the best group of physicists in this world.  

 

To my family – para a minha família 

Quanto mais eu cresço, viajo e me conheço, mais eu entendo o quanto vocês são a base 

de tudo. Muito obrigada pelo amor incondicional e por todo o suporte que eu sempre tive pra 

seguir o caminho que eu quisesse. Mano, obrigada pelo companheirismo. Mana, obrigada pelos 

ensinamentos. Gabi, obrigada pela amizade. Eu amo vocês. 



 

 

Pai, minha eterna enciclopédia humana. Obrigada por me mostrar a magia dos livros e 

ensinar, através do exemplo, a importância da busca pelo conhecimento. Mãe, obrigada pela 

vida, obrigada pelo amor. Obrigada também por ser o melhor exemplo de mulher que eu 

poderia ter – não importa o que aconteça, tu me mostrou que é sempre possível seguir 

evoluindo. 

“Is it possible for home to be a person and not a place?” 

- Stephanie Perkins 

To my Dutch “home” 

Although I really do enjoy my life in the Netherlands, it is generally difficult to call 

another country your home. Yet, when you meet the right group of people, feeling home is a 

natural consequence.  

Ardine, Ton, Rianne, Rick and Milou, thank you for welcoming me with nothing but 

warmth and understanding from day one, I am very glad I got to have a second family in you. 

Bart, thank you for every day since we met. I know a PhD is a stressful time, and a two-

year PhD could be considered double the fun. Thank you for being the calm to my stress, for 

making sure I did not overwork, for constantly trying to make me eat healthy and for 

understanding that sometimes I just needed to freak out. Also, thank you for the blind trust in 

my scientific capabilities – although I rarely took you seriously, it was always comforting to hear 

a “you will do great” before every challenge. I love you, and having you by my side made taking 

the next steps much easier.  




