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1 Introduction

1.1 Positron emission tomography
Positron emission tomography (PET) allows for in vivo imaging and quan-
tification of tissue function.[1] PET is based on the detection of two char-
acteristic γ-rays, originating from the annihilation of a positron that is
emitted by a radioactive nuclide. A positron emitting radionuclide can be
incorporated into a molecule of interest, such as the glucose analogue FDG
(2-fluoro-2-deoxy-D-glucose), and subsequently be injected into a subject.
A labelled molecule is called a tracer and its distribution in a subject
can be measured accurately using PET. The measured time course of the
radioactivity concentration in tissue can be analysed using PET pharma-
cokinetic models to extract tissue function. The specific function depends
on the tracer being used. For example, in case of [18F ]FDG, the tissue
function of interest is glucose metabolism.
Accurate quantification of activity using PET is due to the specific char-

acteristics of positron decay. First, a radionuclide decays by emitting a
positron. Next, after travelling ~1-2 mm in tissue, the positron combines
with an electron. The combined particles annihilate immediately, trans-
forming the total mass into two photons according to E = MeC

2.[2, 3, 4]
Here Me is the mass of an annihilating particle, c is the speed of light and
E is the resulting energy. The photons are emitted in almost opposite
directions and each photon has an energy of 511 keV . The PET scanner
uses fast electronics and a ring of detectors (1.1a) to detect emitted pho-
tons. If two detectors are triggered almost simultaneously (coincidence
detection, i.e. within nanoseconds), then it is assumed that an annihi-
lation has taken place along the line connecting these detectors (line of
response). After all data have been collected and stored in sinograms, a
dedicated algorithm is used to reconstruct these measured coincidences,
into images, giving the distribution of activity concentration within the
subject being scanned.
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1 Introduction

For quantification, various corrections are needed. Photons originating
from deeper parts are attenuated more than those from superficial parts
of the subject. Attenuation correction factors can be derived from a trans-
mission scan. Transmission scans are performed by rotating one or more
positron emitting line sources around the subject (1.1b) or, more recently,
from dedicated low dose CT scans in case of combined PET/CT scanners.
These transmission scans provide a measure of the total attenuation (or
actually transmission) along each line of response. There are several other
PET specific errors that can be corrected for, while others are inherent
to the technique used. Examples of the latter are, first, that positrons
travel a few mm from the site of the decaying molecule of interest (i.e.
the tracer) before annihilating and, second, that photons do not travel in
exactly opposite directions. Both phenomena result in a slight misposi-
tioning of the line of coincidence and, therefore, set a theoretical limit to
the spatial resolution that can be achieved with PET. Examples of errors
that can be corrected are, first, random coincidences where two photons
from different annihilation events are detected simultaneously (1.1c) and,
second, scattered coincidences where one of the photons is scattered before
detection (1.1d), both potentially resulting in mispositioning of the line
of coincidence. The most common method to correct for randoms is to
estimate the number of randoms per line of response by acquiring them in
a delayed coincidence time window. Scatter can be corrected for by either
simulating a scatter profile of the subject or by excluding photons with
lower energies, as the energy of scattered photons is reduced. Appropriate
corrections for attenuation, randoms and scatter during acquisition and/or
reconstruction means that accurate quantification of tracer distribution is
possible using PET.

1.2 PET Tracers

PET is widely known for [18F ]FDG imaging in oncology.[5] The success
of [18F ]FDG is based on its widespread availability, a consequence of the
relatively long half-live of 18F , and on its high uptake in tumours (i.e.
providing high contrast images), which is based on the high metabolic rate
of glucose seen in most tumours in combination with the unidirectional
uptake (trapping) of FDG.
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1.2 PET Tracers

(a) (b)

(c) (d)

Figure 1.1: Schematic diagram of a PET scanner, showing a single ring of detectors.
Figure 1.1a represents the detection of a true annihilation event in a sub-
ject. Figure 1.1b illustrates the method used for measuring attenuation
correction factors using a rotating line source around the subject. Fig-
ures 1.1c and 1.1d show possible mispositioning errors due to random and
scatter coincidences, respectively.
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1 Introduction

The flexibility of PET, however, allows for development of tracers for
imaging of various molecular processes. Several positron emitting radio-
nuclides are available (e.g. 11C, 13N , 15O and 18F ) and any molecule that
can be labelled with one of these radionuclides can be used for imaging the
time course of that molecule in tissue. Especially 11C allows for labelling
of many molecules of interest, as substitution of a natural carbon atom by
11C does not change the chemical properties of that molecule. Many PET
tracers have been developed for in vivo imaging of different functional and
molecular processes in various types of tissue. Examples of tracers used
in brain studies are [15O]H2O, [15O]O2, [18F ]FP-β-CIT, [11C]PIB, (R)-
[11C]PK11195 and [11C]flumazenil for imaging flow, oxygen consumption,
dopamine transporter receptors, amyloid burden, activated microglia and
benzodiazepine receptors, respectively. The success of a PET tracer de-
pends on its metabolic profile, and its selectivity and affinity for the target
being studied (e.g. a receptor), or on its ability to act as a substrate for a
certain metabolic pathway. A high rate of (peripheral) metabolism of the
tracer and non-specific binding, however, can hamper quantification.
This thesis focuses on brain PET studies using tracers that are neurore-

ceptor ligands. In those studies, tracers usually are injected in nearly neg-
ligible (tracer) amounts in order to measure the natural state without dis-
turbing underlying physiological processes and molecular interactions.[6]
The latter is one of the fundamental properties of PET tracer studies. If
the tissue is (and remains) in a physiological steady state during a scan, ap-
propriate tracer pharmacokinetic models can be used to translate the time
activity course of that tracer into quantitative values of relevant pharma-
cokinetic parameters. Differences in specific parameters between healthy
controls and patients can often be related to severity of disease, such as for
Alzheimer’s (AD) and Parkinson’s (PD) disease. Consequently, quantifi-
cation of these parameters can potentially be used for diagnosing disease,
monitoring disease progression and/or evaluating response to therapy.

1.3 Pharmacokinetic models

To quantify a physiological process, it sometimes is sufficient to perform
a simple static PET scan during (tracer) equilibrium conditions. In most
cases, however, full kinetic analysis is needed and multiple consecutive

14



1.3 Pharmacokinetic models

PET frames (i.e. dynamic scan) need to be acquired over time. The
total scan time needs to be long enough to measure both uptake and
clearance of the tracer. Next, anatomical regions of interest (ROI) are
defined directly on the PET image or, alternatively, a co-registered MRI
scan or the summed image obtained from adding several PET frames. The
average activity concentration in each ROI as function of time is called a
time activity curve (TAC). Finally, such a TAC is used in combination with
a pharmacokinetic model, providing quantitative measures of associated
pharmacokinetic parameters.
Most PET pharmacokinetic models are based on the assumption that

the PET tracer is distributed homogenously in distinct compartments.
Consequently, a TAC is the (volume weighted) sum of the contributions
from all compartments present in the ROI.
As an example, three compartments are used with the (reversible) two

tissue compartment model [7] (Figure 1.2, also see appendix 10.1): (1) the
tracer can be in the plasma compartment (P), the activity of which can
be measured using a separate arterial blood sampling device, this activity
curve is called the input function, (2) the tracer can move relatively ‘freely’
in tissue (F), and (3) the tracer can be bound to a specific target in tissue
(S), e.g. a receptor for which the tracer (= ligand) has high affinity.
Although the tracer can also be bound non-specifically (NS), it usually is
assumed that this type of binding will have fast kinetics, and therefore will
not be distinguishable from the free compartment (Figure 1.2). In general,
to further simplify quantification, only tracers are considered that are
not metabolised in the brain, and for which labelled metabolites formed
outside the brain will not cross the blood brain barrier. The input function
and the mathematical description of this compartmental model are then
used to fit the data using non-linear regression algorithms, in order to
find the optimal values for the various parameters, e.g. rate constants
K1 (ml ∗ cm−3min−1), k2(min−1), k3(min−1) and k4(min−1). Finally,
several parameters of interest for the three compartment model can be
calculated, such as volume of distribution (VT = K1/k2 ∗ (1 + k3/k4)) and
binding potential (BPND = k3/k4). VT is a measure of the concentration
of tracer in tissue relative to that in blood at equilibrium and BPND is a
quantitative measure of ligand-receptor binding.
Depending on kinetics of the tracer modifications of the reversible two

15



1 Introduction

tissue model may be needed. If the kinetic behaviour of the tracer is very
slow or if the tracer is trapped in the tissue (e.g. [18F ]FDG), then an
irreversible two tissue model should be used instead. In this irreversible
model k4 is set to 0. On the other hand, if the exchange of tracer between
bound and free compartments is very fast, so that compartments cannot
be distinguished from each other (e.g. [11C]flumazenil), then a single
tissue model should be used instead. In this model free and the bound
compartments are lumped together.
One drawback of all models mentioned above is that they require arte-

rial blood sampling to determine the input function. The use of arterial
blood sampling can be avoided, however, if a reference region [8, 9] is
available. This reference region should be comparable to the region un-
der study, except that it should be devoid of the receptor of interest. In
reference tissue models the plasma concentration is substituted out, by
incorporating equations describing the relationship between plasma and
the reference tissue compartment.
Finally, for most compartment models, also linearised versions are avail-

able [10, 11, 12, 13, 14, 15, 16], which are much faster and less sensitive for
noise than non-linear models. Linearised methods are therefore used for
rapid generation of parametric maps, i.e. full three-dimensional images of
the parameter of interest. Parametric maps are especially valuable when
large heterogeneity in tracer uptake is expected across or within anatom-
ical regions. Linearised models, however, are often biased in comparison
with their non-linear counterparts.

1.4 Aim of the thesis

PET is an accurate method for measuring activity concentrations and sev-
eral successful pharmacokinetic models are available for analysing PET
data. For each new tracer, however, it should be evaluated which model
is optimal. When developing such a model for a new tracer, the starting
point should be the most general model that can describe the underlying
physiology. As it is only possible to fit a limited number of parameters
from a single PET study, it may be necessary to lump compartments to-
gether. Again, this should be based on the underlying physiology and,
if available, information from preclinical studies. For example, when ex-
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1.4 Aim of the thesis

Figure 1.2: Reversible two tissue compartment model, where P represents (tracer)
radioactivity concentration in plasma (Bq/ml) and TISSUE radioactiv-
ity concentration in tissue; F + NS represents free and non-specifically
bound parent in tissue and S specifically bound parent in tissue; K1

(ml∗cm−3min−1) and k2(min−1) are rate constants, describing exchange
of parent between plasma and tissue; k3 and k4 are rate constants (min−1),
describing exchange of parent between free and bound compartments.

change between compartments is very fast, they can be lumped together.
Next, the model may be simplified even further in order to improve pre-
cision of estimated parameters, as this increases with decreasing number
of parameters, i.e. with decreasing complexity of the model. Simplifica-
tion, however, may also result in reduced accuracy and it depends on the
process under study whether this is acceptable. In general, finding the
optimal model means finding the optimal trade-off between precision and
accuracy for the parameter of interest. Finally, there is ongoing research in
developing new pharmacokinetic models and more stable implementations
of existing models (e.g. new linearisations).
The aim of this thesis was to find optimal methods (or models) for

quantification of several new PET tracers used in human brain studies,
and, additionally, to improve tracer parameter estimation in general by
evaluating new approaches. Different pharmacokinetic models were eval-
uated to optimise quantification of several new ligands used in human
studies of neuro-degenerative diseases ([18F ]FP-β-CIT, [18F ]FDDNP and
[11C]PIB). Furthermore, various algorithms to improve parameter esti-
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1 Introduction

mation in general were evaluated, such as filtering techniques, weighting
factors, parameter coupling/fixing for parametric methods and non-linear
regression optimisation algorithms.

1.5 Outline of the thesis
Chapter 2 describes several non-linear regression optimisation algorithms
and the effects of using incorrect weighting factors. These methods were
evaluated in terms of both accuracy and reproducibility of fitted PET
pharmacokinetic parameters.
Chapter 3 discusses improvements in quantification of simulated and

clinical (R)-[11C]PK11195 data by denoising TACs using several wavelets
based filtering techniques.
In chapter 4 the performance of several kinetic and semi-quantitative

methods for analysing human [18F ]FP-β-CIT studies is discussed. Both
simulations and human studies were performed to determine effects of
noise, scan duration and blood volume on the parameters of interest.
In chapter 5 the evaluation of several conventional kinetic methods for

analysing human [18F ]FDDNP is described. In addition, the performance
of a so-called metabolite model (i.e. a model that includes an addi-
tional compartment for labelled metabolites) was investigated, as there
has been some concern that labelled [18F ]FDDNP metabolites might cross
the blood-brain barrier.[17, 18]
Finally, in chapters 6 and 7 the performance of methods to generate

parametric images of [11C]PIB and [18F ]FDDNP binding, respectively, is
presented.

18



2 Optimization algorithms and
weighting factors for PET

ARTICLE: Optimization algorithms and weighting
factors for analysis of dynamic PET studies

AUTHORS: Maqsood Yaqub, Ronald Boellaard, Marc A.
Kropholler, and Adriaan A. Lammertsma

INSTITUTES: Department of Nuclear Medicine & PET Research,
VU University Medical Centre, Amsterdam, The

Netherlands

JOURNAL: Physics in Medicine and Biology, 2006, 51:
4217-4232

19



2 Optimization algorithms and weighting factors for PET

Abstract
PET pharmacokinetic analysis involves fitting of measured PET data to a
PET pharmacokinetic model. The fitted parameters may, however, suffer
from bias or be unrealistic, especially in case of noisy data. There are
many optimisation algorithms, each having different characteristics. The
purpose of the present study was to evaluate (1) the performance of differ-
ent optimisation algorithms and (2) the effects of using incorrect weighting
factors during optimisation in terms of both accuracy and reproducibility
of fitted PET pharmacokinetic parameters.
In this study, the performance of commonly used optimisation algo-

rithms (i.e. interior-reflective Newton methods) and a simulated anneal-
ing (SA) method were evaluated. This SA algorithm, known as basin-
hopping, was modified for the present application. In addition, optimi-
sation was performed using various weighting factors. Algorithms and
effects of using incorrect weighting factors were studied using both sim-
ulated and clinical time activity curves (TACs). Input data, taken from
[15O]H2O, [11C]Flumazenil and (R)-[11C]PK11195 studies, were used to
simulate time activity curves at various variance levels (0 - 15% COV ).
Clinical evaluation was based on studies with the same three tracers.
SA was able to produce accurate results without the need for selecting

appropriate starting values for (kinetic) parameters, in contrast to the
interior-reflective Newton method. The latter gave biased results unless
it was modified to allow for a range of starting values for the different
parameters. For patient studies, where large variability is expected, both
SA and the extended Newton method provided accurate results.
Simulations and clinical assessment showed similar results for the eval-

uation of different weighting models in that small to intermediate mis-
matches between data variance and weighting factors did not significantly
affect the outcome of the fits. Large errors were only observed when the
mismatch between weighting model and data variance was large.
It is concluded that selection of specific optimisation algorithms and

weighting factors can have a large effect on the accuracy and precision of
PET pharmacokinetic analysis. Apart from carefully selecting appropriate
algorithms and variance models, further improvement in accuracy might
be obtained by using noise reducing strategies, such as wavelet filtering,
provided that these methods do not introduce significant bias.
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2.1 Introduction

2.1 Introduction
Positron emission tomography (PET) is a medical imaging technique that
allows for measuring the distribution of radiotracers in vivo. Typically,
dynamic scans are performed to measure the time course of a radiotracer
in tissue. Parameters of interest, such as flow (F ), volume of distribution
(VT ), or binding potential (BPND), are then derived by fitting the time
activity curves (TACs) to an appropriate kinetic model. Accuracy of fitted
parameters depends on the accuracy of the kinetic model, the level of
noise, performance of the optimisation algorithm and use of appropriate
weighting models.
Although many optimisation algorithms are available, such as simulated

annealing [19], the Marquardt algorithm [20] and the interior reflective
Newton method [21], evaluation of the use of different optimisation al-
gorithms for PET pharmacokinetic analysis is limited. Accuracy of fit
parameters depends on the ability of an optimisation algorithm to locate
the global minimum. For example, Wong and Meikle [22] have successfully
applied a simulated annealing algorithm to fit PET data and concluded
that it showed less bias in the estimation of physiological parameters as
compared with the Marquardt algorithm.
Another important issue relates to the variance in the PET data. A

kinetic model might not fit all data points equally well, because of noise
in the measured data [23] or as a result of approximations in the model.
Consequently, data need to be filtered and/or fitted using an appropriate
variance model, weighting each point of the TAC according to its variance.
Estimating the correct variance in a TAC can be time consuming, such
as in the case of bootstrap methods [24, 25], or it can provide only an
approximate estimate of the local variance.[26, 27, 28] However, a number
of methods to derive the variance in TACs have been described [29, 30],
which are reasonably accurate and computationally efficient. Nevertheless,
in practice, whole scanner count rates are frequently used to estimate
variance.[31] Therefore, it is important to evaluate whether approximate
variance models are sufficiently accurate to derive weighting factors for
the purpose of kinetic modelling.
In summary, the purpose of the present study was to evaluate: (1) the

performance of a number of optimisation algorithm, including simulated
annealing, and (2) the effects of various different weighting factor schemes
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on accuracy and reproducibility of fitted parameters. To this end, both
simulations and clinical evaluations were performed.

2.2 Methods

2.2.1 Theoretical background

Weighted non-linear least squares algorithms iteratively locate the lowest
weighted residual sum of squares (WRSS) using a built-in optimisation
routine. In this study, WRSS is defined as the squared residual error
between measured and fitted TACs, weighted according to an approximate
variance model, as will be discussed later. The equation forWRSS is given
by:

WRSS =
N∑
i=1

Wi (Yi − Fi (x))2 (2.1)

where N is the number of frames, i the frame number, and Wi the weight
for frame i (section 2.3). Yi and Fi are both activity concentrations for
frame i. Yi is the measured activity concentration and Fi the correspond-
ing value fitted to a kinetic model. Finally, vector x consists of the kinetic
model parameters to be optimised. A function evaluation is defined as a
single calculation of this WRSS cost function. More details about PET
pharmacokinetic models can be found in [7]. In general, a pharmacoki-
netic model describes the exchange of a radioactive tracer between blood
or plasma (input function) and one or more tissue compartments (Figure
2.1). The total tissue concentration is measured using a PET scanner, the
plasma concentration by arterial sampling. The model parameters to be
fitted are the rate constants k (or combinations thereof), describing the
rate of exchange between compartments.
In general, the task for an optimisation routine is to find the lowest value

of the cost function (i.e. WRSS). Cost functions can have a multidimen-
sional configurational (or parameter) space, which can be seen as a space
with many hills and valleys, where the fit parameters are its coordinates
and the value of the cost function corresponds with its height.
There are different types of optimisation algorithms, such as derivative

methods, direct search algorithms and heuristic algorithms, such as sim-
ulated annealing, which was developed for describing the thermodynamic
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cooling process of liquids.[19] Derivative based optimisation methods are
frequently used and are effective if the cost function is smooth and the
curvature (or gradient) information points towards the global minimum.
Derivative based methods, such as the first (e.g. Steepest Decent, Conju-
gate Gradient, Powell, etc) and second (e.g. Broyden-Fletcher-Goldfarb-
Shanno, Davidson-Fletcher-Powell) derivative methods, use the local cur-
vature (or gradient) information to move towards the global minimum.[19]
Other approaches such as the Nelder-Mead method [32] only use function
evaluations to find the global minimum, thereby avoiding the use of pos-
sibly misleading curvature or gradient information.
Simulated annealing (SA, [33]) is based on the observation that slow

cooling of a liquid leads to a nearly defect-free solid state, i.e. a global min-
imum. Slow cooling can be simulated using the Metropolis Monte Carlo
algorithm (MMC, [34]). The MMC algorithm randomly steps through the
cost function landscape. Moreover, MMC includes an acceptance proba-
bility for each step: downhill steps are always accepted, whilst uphill steps
are accepted only at a finite temperature. This acceptance rate decreases
with decreasing temperature. Thus, within MCC, temperature is a con-
trol parameter, indirectly controlling the acceptance probability of each
move (see appendix A for an example of the SA algorithm). The main
advantage of SA is that uphill steps are allowed, making it possible to step
out of a local minimum.
In general, performance of an optimisation algorithm differs for various

types of cost functions, variance levels and weighting models. All these
factors may affect accuracy and reproducibility of the outcome. Further-
more, the algorithm itself, its implementation and its initialisation set-
tings, such as parameter starting values, termination tolerances and pos-
sible constraints, also affect outcome.
Optimisation algorithms search for the lowest values of the cost func-

tion with an accuracy that depends on the given termination tolerance.
Increasing tolerance increases speed, whilst lower tolerances may provide
more accurate results. If the tolerance is set too low, however, accuracy
of the results will be limited by (machine) round-off errors.[19]
Fit parameters can be constrained within a specified range. This re-

duces fitting time, as the configurational space is smaller. Constrained
optimisation is also very effective if, due to noise, the global minimum
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2 Optimization algorithms and weighting factors for PET

(a) (b)

Figure 2.1: Pharmacokinetic compartment models. Figure 2.1a: Single tissue com-
partment model, where CP is the tracer plasma radioactivity concentra-
tion (Bq/ml) and CT the radioactivity concentration in tissue (Bq/ml), as
measured with PET. K1 and k2 are rate constants (min−1), describing
exchange of tracer between plasma and tissue. Figure 2.1b: Two tissue
compartment model, where CFreeT is the radioactivity concentration of
free tracer in tissue (Bq/ml) and CBoundT the radioactivity concentration
of bound tracer in tissue (Bq/ml). k3 and k4 are rate constants (min−1),
describing exchange between free and bound tracer compartments.

of the unconstrained function is located outside a physiologically accept-
able range. In this case, the algorithm focuses on the best local minimum
within these boundaries.

2.2.2 Optimisation algorithms used

Standard optimisation routines, lsqnonlin

Standard optimisation routines were investigated, as implemented in the
mathematical software package MATLAB (Optimisation toolbox R11.1,
Mathworks, Natick, Massachusetts). Preliminary results obtained in a
previous feasibility study [35] were in favour of (large scale) “lsqnonlin”
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compared with other MATLAB optimisation routines. Therefore, in the
present study only lsqnonlin was investigated. This function was initialised
with the option “large scale”, which is recommended if the cost function
contains many different minima. Note that this setting is specific for the
MATLAB implementation of the optimisation routines. The lsqnonlin
routine is designed for non-linear least squares optimisation. Large-scale
lsqnonlin is a derivative based trust region method, based on the interior
reflective Newton method.[21] Moreover, lsqnonlin uses approximations of
quadratic functions.

Simulated Annealing

Basin-hopping [36] is based on the simulated annealing recipe, with a few
differences. The main difference with regular SA is that, within each iter-
ation, the current configuration is also minimized locally using the Polak
Ribiera variant of the conjugate gradient algorithm (CG; [19]). The latter
addition combines the ability of SA to climb barriers and find new lower
local minima with the speed and accuracy in local minimisation of the
derivative-based methods. Basin-hopping performed well in finding many
known lowest energy configurations of the Lennard-Jones clusters.[36]
For the present study, the basin-hopping algorithm was slightly modified

(see appendix 10.2). First, after every 10 iterations, the lowest configu-
ration found during these iterations was re-used, so that the algorithm
focuses on the best configuration at that stage. The second modification
was to keep the acceptance rate at 50% by adjusting the control parameter
‘temperature’ accordingly during iterations. The final modification was a
linear reduction of the maximum step size with the number of function
evaluations, ensuring that the algorithm increasingly focuses on a smaller
region in the configurational space. The initial maximum step size should
be calibrated. If the initial maximum step size is set too large, then many
function evaluations are needed for effective minimisation. In contrast,
trapping within a local minimum may occur when the step size is set
too small. Calibration of these parameters was performed empirically as
explained later.
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Extended lsqnonlin

Lsqnonlin uses the given termination tolerances to stop further optimi-
sation. In the present study, lsqnonlin was modified so that each TAC
was fitted multiple times using randomly generated starting parameters.
This modified version of lsqnonlin will be referred to as ‘extended lsqnon-
lin’. By using a range of starting values of the fit parameters it was
attempted to avoid trapping in a local minimum. New starting parame-
ters were selected until the predefined total number of function evaluations
was reached. Starting parameter values were uniformly distributed within
±100% around the simulated kinetic parameter value. The optimal ini-
tial distortions of the starting parameters were found by trial and error
using simulated TACs. The parameter set which provided the lowest cost
function value will be used.

Boundaries/constraints

Lower kinetic parameter boundaries were set to 0.1% of the simulated pa-
rameter values and upper boundaries were set to 10000% of the simulated
parameter values to avoid negative values, extreme values or divisions by
zero. For SA a simple penalty function was used, which increases the cost
function with a penalty proportional to the distance from the boundary.
Lsqnonlin uses the Kuhn-Tucker method.[21]

2.2.3 Weighting factors

Curves fitted to measured or simulated TAC data will not fit all points
equally well due to noise in the measured data [23] and because any model
will only provide an approximate description of the underlying physiol-
ogy (model simplifications). Therefore each point of the TAC should be
weighted according to its variance. Frequently, the whole scanner count
rate is used to estimate the variance as function of time, although this
approach is not the most accurate method. It is therefore important to
evaluate the impact of using incorrect variance models on the estimation
of kinetic parameters. In the present study five different variance models
were used (equations are used separately for each frame):

1. σ2
1 = α ▪dcf ▪dcf T

L▪L , where the variance for each frame (σ2
1) is calcu-
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lated using the whole scanner trues counts (T ); L represents frame
length, dcf the decay correction factor, and α is a proportionality
constant signifying variance level,

2. σ2
2 = α ▪ dcf ▪ dcf T+2▪R

L▪L , which is essentially equal to variance model
1, except for the inclusion of the whole scanner randoms (R) rate
(according to the Noise Equivalent Counts Rate [31]),

3. σ2
3 = α, i.e. with constant variance over time,

4. σ2
4 = α ▪ dcf ▪ dcf , where the variance consists only of the decay

correction,

5. σ2
5 = α ▪ TAC ▪L ▪ dcf , i.e. variance is based on the TAC count rate

itself.

The decay correction factor (for each frame) is given by dcf = λ (Te−Ts)
{e(−λ▪Ts)−e(−λ▪Te)} ,

where λ is the decay constant, and Ts and Te are frame start and end time,
respectively. Note that the TAC depicts the average decay corrected ra-
dioactivity concentration per frame, while scanner rates are not decay
corrected.
Weights were normalized and calculated for each frame using Wj = 1

σ2
j

, where j is the weighting model used. Weights are only correct if the
weighting model is equal to the variance model used to impose noise onto
the simulated TACs. Variance models 1, 2 and 4 are relatively similar,
model 3 represents unweighted fitting and model 5 is included to analyse
the impact of a large mismatch between applied variance and weighting
model on the outcome of pharmacokinetic analysis. Differences between
the various models are illustrated in Figure 2. In this study a frequently
used model (i.e. model 1) was chosen as reference model for simulating
noise distributions, although it may not be the most accurate method to
estimate (local and temporal) noise distributions. The primary aim of
this paper was, however, to study the impact of mismatch between noise
model and weighting factors on accuracy and precision of pharmacokinetic
analysis rather than to assess the most accurate weighting model.
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2.2.4 Experiments

Data sets

Data derived from clinical studies were used to generate simulated TACs.
Simulated noiseless TACs were generated using measured (human) input
functions, an appropriate compartment model and typical kinetic para-
meters. ‘Typical’ or average kinetic parameter values and the pharma-
cokinetic compartment model used for simulating TACs are summarised
in Table 2.1. Simulations were performed for each tracer ([11C]Flumazenil
(FMZ), [15O]H2O and (R)-[11C]PK11195) separately.

Variance model 1 was chosen to add noise to noiseless TACs. The added
noise was normalised so that the average coefficient of variation (COV)
over the last 60% of the frames (i.e. for the curve > 5 min) was set to
predefined levels of 5, 10 and 15%, respectively (Figure 2.2). For each
variance level and each tracer 100 noisy TACs were generated, which were
used for all optimisation algorithms tested.

Clinical evaluation was based on a total of 15 studies. Clinical studies
were part of ongoing research, which had been approved by the Medical
Ethics Committee of the VU University Medical Centre. For each tracer
(FMZ, H2O and PK11195) data from 5 patients were used. For each pa-
tient study 10 regions of interest (ROIs) were defined. In case of flumazenil
and H2O studies, these ROIs were randomly chosen in grey and white mat-
ter with ROI sizes ~ 1 cm3. The PK11195 data consisted of anatomically
defined ROIs using MRI coregistration (ROI sizes ~ 3-5 cm3). Input func-
tions were measured with an online continuous blood sampling device.[37]
At discrete times additional manual samples were obtained for online cal-
ibration of the measured whole blood input function, plasma/whole blood
ratios, and metabolite corrections.[38] The whole blood and metabolite
corrected plasma input functions were then used within the kinetic anal-
yses.

Each of the 900 simulated and 150 clinical TACs were fitted separately
with the five different weighting models, creating 5 different cost functions
for each TAC. The performance of the optimisation algorithms was also
evaluated for these 5 different weighting models.
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Table 2.1: Compartment model and average kinetic parameter values used for simu-
lations of [11C]Flumazenil, [15O]H2O and (R)-[11C]PK11195 data. K1 is
given in (ml ∗ cm−3min−1) and k2, k3 & k4 are given in (min−1).

Tracer Compartment model K1 k2 k3 k4 Vb

[11C]Flumazenil Single tissue 0.5 0.075 – – 0.06
[15O]H2O Single tissue 0.5 0.63 – – 0.05
(R)-[11C]PK11195 Two tissue reversible 0.06 0.15 0.06 0.0375 0.1

(a) (b)

Figure 2.2: Noise distributions and corresponding weighting factors, with logarithmic
scales used for the time axes. Figure 2.2a: Five different noise distribu-
tions of simulated curves, normalised at an average COV of 5%. Variances
were estimated separately for each frame using the scanner count rates per
frame (section 2.3). Total scan time equalled 60 min. Normalisation was
performed over the curve > 5 min, because different variance distributions
showed large variations during the first 5 min of the scan. Figure 2.2b:
Weighting models for fitting TACs. The weight for each frame was nor-
malised and calculated using the estimated variance (W = 1 / variance
per frame).
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Peformance criteria

Three performance criteria (A, B and C) were used to analyse the results.
Criterion A is based on the lowest value of the cost function (WRSS).
WRSS values obtained after fitting a TAC by two different optimisation
algorithms were directly compared using a relative tolerance of 10−6 to
exclude rounding off effects in the stored data. For each comparison one
of the algorithms used was defined as ‘reference’. A comparison resulted in
the following classifications: a ‘win’, ‘equal’ or ‘loss’. A ‘win’ corresponds
to a lower WRSS value, an ‘equal’ to a difference in WRSS value smaller
than the tolerance value and a ‘loss’ to a higher WRSS value than that
obtained with the reference algorithm, respectively.
Criterion B is also based on the lowest fitted WRSS value, but now

by taking the uncertainty of the fitted kinetic parameters into account.
Criterion A determines which algorithm is a better optimiser. However,
it is also important to know whether an algorithm returns significantly
different or incorrect kinetic fit parameters. In other words, does a lower
cost function value always provide more accurate values for the kinetic
fit parameters? An arbitrary threshold of 5% of the observed kinetic
parameters was used for the latter purpose (i.e. a difference smaller then
5% was defined as an ‘equal’ result).
Criterion C is based on observed accuracy and reproducibility in average

kinetic (macro-) parameters. Although values for each of the fit parame-
ters or rate constants (Figure 1) are obtained, usually macro-parameters,
such as flow (F ), volume of distribution (VT ) and binding potential
(BPND) are of interest in PET studies. For a single-tissue compartment
model (Figure 2.1a) VT is given by the ratio K1/k2. For a reversible two-
tissue compartment model (see Figure 2.1b) VT equals K1/k2 ∗ (1 + k3/k4)
and BPND equals k3/k4. The focus of the present study was on F (= K1
) for H2O, VT for FMZ, and BPND for PK11195.
The average value and the coefficient of variation (COV ) of the fitted

kinetic parameters over a specified number of fitted TACs were calculated
to determine accuracy and reproducibility. Kinetic parameters, which fell
outside a predefined physiological range (Table 2.2), were excluded. For
simulations, accuracy per TAC was assessed using the ‘relative accuracy’,
which is defined as ‘observed kinetic parameter value’ divided by ‘true
(=simulated) kinetic parameter value’. For clinical studies, ‘relative accu-
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Table 2.2: Physiological boundaries for [11C]Flumazenil, [15O]H2O and (R)-
[11C]PK11195 analyses. LB is the lower parameter boundary and UB the
upper parameter boundary.

Tracer K1 (LB; UB) BP (LB; UB) VT (LB; UB)

[11C]Flumazenil (0.000001; 0.9) – (0.000001; 12)
[15O]H2O (0.000001; 1.5) – (0.000001; 1.5)
(R)-[11C]PK11195 (0.000001; 0.3) (0.000001; 4.5) (0.000001; 2.1)

racy’ was defined as ‘observed kinetic parameter’ divided by ‘kinetic pa-
rameter obtained with extended lsqnonlin and weighting model 1’, which
was used as default. In the latter case only changes in outcome relative to
these default settings could be assessed. Reproducibility of a parameter
was defined as ‘coefficient of variation’.

Optimisation of algorithm settings

Optimal settings for SA and extended lsqnonlin were derived empirically
using simulated data and criterion A. Since optimal settings for extended
lsqnonlin are equal to those for lsqnonlin, only optimal settings for ex-
tended lsqnonlin needed to be determined.
Settings that needed to be optimised were the relative termination tol-

erance of the cost function value, Ftol (10−4, 10−6, 10−8, 10−10 and
10−12), and the total number of function evaluations (1000, 20000 and
80000 fevalfs). The relative termination tolerance on the input parame-
ter was fixed to 10−8. One iteration of extended lsqnonlin is equal to one
minimisation using lsqnonlin and one iteration of SA is equal to one local
minimisation using CG.
For SA some additional settings needed to be optimised, i.e. the initial

maximum step size and the final maximum step size (tested in the range
of 5% - 0.00001% of the expected value of each kinetic parameter). Op-
timal settings in terms of speed and accuracy were then used for further
evaluation of algorithms and weighting factors.
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Evaluation of optimisation algorithms

First, algorithm performance was assessed using simulated TACs with
criteria A and B. Extended lsqnonlin was compared with SA at different
numbers of function evaluations (1000, 20000 and 80000 fevalfs) using
criterion A. For criterion B only comparisons with simulated data and
80000 function evaluations were used. Finally criterion C was used for
simulated and clinical TACs to confirm results found with criterion B and
to assess the effects of different algorithms and weighting factors on the
estimation of kinetic parameters.

2.3 Results

2.3.1 Optimisation of algorithm settings

Optimising SA settings

SA yielded good results for all three tracers with an initial maximum step
size of the same order of the value of the kinetic parameter. Therefore
this setting was used throughout the remainder of this study. The final
maximum step size did not significantly affect results, but needed to be
small enough, i.e. lower then 10−3% of the expected value of the kinetic
parameter.

Optimising tolerance settings

Figure 2.3 depicts results for both SA and extended lsqnonlin at different
values of the relative termination tolerance of the cost function value. Both
SA and extended lsqnonlin gave best results when Ftol was set to 10−12,
but differences were small compared with Ftol equal to 10−8. At this
lower tolerance setting only 6-7% of the total number of TACs (i.e. 4500)
were fitted with a lower WRSS (criterion A). Both algorithms performed
much better for Ftol set to 10−8 than to 10−4. Lower tolerance setting
resulted in larger computation times with only minimal improvement in
observed cost function minimisation. Thus Ftol = 10−8 was considered
optimal in terms of speed and accuracy.
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(a) (b)

Figure 2.3: Assessment of optimal relative termination tolerance on the function value
(Ftol) setting by fitting 4500 simulated TACs with fixed number of func-
tion evaluations (=1000). Each pair of grey and white bars depict the
performance of the algorithm at a certain Ftol setting: grey bars depict
the number of TACs with better fits, in terms of the WRSS, and white
bars depict the number of TACs with poorer fits compared with those us-
ing Ftol equal to 10−8. Figure 2.3a: results for simulated annealing (SA),
Figure 2.3b: results for extended lsqnonlin.
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(a) (b)

Figure 2.4: Assessment of the optimal number of function evaluations (fevalfs) by
fitting 4500 simulated TACs with fixed Ftol setting (=10−8). Each pair of
grey and white bars depict the performance of the algorithm at a certain
maximum number of function evaluations: grey bars depict the number
of TACs with better fits, in terms of the WRSS, and white bars depict
the number of TACs with poorer fits compared with those using 1000
function evaluations. Figure 2.4a: results for simulated annealing (SA),
Figure 2.4b: results for extended lsqnonlin.

Optimising number of function evaluations

Both SA and extended lsqnonlin performed better for a higher number
of function evaluations (Figure 2.4). Data obtained with lsqnonlin are
not shown, because this algorithm always performed worse than SA and
extended lsqnonlin. This observation indicates that both algorithms can
get trapped in a local minimum for small numbers of function evalua-
tions. Both algorithms have an optimal number of function evaluations,
which depends on the required accuracy and the desired computation time.
Based on data presented in Figure 2.4, use of 20000 function evaluations
was considered optimal and this value was therefore used for further eval-
uation with criterion C. The latter setting was also used for clinical eval-
uations.
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Figure 2.5: Extended lsqnonlin fits compared with simulated annealing (SA) at dif-
ferent number of function evaluations (fevalfs). On the vertical axis the
number of better (white bars) and poorer (grey bars) fits using SA are
indicated. A total of 4500 TACs were fitted using Ftol = 10−8. For the
80k* columns, fits were better by also taking into account criterion B,
i.e. not just a lower WRSS but also a difference of more than 5% in the
resulting parameters.

2.3.2 Performance of optimisation algorithms
Criterion A, evaluation based on cost function minimisation

In Figure 2.5 comparisons based on criterion A between SA and extended
lsqnonlin are shown for various numbers of function evaluations using sim-
ulated TACs. More often, a lower WRSS was obtained with extended
lsqnonlin than with SA. More function evaluations resulted in smaller
differences between extended lsqnonlin and SA, i.e. at 80k function eval-
uations ~70% of the TACs were equally well fitted in terms of WRSS.
Lsqnonlin (data not shown) always performed worse than both SA and
extended lsqnonlin.

Criterion B, evaluation based on differences in parameter estimation

Comparison of WRSS between SA and extended lsqnonlin for simulated
TACs, based on criterion B, is also given in Figure 2.5. Differences between
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SA and extended lsqnonlin using criterion B were less pronounced than
for criterion A, i.e. 80% of all 4500 fitted TACs were classified as identical
for both algorithms.

Criterion C, accuracy and reproducibility of kinetic parameters

Results obtained using simulations are shown in Figure 2.6. Kinetic pa-
rameter estimates with lsqnonlin showed larger bias then those obtained
with extended lsqnonlin and SA. However, for FMZ all three algorithms
performed similarly. Differences between extended lsqnonlin and SA were
negligible in case of single-tissue (1T) compartment models (H2O and
FMZ) and small for the reversible two-tissue (2T) compartment model
(PK11195).
Clinical data (Figure 2.7) yielded similar results. Lsqnonlin provided

more bias and worse reproducibility than SA and extended lsqnonlin. Dif-
ferences between SA and extended lsqnonlin were lower for clinical data
than for simulated TACs at a variance level of 5% using variance model 1.

2.3.3 Effect of weighting factors

Simulations

Differences in accuracy and reproducibility amongst weighting models 1 to
4 were almost negligible for 1T compartment models (Figure 2.6a-f). For
the 2T compartment model (Figure 2.6g-i) increase of bias due to noise
was larger than the effect of using incorrect weighting factors (models 1-4).
However, weighting model 5 provided poor results for all simulations due
to the large mismatch between weighting and applied variance model, i.e.
model 1.
Results for PK11195 obtained at a 15% variance level are not shown,

because of the high number of rejected fits. The numbers of rejected fits
were ~15, 36 and 45% for variance levels equal to 5, 10 and 15%, respec-
tively (pooled over all weighting models). The numbers of rejected fits
were ~0, 17 and 24% at variance levels equal to 5, 10 and 15%, respec-
tively, using results obtained with weighting model 1 only. The highest
number of rejected fits was found when weighting model 5 was used both
for 1T and 2T compartment models (~5, 5, 7, 13 and 33% rejected TACs
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 2.6: Average fitted kinetic parameters for simulated TACs (Ftol = 10−8 and
20k function evaluations). The relative accuracy is defined as the ratio
of the fitted parameter value over simulated parameter value. On the
horizontal axis the different weighting models are indicated. Different
filling colours indicate different variance levels, i.e. COV = 5% (white
bars), COV = 10% (grey bars), and COV = 15% (black bars).
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(a) (b) (c)

Figure 2.7: Average fitted kinetic parameters for clinical TACs (Ftol = 10−8 and 20k
function evaluations). The relative accuracy is defined as the ratio of
the fitted parameter value over the fitted value obtained with extended
lsqnonlin with weight type 1. On the horizontal axis the different weight-
ing models are indicated. Lsqnonlin (light grey bars), extended lsqnonlin
(dark grey bars), and SA (black bars). Note that accuracies and precisions
of the binding potential (BPND) for (R)-[11C]PK11195 (Figure 2.7c) fall
outside the figure scale for weighting model 5.
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for weighting models 1-5 respectively, pooled over all tracers and variance
levels).

Clinical evaluation

Differences in accuracy and reproducibility of kinetic parameters amongst
the weighting models tested were more pronounced for the 2T compart-
ment model than for 1T compartment models. The differences in accuracy
were, however, relatively small amongst weighting models 1 to 4, less than
~7% for 1T compartment models and less than ~20% for the 2T com-
partment model (Figure 2.7) compared with the differences found using
weighting model 5. Weighting model 5 showed largest bias and poor-
est reproducibility of estimated kinetic parameters amongst the weighting
models tested.

2.4 Discussion

2.4.1 Evaluation of optimisation algorithms

The present study indicates that performance of the three algorithms stud-
ied depended on algorithm settings such as the termination tolerance (Fig-
ure 2.3) and number of function evaluations (Figure 2.4 & 2.5). Figures
2.3, 2.4 and 2.5 demonstrate that optimal settings should be estimated
beforehand using (simulated) TAC to determine the optimal trade-off be-
tween accuracy and computation time.
In general, simulations of both 1T and 2T compartment models showed

that lsqnonlin showed larger bias of the fitted kinetic parameters than ex-
tended lsqnonlin and SA (Figure 2.6). Only small differences in the clinical
results between extended lsqnonlin and SA were observed, but lsqnonlin
again yielded substantially deviating results (Figure 2.7). Use of a range of
starting parameters to fit each TAC as implemented by extended lsqnon-
lin is therefore preferred. This strategy is automatically incorporated in
SA. Although SA only requires one set of starting parameters, it generates
new starting values using the Metropolis Monte Carlo algorithm.
Extended lsqnonlin was the best optimiser amongst the three algo-

rithms tested here, because it most frequently provided fits with the lowest
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WRSS values (Figure 2.5). However, according to criterion B, SA pro-
vided almost identical fits for ~80% of the TACs. Criterion B was used
with an arbitrary threshold of 5% of the observed kinetic parameter. This
threshold can be increased to comply with the uncertainties of pharma-
cokinetic parameters found in clinical data resulting in lower differences
between SA and extended lsqnonlin. Differences between SA and extended
lsqnonlin were even smaller when criterion C instead of B was used. For
clinical data better reproducibility of kinetic parameters was obtained with
SA and extended lsqnonlin than with lsqnonlin (Figure 2.7). It can there-
fore be concluded that extended lsqnonlin and SA are equally suitable for
PET pharmacokinetic analysis.
An advantage of SA over extended lsqnonlin is that each TAC is fitted

with just one set of starting values for the kinetic parameters, while using
the same number of function evaluations. SA can be seen as a method to
produce random starting points by the Metropolis Monte Carlo method
followed by local minimisation at each newly generated starting point
using the CG algorithm.

2.4.2 Weighting factors

Simulations for single tissue compartment models (Figure 2.6a-f) indicated
that differences in (relative) accuracy amongst different weighting factors
were almost negligible (<2%). Significant differences only occurred for
weighting model 5, representing an extreme mismatch between estimated
and true (simulated) variance of the data. This result indicates that ap-
proximate estimation of the variance may be justified in case of 1T models.
On the other hand, differences in accuracy amongst weighting models 1
to 4 for 2T kinetic simulations were not negligible (from 1 up to 20%).
Note, however, that the increase in bias with noise (from 8 up to 35%)
was larger than that caused by using non-matched weighting factors.
Clinical results are difficult to interpret, because the real kinetic param-

eter values are not known. Therefore in this study results using extended
lsqnonlin with weighting model 1 were used as reference. Weighting mod-
els 2 and 3 provided comparable results as those obtained with weighting
model 1. Differences amongst model 1 to 4 were less than ~7% for 1T
compartment models and less than ~20% for 2T compartment models
(Figure 2.7), whilst use of weighting model 5 resulted in much larger bi-
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ases. Therefore, use of weighting models, which differ substantially from
the true variance of the measured data, may result in large biases of 20%
or more. In general, more accurate results are obtained when weighting
models more accurately correspond with the true variance of the data and
that careful selection of a weighting model can improve accuracy of PET
pharmacokinetic results.[29, 30]
Overall, however, this study indicates that small to intermediate mis-

matches between (real) variance and applied weighting model may not
significantly affect accuracy and reproducibility of estimated kinetic para-
meters. It may therefore be justified to use approximate variance estima-
tions to derive the weighting factors for PET kinetic analysis. Clearly, a
correct match between applied weighting factors and (real) variance would
provide the best fits and should be preferred. Accurate estimation of the
variance is, however, difficult and/or time consuming [24, 25, 26, 27, 28]
and may even not be possible for dynamic studies acquired without list
mode acquisition.[24, 25] The latter is also hampered by the introduction
of new iterative reconstruction algorithms, such as RAMLA [39], weighted
least squares [40, 41] and various types of OSEM algorithms [42], for which
there are no local variance estimators yet.
It is important to note, that effects of noise on accuracy and repro-

ducibility are large (up to 50% at a 10% noise level), especially for the
tracer PK11195, as can be deduced from Figures 2.6g, 2.6h and 2.6i.
Therefore, strategies to reduce TAC noise, such as wavelets [43, 44, 45],
are promising methods for improving accuracy and reproducibility of PET
kinetic analysis. However, noise reduction strategies may also introduce
some bias and the benefits by improving the signal to noise ratio using
these techniques should thus be larger than the possible bias being intro-
duced.

2.5 Conclusion

In this study effects of using various optimisation algorithms and weighting
factors on accuracy and reproducibility of PET derived kinetic parameters
were investigated. A commonly used optimisation algorithm, such as the
MATLAB function ‘lsqnonlin’, was not able to produce unbiased results.
Algorithms that use a range of starting parameters, such as simulated
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annealing or an extended version of lsqnonlin (multiple starting values),
provided more accurate results. In addition, it was demonstrated that use
of incorrect weighting models may result in poor accuracy and precision.
However, when these weighting models are only approximately correct,
effects of noise on accuracy and precision are likely to be larger. Therefore,
apart from careful selection of the optimisation algorithm and weighting
model being applied, especially noise reduction strategies are required to
further improve accuracy and precision of PET pharmacokinetic analyses.
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Abstract

The purpose of the present study was to investigate the use of various
wavelets based techniques for denoising of (R)-[11C]PK11195 time activity
curves (TACs) in order to improve accuracy and precision of PET kinetic
parameters, such as volume of distribution (VT ) and distribution volume
ratio with reference region (DV R). Simulated and clinical TACs were
filtered using two different categories of wavelet filters: (1) wave shrinking
thresholds using a constant or a newly developed time varying threshold;
(2) ‘statistical’ filters, which filter extreme wavelet coefficients using a set
of ‘calibration’ TACs. PET pharmacokinetic parameters were estimated
using linear models (plasma Logan and reference Logan analyses).
For simulated noisy TACs, optimised wavelet based filters improved the

residual sum of squared errors with the original noise free TACs. Further-
more, both clinical results and simulations were in agreement. Plasma
Logan VT values increased after filtering, but no differences were seen in
reference Logan DV R values. This increase in plasma Logan VT sug-
gests a reduction of noise induced bias by wavelet based denoising, as was
seen in the simulations. Wavelet denoising of TACs for (R)-[11C]PK11195
PET studies is therefore useful when parametric Logan based VT is the
parameter of interest.

3.1 Introduction

The regional distribution of a positron-emitting tracer can be measured
in vivo using positron emission tomography (PET). By performing serial
scans, following injection, the time course of the tracer in tissue can be
determined. Important parameters, such as volume of distribution (VT )
or volume of distribution ratio with a reference region (DV R), can then
be derived by fitting these measured time activity curves (TACs) to ap-
propriate kinetic models. The quality of the estimates obtained, however,
not only depends on the correctness of the kinetic model used, but also
on the level of noise. Note that throughout this manuscript the consensus
nomenclature as published by Innis et al. [46] is used.
The latest generation of PET scanners, such as the High Resolution Re-

search Tomograph (HRRT), can acquire dynamic scans with high spatial
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resolution.[47, 48] Despite increased sensitivity, (short) individual frames
suffer from noise, complicating accurate quantification of kinetic parame-
ters, especially in smaller regions of interest. In general, some sort of spa-
tial smoothing (e.g. reconstruction filter) is used to improve signal to noise
ratios, but clearly this approach reduces spatial resolution. Various other
filtering techniques are available and in recent years filtering techniques
based on wavelets, which can denoise spatial and temporal (i.e. TAC)
signals without smoothing, have been introduced in PET.[49, 50, 45, 51]
The two main advantages of wavelets based filtering are, firstly, the

availability of various different wavelet functions and filters for processing
signals, and, secondly, the fact that wavelet functions are localized in both
time and frequency domains. Localization in time and frequency domains
makes it possible to filter certain frequency components at selected time
points. For example, one could choose to remove high frequency compo-
nents only at later time points of the TAC, thereby keeping the initial
high frequency ‘peak’ signal of the TAC intact. Time localized filtering in
conventional Fourier based filtering techniques is almost impossible, be-
cause if filtered than the frequency component will be removed from all
time points.
In contrast to wavelet based spatial image filtering techniques [45, 51],

little attention has been paid to the use of wavelet based methods specifi-
cally for denoising TACs.[49, 50] Filtering of individual voxels or regional
TACs may help retain spatial resolution, whilst reducing noise, thereby
reducing the number of fit outliers and improving (parametric) pharma-
cokinetic images, such as those obtained with Logan plot analysis.[15]
In general, it may improve precision of estimated parameters of inter-
est (e.g. VT or DV R), especially in case of parametric (voxel) analyses
and/or for tracers showing low uptake such as in the case of cerebral (R)-
[11C]PK11195 studies.[52]
In the present study existing denoising techniques based on different

lifting-wavelets [53, 54] were assessed by filtering simulated and measured
(R)-[11C]PK11195 TACs. First, performances of different wavelet based
TAC filtering approaches were evaluated, and then the optimal filtering
technique was used to assess improvements in quantifying clinical data.
Performance of the filters was evaluated by measuring changes, before
and after filtering, of (parametric) pharmacokinetic parameters of inter-
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est. These were derived using plasma Logan [15] and reference Logan
[16] analyses, as these methods are commonly used for parametric kinetic
analysis of brain PET studies. Wavelet denoising of TACs is of specific
interest for these methods, because they suffer from noise induced bias in
the pharmacokinetic parameters.[55]

3.2 Methods

3.2.1 Time activity curves

Clinical TACs

Voxel TACs were extracted from a dynamic (R)-[11C]PK11195 scan of
an elderly healthy subject. The scan was acquired as part of an ongoing
clinical study.[52] This study had been approved by the Medical Ethics
Committee of the VU University Medical Centre and the subject had
given written informed consent prior to inclusion in the study protocol.
The dynamic (R)-[11C]PK11195 scan (ECAT EXACT HR+, CTI /

Siemens, Knoxville, USA) was acquired in 3D mode, following bolus injec-
tion of 369 MBq [11C](R)-PK11195, and corrected for tissue attenuation
using a 10 minutes 2D transmission scan. The dynamic emission scan
consisted of 22 frames with a total scan duration of 60.5 minutes (1x30,
1x15, 1x5, 1x10, 2x15, 2x30, 3x60, 4x150, 5x300 and 2x600 s). Frames
were reconstructed using FORE19 + 2D Filtered Back Projection with a
Hanning filter at a cut-off of 0.5 times the Nyquist frequency. A matrix
size of 256x256 and a zoom factor of 2 were applied during reconstruction,
resulting in an image pixel size of 1.2x1.2 mm and a slice thickness of 2.5
mm. The reconstruction settings resulted in an image resolution of 7 mm
full width at half maximum (FWHM). Reconstructions included all usual
corrections, such as normalization, and decay, dead time, attenuation,
randoms and scatter corrections.
The arterial input function was measured using an online continuous

blood sampling device.[37] At discrete times (~3, 6, 10, 20, 30, 40 and
60 minutes post injection), additional manual samples were obtained for
online calibration of the measured whole blood input function, and deter-
mination of plasma/whole blood ratios and metabolite fractions.
The PET scan was co-registered with a T1-weighted MRI scan (1T
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IMPACT, Siemens Medical Solutions, Erlangen, Germany), which was
used to segment the brain into grey matter, white matter and cerebrospinal
fluid.[56, 57, 58] Parametric image evaluations were constrained to a single
axial plane through the brain, resulting in a total of 5740 grey and 2895
white matter voxel TACs for filtering and kinetic analyses. In addition, an
anatomically defined ROI of the whole cerebellum was used for generation
of the reference TAC, used in the reference tissue models [16], as described
below.

Simulated TACs

Simulated TACs were generated using a typical metabolite corrected (mea-
sured) (R)-[11C]PK11195 plasma curve as input function and the reversible
two-tissue compartment model [7] (Figure 3.1) with kinetic parameters
based on human (R)-[11C]PK11195 studies (Table 3.1). Identical to clini-
cal studies, these TACs consisted of 22 frames with a total scan duration
of 60.5 minutes. In simulations the variations in binding, delivery and
TAC noise level were investigated.
Kinetic parameters for simulations were derived from clinical data. The

reference tissue parameters were kept fixed to reference tissue as given in
Table 3.1. The default parameters used for the target region are given
by target tissue 3 in Table 3.1. During simulations, two pharmacokinetic
entities of the target region were varied within physiologically expected
ranges: delivery K1 (target tissues 3, 6 & 7; Table 3.1) and binding poten-
tial BPND (target tissues 1, 2, 4 & 5). 100 TACs were generated for each
parameter combination (target tissues 1-7) and, in addition, all TACs were
simulated at several noise levels ranging from 0-25% coefficient of variation
(COV), in increments of 5%.
The noise model was based on the total scanner trues counts, frame

lengths and decay correction factors [31, 59]:

σ2
i = α ▪ dcfi ▪ dcfi

Ti
Li ▪ Li

(3.1)

where σ2
i is the variance, Ti the scanner total trues, Li the frame length,

and dcfi the decay correction factor per frame (i). Finally, α is a propor-
tionality constant for scaling COV . COVi is given for a group of simulated
TACs by calculating σi

averagei
. COV is then the average of all COVi calcu-
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Figure 3.1: Reversible two tissue compartment model: P is the tracer plasma con-
centration (Bq/ml), TISSUE is the measured tissue concentration (Bq/ml),
F +NS is the concentration of free tracer in tissue (Bq/ml), S is the con-
centration of tracer bound to binding sites in tissue (Bq/ml), K1 is a rate
constant (ml ∗ cm−3min−1), and k2, k3 and k4 are the rate constants
(min−1) describing exchange between the various compartments. Para-
meters of interest are volume of distribution, VT = K1/k2 ∗ (1 + k3/k4), and
binding potential, BPND = k3/k4. For clarity, the fractional blood volume
Vb is not shown.

lated for frames after 2.5 min.

3.2.2 Lifting Wavelets
A theoretically detailed explanation of lifting wavelets can be found else-
where. [53, 54, 60, 61] The purpose of the present study is the application
of these algorithms to filtering TACs. In short, a TAC can be decomposed
into its wavelet coefficients using a wavelet transform, just as a Fourier
transform decomposes the signal into its frequency components. A Fourier
transform uses sinuses and cosines as basis, whereas, the wavelet basis is
composed of the wavelet functions. Wavelet functions are localized in both
time and frequency, and are therefore better in representing signals with
sharp edges and peaks, which is important for time activity curves. In ad-
dition, different useful wavelet function coefficients have been constructed
for various types of data such as the Daubechies wavelets [62], which can
be used for transformation and approximation of polynomials.
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Table 3.1: Kinetic parameters used to generate simulated reference and target tissue
time activity curves for (R)-[11C]PK11195. K1, k2, k3 and k4 are rate
constants, Vb fractional blood volume, VT volume of distribution, DV R
volume of distribution ratio with reference tissue, and BPND binding po-
tential. K1 is given in (ml ∗ cm−3min−1) and k2, k3 & k4 are given in
(min−1). Curves were generated using a two tissue reversible plasma input
model. During all simulation Vb(0.071), k4 (0.04 min−1) and K1/k2 (0.35)
were kept constant.
TAC K1 k3 BPND VT DV R

Reference tissue 0.056 0.040 1.00 0.700 –
Target tissue 1 0.056 0.030 0.78 0.623 0.890
Target tissue 2 0.056 0.045 1.17 0.760 1.086
Target tissue 3 0.056 0.060 1.56 0.896 1.280
Target tissue 4 0.056 0.075 1.95 1.033 1.476
Target tissue 5 0.056 0.090 2.34 1.169 1.670
Target tissue 6 0.039 0.060 1.56 0.896 1.280
Target tissue 7 0.073 0.060 1.56 0.896 1.280

The first application of the wavelet transformation yields wavelet coef-
ficients, which are grouped into two bands: a low and a high frequency
band, with the total number of coefficients equalling the number of frames
in the TAC. The wavelet coefficients in each band can easily be related to
their corresponding time points in the original temporal TAC, i.e. mod-
ifying a coefficient will result in a change of TAC at the corresponding
temporal location. The forward transform can be reapplied to the low
frequency band, which again splits this band into two frequency bands.
The number of times a transform can be reapplied depends on the length
of the initial signal. The wavelet coefficients from all frequency bands,
except from the lowest frequency band, are called detail coefficients. The
original signal can be reconstructed by reversing the whole process.
Different types of wavelet transform algorithms are available. In the

present study lifting wavelets are used. The lifting scheme is an inter-
esting method for denoising TACs because the number of frames does
not have to be a power of 2. Here only the currently available CDF
(Cohen-Daubechies-Feauveau) biorthogonal wavelet functions [54, 63] will
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be evaluated. Each CDF biorthogonal wavelet function is defined by two
parameters, which are the number of vanishing moments of the dual and
primal wavelets. The exact meaning of these 2 parameters is not rele-
vant for the present study, except that the number of times a TAC can
be forward transformed (Ftrmax ) is related to the largest value of the
specified vanishing moments (mmax) and the number of frames in a TAC
(nf ) through the following equation:

Ftrmax = floor

 ln
(

nf−1
mmax−1

)
ln (2)

 (3.2)

Consequently, in the present study only the first 16 CDF wavelets are
evaluated, i.e. with up to 8 vanishing moments (Table 3.2). This allows
for 1, 2, & 4 times forward transformations in case of TACs with 22
frames, giving wavelet coefficients grouped into 2, 3 & 5 frequency bands,
respectively.

3.2.3 TAC denoising

In many cases, a large proportion of the detail coefficients of a wavelet
transformed signal can be assumed to be due to noise and set to zero,
resulting in a more sparse representation of the same data in the wavelet
domain. This property is often used for data compression and removal
of noise. Similar wavelet based denoising techniques are also available for
improving PET data.[49, 50, 45, 51] In the present study, TACs were fil-
tered using the following three filtering strategies: soft-thresholding based
filters; soft-thresholding filters adapted to account for changes in variance
over time; and ‘statistical’ filters. These filters can be applied separately
for each of the frequency bands and several bands can be excluded from
filtering.

Soft-thresholding filters

Wavelet coefficients were filtered using soft-thresholding [64], i.e. wavelet
coefficients of selected frequency bands were reduced with a certain thresh-
old value, and if the coefficient values were smaller than the threshold, they
were set to zero. The equation for the threshold used is given by:
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Table 3.2: Details of the Cohen-Daubechies-Feauveau (CDF) biorthogonal wavelet
functions used. The function number is an arbitrary number used for iden-
tification in the text. CDF biorthogonal wavelet functions are defined by
the number of vanishing moments for both dual and primal wavelets. The
last column gives the number of forward transformations that are allowed
for lifting TACs with 22 frames.

Function number Number of vanishing moments Transformations allowed
Dual wavelet Primal wavelet

1 2 2 4
2 2 4 2
3 4 2 2
4 4 4 2
5 2 6 2
6 6 2 2
7 8 2 1
8 2 8 1
9 8 4 1
10 4 8 1
11 8 6 1
12 6 8 1
13 8 8 1
14 6 4 2
15 4 6 2
16 6 6 2
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T Tj = n ▪ Tj ▪ Facj (3.3)

This T Tj threshold is a constant value for all wavelet coefficients of a fre-
quency band j. n is the normalisation factor, which needs to be calculated
for each TAC. Normalization was performed using wavelet coefficients from
the highest frequency band and calculating the median value of the abso-
lute deviates from 0.[45, 64] Tj is a threshold factor, estimated for each
frequency band j, using visually calibrated adaptive smoothing (VISU)
[64] or Stein’s unbiased risk estimate (SURE).[65] Equations and detailed
information on the thresholds Tj can be found elsewhere.[65, 64] The re-
sulting filters were also called VISU ( Tj is estimated using VISU) or
SURE (Tj is estimated using SURE). In this way the filter is fully derived
from the data themselves. Thresholds may be multiplied with additional
factors Facj (0.05, 0.10, 0.25, 0.50, 1, 1.5, 3, 3.5, 4, 5, 6, 7, 8, and 10)
in order to further fine-tune the strength of the filter for each frequency
band individually. The resulting thresholds (T Tj ) were then applied using
soft-thresholding. Finally, the resulting filtered wavelet coefficients were
used to reconstruct the filtered signal.

Soft-thresholding filters adapted to account for changes in variance
over time

Basic wavelet thresholding techniques assume white noise, i.e. equal con-
tribution of all frequencies. Temporal noise in emission tomography, how-
ever, usually is not white, but consists of different time dependent factors
due to e.g. varying activity levels and distributions, detector dead time,
and decay over time. Therefore the soft-thresholding filters were adapted
to account for changes in variance over time according to the noise model
given in Eq. 3.1. These filters were derived from the original (soft) VISU
and SURE filters, but instead of using a constant threshold for all wavelet
coefficients of a frequency band, they were varied within the band. The
equation for this threshold is given by:

T pj = n ▪ Tj ▪ wtp ▪ Facj (3.4)

Here T pj is the threshold applied to the wavelet coefficient p of frequency
band number j. Note, that each wavelet coefficient p corresponds to a
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temporal position of the original TAC. However, the frequency band has
a lower number of wavelet coefficients than the number of frames in the
original TAC. Therefore, interpolation is needed. wtp is an additional fil-
tering factor for wavelet coefficient p, which varies according to the noise
model described above (Eq. 3.1), i.e. higher variance needs more filter-
ing. If the corresponding temporal position for wavelet coefficient p is
exactly given by i, then wtp = 1

σ2
i
, otherwise interpolation is needed as

explained above. The meaning of n and Tj is the same as above. These
new weighted thresholding filters were called wVISU (Tj estimated using
VISU) or wSURE (Tj estimated using SURE). Again, thresholds were
multiplied with additional factors Facj (0.05 to 10) in order to further
fine-tune the strength of each filter across the frequency bands.

Statistical filters

‘Statistical’ filters, closely related to those described by Millet et al. [50],
were designed to estimate and exclude statistical outliers in the wavelet
domain. The statistical filter uses a given number of ‘calibration’ TACs
for estimating averages and standard deviations of each wavelet coefficient.
Next, each measured TAC is filtered by correcting its wavelet coefficients
for significant deviations from these averages. The statistical filter ‘thresh-
olds’ are therefore specified as the number of standard deviations (2, 1.5,
1, 0.5 and 0.25 times SD), which a wavelet coefficient may deviate from
the (expected) average value, as derived from the “calibration” TACs.
Wavelet coefficients, which deviate more than the specified number of SD
from the average, are set to the maximum allowed deviation.

Calibration TACs were derived as follows. During simulations the pre-
estimated wavelet coefficient averages and SDs were obtained from sim-
ulated noisy grey matter TACs (target tissue 3; Table 3.1). In case of
clinical data, the pre-estimated wavelet coefficient averages needed for the
statistical filter were calculated separately for grey and white matter re-
gions using all voxel TACs from those regions.
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3.2.4 Evaluations

Filter optimisation

All filters were first optimised using simulations in order to find optimal
settings applicable to clinical TACs. Optimisation of these settings is,
however, complex due to the use of various parameters, noise levels and
physiologically different TACs (Table 3.1). Therefore, several assumptions
and simplifications were used.

1. TACs simulated at 15% COV noise levels were optimisation, as this
level is representative for noise seen at voxel level in (R)-[11C]PK11195
studies.

2. The estimated weighted sum of squared differences (WRSS) be-
tween filtered (noisy) and corresponding noise free TACs was used
as the parameter to be optimised. WRSS was defined as:

WRSS =
N∑
i=1

Wi

(
FCi − FNFi

)2
(3.5)

where Wi(= 1
σ2
i
, see Eq. 3.1) are the weights for frame i, FCi is

the filtered (noisy) activity concentration in frame i and FNFi is
the noise free (true) activity concentration in frame i. WRSS was
chosen in order to optimise filters with respect to reducing noise,
while conserving the average signal, i.e. shape of the TAC. This
is highly relevant, because noise gives the largest contribution to
bias in Logan plot analysis[55], a method that commonly is used for
generating parametric images using a plasma input function.

3. Different types of simulated TACs (Table 3.1) were analysed. An
optimised filter should be optimal for all types of simulated TACs,
because all of these types of TACs can be expected in clinical data.

4. Finally, for each of the filters (VISU, SURE, wVISU, wSURE and
statistical) optimisation of settings was performed in several steps:

a) Default starting values were used for the strength of filtering.
As mentioned above, for VISU, SURE, wVISU and wSURE,
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this strength is given by the factors Facj and for the statistical
filter by the maximally allowed deviation (number of SDs). The
default filtering factor in case of thresholding filters was set to
1 and for the statistical filter the lowest frequency band was ex-
cluded from filtering, whilst the maximally permitted deviation
for the other frequency bands was set to 1 SD. These default
parameters provided a starting point and were fine-tuned in the
following steps (b-d).

b) Using above default settings, filtering using each wavelet func-
tion was evaluated. The highest frequency band was always
filtered and the filtering of additional frequency bands was also
evaluated. The combinations that did not result in an improve-
ment in WRSS for all types of simulated TACs were not used
in optimal settings.

c) Both optimal wavelet function and number of frequency bands
to be filtered were selected from the remaining settings.

d) Using this selection, the ideal filtering factors were determined.
In case of the statistical filter the best wavelet coefficient filter-
ing SD for the lowest frequency bands was evaluated.

Kinetic analysis

Simulated TACs and TACs derived from a human (R)-[11C]PK11195 scan
were filtered using filters optimised according to the procedure given above.
Individually filtered and unfiltered TACs were then analysed using plasma
Logan and reference Logan methods.[15, 16] The outcome parameters for
the plasma input and reference tissue Logan plot analyses were VT and
DV R, respectively. Logan plot analysis with arterial plasma input or ref-
erence tissue input functions were chosen, as these methods are frequently
used for parametric analysis of PET brain studies. Yet these methods
potentially suffer from noise induced bias and therefore wavelet based de-
noising of TACs should be of specific interest for these linearised kinetic
methods.
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(a) (b)

Figure 3.2: Time activity curves. Figure 3.2a: Measured decay corrected time activity
curves of (R)-[11C]PK11195 for total grey matter (open circles) and a
randomly chosen grey matter voxel (filled circles). Data were taken from
an elderly healthy control. Figure 3.2b: Simulated time activity curves
of (R)-[11C]PK11195 for grey matter (Table 3.1, Target tissue 3) at three
different noise levels (“line”, “open circles”, and “filled circles” for COV
= 0, 7.5 and 15%, respectively).

3.3 Results

Figure 3.2 shows examples of clinical (R)-[11C]PK11195 TACs for different
ROI sizes (Figure 3.2a; grey matter voxel and total grey matter ROI) and
simulated (R)-[11C]PK11195 grey matter TACs (Table 3.1, target tissue
3) at several noise levels (Figure 3.2b; 0, 7.5 and 15% COV).

3.3.1 Simulations

Filter optimisations

For VISU, SURE, wVISU and wSURE filters the largest improvements
were seen when only wavelet coefficients of the highest frequency band
were filtered. In case of VISU, only functions 1, 2, 5, 7, and functions
from 9 to 16 (Table 3.2) showed improved WRSS after filtering. Overall,
best filtering results for VISU were obtained using wavelet function 12.
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However, the performance differences for VISU in wavelets functions 7,
9, 11, 12, 13, 14, and 16 were small. Wavelet function 12 also showed
best filtering results for SURE, wVISU and wSURE filters. In case of
the statistical filter overall best WRSS was found when filtering the two
highest frequency bands using wavelet function 16.

After having determined optimal wavelet function & number of fre-
quency bands to be filtered, the optimal filtering strength was fine-tuned.
In case of VISU, the optimal factor ranged from 0.5 to 3.5, with lower
factors for TACs simulated with lower K1 and BPND. In clinical practice
the type of TAC is unknown and therefore one intermediate filtering factor
(=1) was chosen. Similarly, filtering factors of 0.5, 0.5 and 0.1 were chosen
for SURE, wVISU and wSURE, respectively. The optimal filtering factor
for the statistical filter was set to wavelet coefficient average ± 0.5xSD for
the two highest frequency bands.

Figure 3.3 shows examples of filtering simulated grey matter TACs (Ta-
ble 3.1, target tissue 3) at 15% COV, using the optimal VISU filter, in-
dicating improvement in COV. Similar results were found for the other
optimal filters. These optimal filter settings were used to filter simulated
grey matter TACs at various noise levels (0-25% COV). Figure 3.4 shows
improved WRSS for filtered TACs, with larger improvements for TACs
with higher noise levels.

Kinetic analysis.

Table 3.3 summarizes kinetic results before and after filtering the seven
different types of TACs investigated (see Table 3.1). Overall, best results
were obtained with the VISU and statistical filters. Therefore, the follow-
ing results will focus on results obtained using these two filters. In general,
using these filters, reference Logan DV R did not change compared with
those derived from unfiltered data. In addition, standard deviations of
plasma Logan VT did not improve after filtering (Table 3.3 and Figure
3.5a. However, an improvement in accuracy (i.e. less bias) was found for
plasma Logan VT (Table III and Figure 3.5b), which was independent of
variations in K1 (Figure 3.6a). In addition, this improvement was more
pronounced for higher simulated specific binding levels, as shown in Fig-
ure 3.6b by comparing results with those from noise free (thus unfiltered)
TACs.
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(a) (b)

Figure 3.3: Average (solid lines) and standard deviation (dashed lines) of 100 filtered
(black lines) and unfiltered (grey lines) simulated grey matter time activity
curves (Table 3.1, Target tissue 3) at 15% noise levels. Dashed lines are
set at one standard deviation from the average. The optimised VISU filter
was used for filtering. Figure 3.3a shows the entire 60 min curves, whilst
Figure 3.3b represents the early phase (0-10 min) only.

Figure 3.4: Average weighted residual sum of squares (WRSS) of 100 filtered (dashed
lines) and unfiltered (solid line) simulated grey matter time activity curves
(Table 3.1, Target tissue 3) at noise levels from 0-25%. Optimised VISU
(grey dashed line) and statistical (black dashed line) filters were used for
filtering data.
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(a) (b)

Figure 3.5: SD (figure 3.5a) and average (figure 3.5b) of plasma Logan VT of 100
filtered (dashed lines) and unfiltered (solid line) simulated grey matter
time activity curves (Table 3.1, Target tissue 3) at noise levels from 0-
25%. Optimised VISU (grey dashed line) and statistical (black dashed
line) filters were used for filtering data.

Table 3.3: Weighted residual sum of squares (WRSS), plasma Logan VT and
reference Logan DV R for optimised filters. Seven different TACs
(Table 3.1) were generated at a fixed noise level of 15% COV . Results
are shown for thresholding (VISU and SURE), weighted thresholding
(wVISU and wSURE) and statistical filters. Results are compared
with noise free (true) values and with unfiltered data.
TAC Filter WRSS VT (±SD) DV R (±SD)

Target tissue 1 Noise free 0 0.62 0.89
No filtering 25.09 0.62 +- 0.06 0.99 +- 0.05

VISU 21.78 0.63 +- 0.06 0.99 +- 0.05
SURE 21.47 0.63 +- 0.06 0.99 +- 0.05
wVISU 20.81 0.62 +- 0.06 0.99 +- 0.05
wSURE 21.01 0.62 +- 0.06 0.99 +- 0.05
Statistical 7.00 0.64 +- 0.05 0.98 +- 0.05

Target tissue 2 Noise free 0 0.76 1.09
No filtering 31.02 0.71 +- 0.08 1.10 +- 0.07

VISU 25.08 0.74 +- 0.09 1.10 +- 0.07
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TAC Filter WRSS VT (±SD) DV R (±SD)
SURE 25.55 0.73 +- 0.09 1.10 +- 0.07
wVISU 24.24 0.73 +- 0.08 1.10 +- 0.07
wSURE 25.38 0.73 +- 0.08 1.10 +- 0.07
Statistical 8.26 0.76 +- 0.08 1.10 +- 0.07

Target tissue 3 Noise free 0 0.90 1.28
No filtering 35.04 0.78 +- 0.10 1.19 +- 0.08

VISU 27.32 0.83 +- 0.12 1.19 +- 0.08
SURE 28.66 0.82 +- 0.12 1.19 +- 0.08
wVISU 26.55 0.81 +- 0.12 1.19 +- 0.08
wSURE 28.89 0.81 +- 0.12 1.19 +- 0.08
Statistical 9.10 0.86 +- 0.10 1.20 +- 0.08

Target tissue 4 Noise free 0 1.03 1.48
No filtering 37.86 0.84 +- 0.12 1.26 +- 0.09

VISU 28.91 0.91 +- 0.16 1.27 +- 0.09
SURE 30.82 0.90 +- 0.15 1.27 +- 0.09
wVISU 28.20 0.89 +- 0.15 1.27 +- 0.09
wSURE 31.44 0.88 +- 0.15 1.27 +- 0.09
Statistical 9.69 0.95 +- 0.13 1.28 +- 0.09

Target tissue 5 Noise free 0 1.17 1.67
No filtering 39.93 0.88 +- 0.14 1.31 +- 0.10

VISU 30.07 0.98 +- 0.19 1.33 +- 0.10
SURE 32.53 0.97 +- 0.19 1.33 +- 0.10
wVISU 29.41 0.95 +- 0.18 1.32 +- 0.10
wSURE 33.92 0.94 +- 0.19 1.32 +- 0.10
Statistical 10.12 1.04 +- 0.16 1.34 +- 0.10

Target tissue 6 Noise free 0 0.90 1.28
No filtering 28.85 0.75 +- 0.11 1.13 +- 0.08

VISU 24.63 0.81 +- 0.13 1.14 +- 0.08
SURE 24.82 0.81 +- 0.13 1.14 +- 0.08
wVISU 23.83 0.79 +- 0.13 1.14 +- 0.08
wSURE 24.76 0.79 +- 0.13 1.13 +- 0.08
Statistical 8.12 0.85 +- 0.11 1.14 +- 0.08

Target tissue 7 Noise free 0 0.90 1.28
No filtering 38.57 0.79 +- 0.10 1.22 +- 0.08

VISU 28.59 0.84 +- 0.11 1.23 +- 0.08
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TAC Filter WRSS VT (±SD) DV R (±SD)
SURE 31.30 0.83 +- 0.11 1.23 +- 0.08
wVISU 27.72 0.82 +- 0.11 1.23 +- 0.08
wSURE 32.48 0.82 +- 0.11 1.23 +- 0.08
Statistical 9.86 0.87 +- 0.10 1.23 +- 0.08

3.3.2 Clinical evaluations
Clinical TACs (at pixel level) were filtered using both optimised VISU and
statistical filters. Figure 3.7 depicts histograms for the plasma Logan VT
distribution in grey (Figure 3.7a) and white matter (Figure 3.7b). In both
regions and for both filters, filtering shifted the peak of this distribution
towards higher values. In contrast, reference Logan DV R distributions
derived from filtered TACs almost completely overlapped those from un-
filtered TACs.

3.4 Discussion
The aim of the present study was to improve accuracy and precision of esti-
mates of distribution volume ratios (DV R) and volume of distribution (VT
) of (R)-[11C]PK11195 studies by denoising time activity curves (TACs)
without affecting spatial resolution. Wavelet based filters were used, which
have the advantage of frequency filtering localized in time domain. Three
different categories of wavelet based filtering techniques were applied to
both simulated and clinical (R)-[11C]PK11195 TACs: (1) wave shrinking
techniques, which estimate a threshold for each TAC separately, assuming
white noise; (2) wave shrinking techniques, with thresholds adapted to
account for changes in variance over time, and (3) statistical filters which
correct for statistically defined outliers in the wavelet domain using a set
of ‘calibration’ TACs.

3.4.1 Optimisation of filters
Optimisation was performed in several steps in order to simplify selection
of the optimal parameters for each of the filters. (R)-[11C]PK11195 TACs,
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(a) (b)

Figure 3.6: Average plasma Logan VT of 100 filtered (dashed lines) and unfiltered
(thick solid line) simulated grey matter time activity curves (Table 3.1)
at a noise level of 15% COV versus (3.6a) simulated delivery K1 and
(3.6b) plasma Logan VT at 0% noise level (true VT ). Optimised VISU
(grey dashed line) and statistical (black dashed line) filters were used for
filtering data. The thin solid lines (line of identity in 3.6b) indicate true
values.
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(a) (b)

Figure 3.7: Histograms of the distribution of VT from plasma Logan, before (solid line)
and after (dashed lines) filtering different human (R)-[11C]PK11195 grey
matter (3.7a) and white matter (3.7b) TACs at voxel level. Optimised
VISU (grey dashed line) and statistical (black dashed line) filters were
used for filtering data.

needed for the calibration step, were simulated at clinically expected pixel
noise levels (15% COV ) and pharmacokinetic parameters spanned the
clinically expected physiological range. Optimal calibration parameters
for each of the filters were selected to achieve the lowest WRSS without
introducing bias in any of the simulated TACs. In general, lower WRSS
means that noise has been reduced and a poorer WRSS means a larger
deviation from the simulated (noise free) TAC, either due to noise or
due to distortion of the true signal. Figure 3.3 clearly shows that filters,
which were optimised in terms of WRSS, did not introduce bias in the
shape of the TAC, i.e. the average shapes of the TACs before and after
filtering were not significantly different. In contrast, optimisation based on
a kinetic parameter does not guarantee that the obtained filter is correct.
For example, a filter that is optimised based on a kinetic parameter may
introduce bias in the signal such that it compensates for the bias caused
by noise. Consequently, such a filter may work well in one case, but would
fail for other TACs with different underlying kinetics. As noise is one of
the main causes of bias in the plasma input Logan analysis [55], it is a
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valid approach to optimise wavelet filters with respect to WRSS, thereby
attempting to optimise filters for reducing noise, whilst avoiding bias in
the signal, represented by the shape of the TAC.

3.4.2 Analysis of simulated TACs

In general, filtering using the thresholding filters VISU, SURE, wVISU
and wSURE improved WRSS of the curves at higher noise levels (COV
> 10%; Figure 3.4). The statistical filter, which is related to the work of
Millet et al. [50], seemed to improve WRSS even at lower noise levels,
but this is only true when the TACs to be filtered are all based on the
same underlying curve and when statistics of the wavelet coefficients used
in the filter are from the same TACs. However, this is hardly the case in
clinical practice, where the true underlying kinetic curves are unknown and
statistics are derived from a large region, such as total grey matter. The
latter approach was simulated by taking wavelet coefficient statistics from
grey matter TACs (Table 3.1, target tissue 3) and then using them to filter
TACs with other physiological parameters expected for (R)-[11C]PK11195.
For the current setting this proved to work well for the statistical filter in
terms of better WRSS.
The effects of wavelet filtering on kinetic analysis were also evaluated.

Reference Logan DV R results did not improve. This may be due to the
fact that after filtering smoother TACs are obtained, but the reference Lo-
gan analysis is already capable of putting a smooth line through the data.
In contrast, filtering significantly improved accuracy of plasma Logan VT
results (Table 3.3 , Figures 3.5b and 3.6). Improvements were larger for
TACs with higher noise levels and at higher binding levels. The observed
improvement of Logan VT is expected, as noise is one of the main causes
of bias for this method.[55, 13]
Finally, a comparison of the overall performance of the filters showed

best results for VISU and statistical filters (Table 3.3 ), with the statistical
filter always performing slightly better. No additional gain was seen in
using weighting factors (Eq. 3.1) to fine-tune the thresholds (Eq. 3.4), as
in wVISU and wSURE. Therefore, in practice, the additional correction
of thresholds to account for changes in variance over time may not be
necessary for these thresholding filters.

64



3.5 Conclusion

3.4.3 Kinetic analysis of clinical TACs
Clinical results for calibrated VISU and statistical filters were in agreement
with the simulations. Plasma Logan VT values increased after filtering, but
no changes were seen in reference Logan DV R values. This increase in
plasma Logan VT suggests a reduction of noise induced bias by wavelet
based denoising. Therefore, a reduction of bias in plasma Logan VT is
possible using wavelet based TAC denoising, which improves quantification
of (R)-[11C]PK11195 studies when Logan VT is the parameter of choice.[52]

3.5 Conclusion
In the present study effects of various wavelet based time activity curve fil-
tering algorithms on accuracy and reproducibility of kinetic (R)-[11C]PK11195
parameters were assessed. Optimised wavelet based filters improved both
the residual sum of squared errors of noisy TACs and results of the plasma
Logan VT analysis. However, no improvement was seen in reference Lo-
gan DV R. Wavelet denoising of TACs for (R)-[11C]PK11195 PET studies
is therefore useful when parametric Logan based VT is the parameter of
interest.
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Abstract

The purpose of this study was to compare different kinetic and semi-
quantitative methods for analysing human [18F ]FP-β-CIT studies: plasma
input models, simplified (SRTM) and full (FRTM) reference tissue mod-
els, standard uptake values (SUV ) and SUV ratios (SUVr). Both simu-
lations and clinical evaluations were performed to determine the effects of
noise, scan duration and blood volume on Akaike model selection, and on
precision and accuracy of estimated parameters.
For typical noise levels (COV ~ 2.5%) and scan durations (< 90 min),

simulations provided poor fits (Akaike criterion) in case of reversible plasma
input models showing a relatively high number of outliers compared with
the two-tissue irreversible model. Reference tissue models provided more
reliable fits, which were nearly independent of noise and scan duration. For
clinical data, two tissue irreversible and reversible plasma input models
fitted striatum curves equally well (Akaike criterion). BPND with plasma
input models were less precise and contained more outliers than BPND
obtained with SRTM or FRTM . Amongst all methods tested, SRTM
showed the highest contrast between patients and controls. When differ-
entiating between patients and controls, SUVr performed almost equally
well as SRTM , although contrast between striatum and background was
lower.
In conclusion, SRTM provided BPND estimates with the highest pre-

cision and accuracy. Moreover, SRTM provided good contrast between
patients and controls, and between striatum and background. SRTM is
therefore the method of choice for quantitative [18F ]FP-β-CIT studies.
SUVr might be an alternative for larger clinical trials.

4.1 Introduction

The dopamine reuptake transporter (DAT) is frequently used to assess the
integrity of dopamine neurons. Indeed, reduced uptake of DAT ligands has
consistently been demonstrated in the striatum of patients with Parkin-
son’s disease (PD), where degeneration of dopamine neurons is known to
occur.[66, 67, 68, 69, 70] DAT abnormalities might also be present in other
disorders, such as obsessive-compulsive disorder [71], attention deficit dis-
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order [72] and schizophrenia.[73]

The most common DAT ligand is β-CIT, a cocaine analogue, which has
been labelled with radionuclides for both PET (124I; [74]) and SPECT,
(123I; [75, 76, 74, 77]). Especially SPECT tracers often have been used
for clinical purposes. In these studies quantification of specific binding
has been performed with both kinetic and equilibrium methods and close
agreement between the results was found.[76, 74] However, kinetics of this
tracer, are extremely slow, taking up to ~24h to reach maximum uptake
in the striatum, thus making an equilibrium analysis problematic (scan
needs to take place one day after injection; [74]).

Therefore, other analogues of β-CIT have been developed as DAT trac-
ers, for example FP-β-CIT and FE-β-CIT [78], with much faster kinetics
in striatum [79]. For both these tracers only a limited number of studies
have been performed. In case of FP-β-CIT studies, results have been re-
ported for in vitro autoradiography examinations, plasma metabolites and
clinical PET scans.[80, 81, 82, 70] Results indicated high specific and re-
versible binding in striatum in contrast with low non-displaceable uptake
in cerebellum.

To date, FP-β-CIT studies with PET have only been analysed using
simple radioactivity ratios at a fixed time interval after bolus injection [81,
82, 70], or using plasma and reference tissue input Logan based linearized
methods.[83, 15, 16] Although more comprehensive tracer kinetic models
are available [7], they have not been evaluated for quantification of FP-β-
CIT data. Clearly, this type of evaluation is particularly important when
accurate quantification of DAT is essential, for example when monitoring
disease progression or when evaluating the effects of (neuro-protective)
treatment strategies.

The purpose of the present study was to identify which tracer kinetic
model should be used for quantitative analysis of [18F ]FP-β-CIT studies.
To this end both simulated and clinical [18F ]FP-β-CIT data were used.
The data were analysed using various compartmental models based on
plasma [7] or reference tissue [8, 84, 9] input data. In addition, for com-
parison, standard uptake values (SUV ) and regional SUV to cerebellum
SUV ratios (SUVr) at set times were investigated because of their frequent
use in clinical diagnostic studies.
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4.2 Methods

4.2.1 Scanning protocol

Clinical data were derived from ongoing patient studies, approved by the
medical ethics committee of the VU University Medical Centre, and con-
sisted of twelve subjects (5 healthy male controls, 1 healthy female control,
2 female and 4 male PD patients, Hoehn & Yahr 2-3) with age ranging
from 55 to 71 years (PD =64±7.6 and healthy controls 65±3.7). Each
subject gave written informed consent prior to inclusion in the study pro-
tocol. Clinical results are beyond the scope of the present study and will
be reported elsewhere.
As part of the study protocol, each subject first underwent a T1-weighted

MRI scan using a 1T IMPACT scanner (Siemens Medical Solutions, Er-
langen, Germany). This scan was performed to exclude anatomical ab-
normalities and for co-registration and segmentation purposes.
PET studies were performed using an ECAT EXACT HR+ scanner

(CTI / Siemens, Knoxville, USA). The characteristics of this scanner have
been described previously.[85, 86] First, a 10 min transmission scan in 2D
acquisition mode was performed, which was used to correct the subsequent
emission scan for tissue attenuation. Next, a dynamic emission scan in
3D acquisition mode was performed following bolus injection of 185 MBq
[18F ]FP-β-CIT.[87] The dynamic emission scans consisted of 23 frames
(1x15, 3x5, 3x10, 2x30, 3x60, 2x150, 2x300, 7x600 s) with a total scan
duration of 90 min. These frames were reconstructed using FORE + 2D
filtered back projection [88] and a Hanning filter with a cut-off of 0.5 times
the Nyquist frequency. Reconstructions included all usual corrections,
such as normalization, decay, dead time, attenuation, randoms and scatter
[89] corrections.
The protocol also included continuous arterial sampling, starting 2 min

prior to injection and continuing throughout the entire emission scan,
using a dedicated on-line detection system.[37] In addition, at set times
(5, 10, 20, 40, 60, 75 and 90 min post injection), arterial sampling was
interrupted briefly for the withdrawal of discrete arterial samples. After
each sample, this arterial line was flushed with heparinised saline in order
to avoid clotting of blood within the line. An arterial whole blood curve
was obtained by correcting the on-line sampler curve for decay, removing
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the flushing periods, and finally calibrating against the discrete blood
sample data, measured in a cross-calibrated well counter.[90] Finally, a
metabolite corrected plasma curve was derived from the whole blood curve
using the plasma to whole blood ratios and metabolite fractions obtained
from the manual blood samples. Arterial blood sampling failed in four
subjects due to technical problems. Data from these subjects were only
used for investigating the reference tissue models.

4.2.2 Image analysis
The de-sculled T1-weighted MRI scans [91] were co-registered [56, 57]
with a summed PET image (frames 3-12: 25 s – 5 min post injection,
thereby resembling a flow image, which is useful for maximizing cortical
information). Time radioactivity curves (TACs) were then generated, by
using MR-based automatic delineation of regions of interest (ROI, [92]).
For the purpose of the present study only grey matter TACs for cerebel-
lum, cortical grey matter, caudate, putamen and striatum regions were
analysed.

4.2.3 Kinetic analysis
Simulations

Simulated [18F ]FP-β-CIT data were used to assess accuracy and precision
of various compartmental models in a controlled fashion. Simulated TACs
were generated for cerebellum and striatum using a typical [18F ]FP-β-CIT
input function and reversible two-tissue compartmental model parameters
based on healthy control and PD patient data (Table 4.1). Additionally,
three entities were varied during simulation and hundred TACs were gen-
erated at each different parameter combination: fractional blood volume
(Vb = 0, 0.02, 0.04, 0.06 and 0.08), TAC noise levels (coefficient of vari-
ation COV = 0, 2.5 and 5%) and scan duration (60, 90 and 120 min).
Simulated noise was based on total scanner true counts, frame lengths
and decay correction factors.[59]
Data were analysed using five different compartmental models: single-

tissue plasma input (1T2k), two-tissue reversible plasma input (2T4k),
two-tissue irreversible plasma input (2T3k), simplified reference tissue
(SRTM ; [9]) and full reference tissue model (FRTM; [8, 84]). Plasma
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input models contained one further fit parameter for blood volume. For
reference tissue models (SRTM and FRTM) the cerebellum was used as
reference tissue. For all models the kinetic parameters were constrained to
positive values and multiple initial parameter estimates were used during
the non-linear least squares fitting procedure.[59]
Simulation data were evaluated in two ways: (1) by determining the

preferred model according to the Akaike criterion [93] and (2) by com-
paring bias and COV of estimated binding potential (BPND) for the
various models after removing physiologically extreme outliers. For the
Akaike comparison, plasma input and reference tissue models were evalu-
ated separately. BPND was calculated both directly (BP 2T4k

ND , BPSRTMND

and BPFRTMND model), and indirectly using volume of distribution ratios
(BP 1T2ki

ND and BP 2T4ki
ND , [84]):

• BP 2T4k
ND = k3/k4 obtained using 2T4k,

• BP 1T2ki
ND = V striatum

T /V cerebellum
T − 1, with VT obtained using 1T2k

for both striatum and reference region,

• BP 2T4ki
ND = V striatum

T /V cerebellum
T − 1, with VT obtained using 2T4k

for both striatum and reference region,

• BPSRTMND = BPND obtained using SRTM ,

• BPFRTMND = BPND obtained using FRTM .
Theoretically, the fitted BPND is dependent on the model used: for plasma
input models the directly fitted BPND (BP 2T4k

ND ) = BPNSND +BPSPND; and
for reference tissue models (including the indirect plasma input methods
using VT ) the fitted BPND = BPSPND

1+BPNSND

. In these formulas BPND is the
fitted binding potential for the target region, BPSPND corresponds to specific
binding and BPNSND corresponds to slow kinetic non-specific binding. Note
that non-specific binding with fast kinetics (high rate constants) cannot be
assessed with PET and are ‘seen’ as part of the compartment representing
free tracer in tissue.

Clinical data

Clinical [18F ]FP-β-CIT data were evaluated using a number of techniques.
First, Akaike values were calculated for all models and compared. Second,
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Table 4.1: Kinetic parameters used for creating simulated [18F ]FP-β-CIT time acti-
vity curves using the two-tissue reversible compartmental model. K1 is
given in (ml ∗ cm−3min−1) and k2, k3 & k4 are given in (min−1).

ROI K1 k2 k3 k4 BPND Vb

Striatum healthy control 0.37 0.04 0.090 0.0196 4.60 0.05
Striatum PD patient 0.37 0.04 0.066 0.0196 3.36 0.05
Cerebellum 0.48 0.05 0.020 0.0267 0.75 0.05

where possible, BPND values were estimated and compared. These two
comparisons were based on the following models:

• SRTM , providing BPSRTMND ,
• FRTM , providing BPFRTMND ,
• 1T2k, providing BP 1T2ki

ND indirectly from VT ’s as described above,
• 2T3k; this irreversible model does not provide a direct parameter of

interest that can be compared with the other models and was only used
for Akaike assessment,

• 2T4k, providing both BP 2T4k
ND and BP 2T4ki

ND as described above.
In addition, specific binding potential (BPSPND) was assessed usingBPND

obtained from a two-tissue reversible model fit to the cerebellum (BP 2T4k,Cerebellum
ND )

as a measure of relatively slow non-specific binding [84]:
• BP 2T4k,SP

ND = BP 2T4k,Striatum
ND −BP 2T4k,Cerebellum

ND ,
• BP 2T4ki,SP

ND = BP 2T4ki
ND ▪

(
1 +BP 2T4k,Cerebellum

ND

)
,

• BPSRTM,SP
ND = BPSRTMND ▪

(
1 +BP 2T4k,Cerebellum

ND

)
,

• BPFRTM,SP
ND = BPFRTMND ▪

(
1 +BP 2T4k,Cerebellum

ND

)
.

Comparison of BPND values was performed after discarding all spuri-
ous data. First, scans with incomplete plasma and metabolite data were
not used to evaluate plasma input models (2 scans). Second, in an at-
tempt to avoid the use of data compromised by patient motion, TACs
with abnormal shapes due to (partial) movement were removed prior to
kinetic analysis. Finally, physiologically incorrect BPND estimates, ob-
tained from kinetic analyses for each applied model, were discarded. The
physiological boundaries were derived by visually inspecting histograms of
the BPND distribution and the boundary was set to exclude fits that fell
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Table 4.2: Percentages of rejected estimates for the various models used to fit clinical
[18F ]FP-β-CIT TACs from striatum, caudate, putamen and grey matter
regions.

Model Striatum (%) Grey matter (%) Caudate (%) Putamen (%)

BP 1T2ki
ND 18 0 43 15

BP 2T4k
ND 27 0 43 15

BP 2T4ki
ND 36 0 86 46

BPSRTMND 0 17 0 0
BPFRTMND 0 8 7 0
BP 2T4k,SP

ND 27 0 43 15
BP 2T4ki,SP

ND 36 0 86 46
BPSRTM,SPND 27 19 43 15
BPFRTM,SPND 27 9 43 15

outside the range of normally distributed values. The maximum BPND
values were set to 16 and 14 for the direct BPND (2T4k) and the reference
tissue models respectively (indirect, SRTM and FRTM). The number of
physiologically incorrect BPND estimates were used to estimate the capa-
bility of a model to overcome fit inaccuracies due to noise and short scan
durations (see Table 4.2).
In addition to BPND values also standard uptake value (SUV ) ratios

(SUVr, striatum to cerebellum SUV ratio over 40-60, 60-90 and 80-90
min) were investigated as they have been used routinely in clinical stu-
dies. These SUV ratios were compared with BPSRTMND . Finally, average
BPND, SUV and SUVr for patients and controls were calculated to assess
discriminative power of the various methods.

4.3 Results

4.3.1 Time activity curves

Typical TACs of [18F ]FP-β-CIT in striatum, cerebellum and a grey mat-
ter (positioned in the frontal cortex) ROI are shown in Figure 4.1a, to-
gether with the metabolite-corrected plasma curve. The fractions of [18F ]-
labelled metabolites in plasma as function of time for 8 subjects are shown
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(a) (b)

Figure 4.1: (4.1a) Decay corrected TAC of [18F ]FP-β-CIT in striatum, cerebellum
and a frontal cortex grey matter ROI together with a metabolite corrected
plasma curve. Data were taken from a control subject. (4.1b) Fractions
of [18F ]-labelled metabolites in plasma as function of time, averaged over
data from 8 subjects (dark grey line) together with standard deviations
for average fraction (light grey lines at one SD from average) at each time
point.

in Figure 4.1b.

4.3.2 Simulations

In general, low numbers of outliers (2-4%) in the outcome parameters
were found for all simulations. In addition, both Akaike criterion and ki-
netic analyses indicated similar model preferences for both healthy control
and PD patient data. Therefore, here, only results for simulated healthy
control data are presented.
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Fit accuracy

Akaike analyses of plasma input models indicated that both increasing
TAC noise level (from COV = 0 to 5%, Figure 4.2a) and decreasing total
scan time (from 120 to 60 min, Figure 4.2b) resulted in increasing prefer-
ence for the irreversible model (2T3k) at the cost of the reversible model
(2T4k). Changing Vb (from 0 to 0.08) did not have a noticeable effect on
these Akaike results of any plasma input model.
Akaike analyses of the reference tissue models indicated that an increase

in TAC noise level (from COV = 0 to 5%, Figure 4.2c) shifted the prefer-
ence from FRTM to SRTM . Decreasing scan duration (from 120 to 60
min, Figure 4.2d), however, showed the reverse pattern. Finally, SRTM
was more affected by increasing Vb (from 0 to 0.08) than FRTM (Figure
4.2e).

Bias and precision of outcome parameter

Although the two tissue reversible model (BP 2T4k
ND ) was used to simulate

data, direct estimates of total binding potential using this model only pro-
vided the lowest bias and highest precision for TACs without any noise
(COV = 0%, Figure 4.3a). Increasing scan duration also improved bias
and accuracy of this model (Figure 4.3b). BP 2T4k

ND , however, rapidly de-
teriorated compared with other methods if simulations were performed at
noise levels seen in clinical practice (COV ≥ 2.5%, Figure 4.3a). In addi-
tion, for increasing Vb (from 0 to 0.08) some changes in uncertainty and
bias of the direct BPND estimate were visible (BP 2T4k

ND : bias increasing
from 1.15±0.32 to 1.31±0.51). In contrast, for all other models tested (in-
direct plasma input models, SRTM and FRTM) no noticeable differences
in BPND estimates were seen over a range of simulated Vb values (Bias:
BP 1T2ki

ND , 0.60±0.03; BP 2T4ki
ND , 0.59±0.05; BPSRTMND , 0.40±0.01;BPFRTMND ,

0.38±0.02).
BPND estimates from reference tissue models (for both BPSRTMND and

BPFRTMND bias average of 0.40±0.02) showed bias, even at Vb = 0, but this
bias was almost constant with low standard errors of the estimates for
various noise levels, different Vb fractions and intermediate to large scan
durations (> 60 min).
Indirect BPND estimates using VT from 2T4k fits of striatum and refer-
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(a) (b)

(c) (d) (e)

Figure 4.2: Preferred compartment model according to Akaike criterion for simulated
[18F ]FP-β-CIT data at default settings (Vb = 0.06, scan time = 90 min
and COV = 2.5 %) with different TAC noise levels (Figure 4.2a & 4.2c),
scan times (Figure 4.2b & 4.2d) and fractional blood volumes (Vb, Figure
4.2e). Preference was calculated separately for plasma input (1T2k, 2T4k
and 2T3k for single-tissue, two-tissue reversible and two tissue irreversible
model, respectively) and reference tissue models (SRTM and FRTM for
simplified and full reference tissue model, respectively). Simulated data
were based on typical two tissue compartmental model parameters for
human controls.
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(a) (b)

Figure 4.3: Bias and precision of BPND estimated with different compartment mod-
els for simulated [18F ]FP-β-CIT data at default settings (Vb = 0.06, scan
time = 90 min and COV = 2.5 %) with different TAC noise levels (Figure
4.3a) and scan times (Figure 4.3b). Error bars show the standard devia-
tions in the bias. Bias is defined as the ratio of estimated over simulated
BPND with BP 2T4k,SP

ND (= BP 2T4k,Striatum
ND − BP 2T4k,Cerebellum

ND = 3.85)
for healthy humans.

ence regions (BP 2T4ki
ND ) had lower bias than both BPSRTMND and BPFRTMND ,

probably due to the fact that a two tissue reversible model was used to sim-
ulate the cerebellum. Furthermore, standard errors of BP 2T4ki

ND estimates
were much lower than those of total BP 2T4k

ND (Figure 4.3a&b). Indirect
BPND values using VT from 1T2k fits of striatum and reference regions
(BP 1T2ki

ND ) were similar to those of BP 2T4ki
ND for longer scan durations (≥

90 min, Figure 4.3b). Surprisingly, indirect BPND measures using the
1T2k method (BP 1T2ki

ND ) also showed less bias than SRTM and FRTM .
The 1T2k plasma input model was, however, not able to correctly fit stria-
tum nor cerebellum TACs and therefore provided a systematic bias in VT
for both striatum and cerebellum. When using these VT in the indirect
approaches these biases might have partially cancelled out.
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(a) (b)

Figure 4.4: Average compartmental model preferences according to the Akaike crite-
rion for clinical [18F ]FP-β-CIT data of striatum, caudate, putamen and
frontal grey matter. Plasma input (1T2k, 2T4k and 2T3k; Figure 4.4a)
and reference tissue (SRTM and FRTM ; Figure 4.4b) models are shown
separately.

4.3.3 Clinical data

Fit accuracy

The two-tissue irreversible model yielded slightly better fits for striatum,
caudate and putamen than the two-tissue reversible model, according to
the Akaike criterion (Figure 4.4a). In addition, the 2T4k model clearly
was the preferred model for fitting cortical grey matter TACs (Figure
4.4a). The Akaike criterion indicated higher preference for the simplified
(SRTM) than for the full reference tissue model (FRTM) for striatum,
caudate, putamen and cortical grey matter (Figure 4.4b).

BPND estimates

BPND estimates for caudate, putamen and striatum based on plasma
input models contained a large number of outliers (for striatum 1T2k =
18% and 2T4k = 27%, Table 4.2) especially for the caudate region (1T2k =
43% and 2T4k = 43%, Table 4.2). In contrast, SRTM and FRTM showed
no outliers for striatum and putamen. BPND estimates for a cortical grey
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matter region contained no outliers for conventional plasma input models,
and in this case the number of outliers were somewhat higher for reference
tissue models (SRTM=17% and FRTM=8%, Table 4.2).
The reference tissue models yielded the most stable results for striatum

fits, in terms of numbers of outliers and accuracy of the model outcome.
Therefore, other model outcomes were compared with those of SRTM .
Table 4.3 summarises linear regression parameters obtained from correla-
tion plots of different BPND estimation approaches versus the BPND es-
timate obtained with SRTM (for striatum). In striatum (and for caudate
and putamen) the best correlation with BPSRTMND was found for BPFRTMND

(R2=0.97, striatum, Table 4.3), which could be expected, as they both
are reference tissue models. The next best correlation with BPSRTMND

was found for the indirect single-tissue model and corrected BPSRTM,SP
ND

(both R2=0.91, striatum, Table 4.3). The results from the direct two-
tissue reversible model (R2=0.08, striatum, Table 4.3) yielded very poor
correlations with BPSRTMND . Similar trends were found for caudate and
putamen.

SUV and SUV ratios

The correlation of SUVr (over 60-90 and 80-90 min) with BPSRTMND for
striatum showed good agreement between both methods (R2=0.74 and
R2=0.79 respectively, Table 4.3). SUV values themselves showed a much
lower correlation with SRTM for both striatum (SUV over 80-90 min:
R2= 0.15) and other grey matter regions (R2= 0.58). Trends were similar
for striatum, caudate and putamen showing that SUVr80−90 show best
correlation with SRTM compared with other SUVr studied.

Discrimination between patients and normal controls

Figure 4.5 depicts rescaled averages of patient and control BPND esti-
mates. Rescaling was performed such that striatum values of controls
were equal to 1. The model averages of ‘striatum patients’, ‘grey mat-
ter patients’ and ‘grey matter controls’ are thus normalized to average
striatum value of the controls. SUV and SUVr showed a similar pattern
as most other methods, with only the direct two-tissue reversible model
showing a different pattern. The largest difference between patients and
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4 Quantification of [18F ]FP-β-CIT studies

(a) (b)

Figure 4.5: Clinical [18F ]FP-β-CIT averages of SUV , SUVr = ROI-to-cerebellum ra-
tio (ROI=striatum or frontal grey matter), binding potential (BPND )
estimates from simplified reference tissue model (SUV80−90, SUVr80−90,
BPSRTMND and BPSRTM,SPND : Figure 4.5a) and BP estimates from plasma
input models (BP 1T2k,i

ND , BP 2T4k
ND , BP 2T4ki

ND and BP 2T4k,SP
ND : Figure 4.5b).

All averages are normalised to the average value of striatum data of the
controls. Error bars show the rescaled standard deviations. Significance
values (p) using the two-tailed Student’s t-distribution between patients
and controls are shown for striatum.

control subjects was achieved using the indirect two-tissue reversible model
(Figure 4.5b). However, this method resulted in a large number of outliers
(Table 4.2), making its clinical use not feasible.

4.4 Discussion

4.4.1 Simulations

As expected, for perfect data, the two-tissue reversible model provided
optimal fits, as this model was used to simulate the data. As soon as data
contained noise (> 2.5% COV) in combination with shorter scan durations
(< 120 min), better fits were obtained with the two-tissue irreversible
model according to the Akaike criterion. This indicates that information
on reversible kinetics is rapidly lost in the noise, especially for shorter scan
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durations.
For reference tissue models, FRTM provided the best fits at both in-

creasing fractional blood volumes (Vb = 0 to 0.08) and at decreasing scan
durations (< 120 min, Figure 4.2d). FRTM fitted the TAC from 0 to
60 slightly better than SRTM , while both FRTM and SRTM provided
similar accurate fits over 90 to 120 min. Average residual sum of squared
differences between simulated and fitted data with FRTM was 22% lower
(better) than that of SRTM for scans of 60 min, while this difference
decreased to 7% for scans of 120 min. This decreasing difference between
FRTM and SRTM at increasing scan durations consequently increases
the Akaike preference for SRTM at longer scan durations (Figure 4.2d),
i.e. preference for models with less parameters. SRTM , however, was the
preferred model for higher variance levels (> 2.5%). In general, FRTM
performed only slightly better than SRTM , according to the Akaike sim-
ulations.
Direct BPND estimates using the two-tissue reversible plasma input

model (BP 2T4k
ND ) showed the highest level of bias and the largest errors,

indicating relatively high dependency on scan statistics and duration. Al-
though reference tissue models (SRTM and FRTM) resulted in biased
BPND estimates (due to e.g. non-specific binding), they showed the lowest
standard errors at higher noise levels and at shorter scan durations. More-
over, bias obtained with reference tissue models seemed to be relatively
independent of noise and scan duration.

4.4.2 Clinical data

According to the Akaike criterion, irreversible models fitted the striatal
(putamen and caudate) TACs only slightly better than reversible models,
which is in agreement with the simulations for short scan duration (< 90
min) and average variance level (~2.5%).
Large numbers of outliers in BPND estimates obtained with plasma

input models needed to be excluded (Table 4.2). The large numbers of
outliers are explained by the short scan time (90 min) relative to the slow
clearance of [18F ]FP-β-CIT. This is in agreement with the simulations,
where scan durations of at least 120 min were required to obtain reliable
fits using plasma input models. For striatum regions there is no clear
preference for reversible versus irreversible models (figure 4.4a) due to
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high binding and ‘slow’ kinetics. Consequently, fitting a TAC showing
irreversible kinetics using a reversible model will result in an unrealistic
high BPND , as the model tries to set k4 equal to 0 and thus BPND to
very high values (Table4.2). Similarly, TAC showing reversible kinetics
will be fit poorly using the irreversible model. Cortical areas show much
less binding, so that in all cases a reversible model was able to fit the data
(Figure 4.4a). The poorer results of the reference tissue models for the
cortical areas are, in this case, caused by the low binding (Table 4.2). In
general SRTM and FRTM provide less stable fit results when a TAC
contains low binding.
SRTM and FRTM performed equally well with results that were highly

correlated, as expected from the simulations. Therefore, further evalua-
tions were confined to the SRTM model due to the lower number of fit
parameters. SRTM yielded better BPND estimates than direct estimates
of BPND using plasma input models in terms of parameter sensitivity
and standard errors. On the other hand, BPND estimates obtained from
plasma input based volume of distribution ratios had high correlation with
SRTM . The difference between the direct and the indirect methods is
probably due to the high uncertainty in the direct estimate of BPND in
which it is difficult to separate specific from non-specific binding (in addi-
tion to the high correlation between fit parameters).

4.4.3 General considerations

In both simulations and clinical evaluations, the most reliable results with
relatively high precision were found with reference tissue models as op-
posed to other (plasma input) kinetic methods. In addition, plasma input
models were unable to determine the kinetics correctly, because data could
be described equally well by reversible and irreversible plasma input mod-
els for clinical scans of 90 min duration. Furthermore, reference tissue
models provided a clear distinction between patients and healthy controls
and they are less invasive because no arterial sampling is required. SUV
striatum-to-cerebellum ratios also provided good distinction between pa-
tients and healthy controls. In fact, the difference between both subject
groups using SUVr (over 80-90 min) was smaller, but with higher precision
than SRTM . Therefore both SUVr and reference tissue models are suit-
able methods for analysing [18F ]FP-β-CIT studies. An obvious drawback
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of using SRTM is the need for a dynamic scan with a duration of at least
90 and preferably 120 minutes. This results in reduced patient comfort,
increased scanner occupation and thus lower patient throughput. SRTM ,
however, does provide higher contrast between striatum and cortical ROI.
SUV and SUVr can be biased by the uncertainty in the exact scan time,
flow differences and pathological TAC differences. Further clinical evalua-
tions are needed to assess if these potential drawbacks would hamper the
use of SUVr for clinical [18F ]FP-β-CIT studies.

4.5 Conclusion
Simulations showed that reference tissue models outperformed plasma in-
put models with respect to precision and accuracy under clinically relevant
conditions. For scan durations of 90 minutes or less, plasma input models
were unable to determine whether kinetics in striatum were reversible or
irreversible. Similar observations were made using clinical [18F ]FP-β-CIT
striatum (caudate and putamen) data. SUV ratios performed almost
equally well as SRTM in distinguishing between patients and controls.
SRTM , however, provided better contrast between striatum and cortical
regions than the SUV based methods.
In summary, SRTM with a minimum scan duration of 90 minutes is

the method of choice for quantitative analysis of [18F ]FP-β-CIT studies.
For diagnostic studies SUVr could be an interesting alternative, but fur-
ther studies are required to investigate its behaviour under abnormal flow
conditions.
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Abstract

(PURPOSE) Different pharmacokinetic methods for [18F ]FDDNP studies
were evaluated using both simulations and clinical data.
(PROCEDURES) Methods included two-tissue reversible plasma (2T4k),
simplified reference tissue input (SRTM), and a modified 2T4k models.
The latter included an additional compartment for metabolites (2T1M).
For plasma input models binding potential BPND was obtained both di-
rectly (=k3/k4) and indirectly (using volume of distribution ratios).
(RESULTS) For clinical data 2T1M was preferred over 2T4k according
to Akaike criterion. Indirect BPND using 2T1M correlated better with
SRTM then direct BPND . Fairly constant volume of distribution of
metabolites was found across brain and across subjects, which was strongly
related to bias in BPND obtained from SRTM as seen in simulations. Fur-
thermore, in simulations, SRTM showed constant bias with best precision
if metabolites entered brain.
(CONCLUSIONS) SRTM is the method of choice for quantitative analy-
sis of [18F ]FDDNP, even if it is unclear whether labelled metabolites enter
the brain.

5.1 Introduction

[18F ]FDDNP has recently been introduced [94] as a PET ligand for ’in
vivo’ for imaging of amyloid plaques and neurofibrillary tangles in the
human brain. Plaques and tangles are thought to be the hallmark of
Alzheimer’s disease (AD) [95] and early ’in vivo’ detection of these neuro-
pathological lesions could be an important step in evaluating future treat-
ment strategies for AD.
So far, only a few methods for quantification of [18F ]FDDNP have been

evaluated, such as residence time within a cerebral region relative to that
in pons [96], standardized uptake value (SUV ) [97], distribution volume
ratio (DV R) [97] obtained with Logan analysis [16] using cerebellum as
reference region and several simplified reference tissue based methods [98]
also using cerebellum as reference region. Using Logan analysis, Kepe et
al. [99] recently reported increased levels of [18F ]FDDNP binding in neo-
cortical regions compared with that in cerebellum in AD patients, whereas
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no difference in uptake between cerebellum and other regions was found
in healthy controls (HC). In addition, Small et al. [100] found that global
DV R values in HC were lower than in patients with mild cognitive im-
pairment (MCI), which in turn were lower than in AD subjects. However,
arterial sampling was not used in any of these studies. Arterial sampling
is considered to be the gold standard, especially if pathological changes
may also affect reference regions.
The purpose of the present study was to investigate which pharmacoki-

netic model could best be used for quantitative analysis of [18F ]FDDNP
studies. To this end both simulated and clinical [18F ]FDDNP data were
used. Data were analysed using various compartmental models based on
plasma [7] and reference tissue [8, 84, 9] input data. In addition, a plasma
input model was evaluated, which accounted for uptake of labelled metabo-
lites in the brain. Finally, standard uptake value ratios with cerebellum
(SUVr) were investigated.

5.2 Methods

5.2.1 Scanning protocol

Clinical data were derived from ongoing patient studies consisting of 12
subjects (6 HC, 3 MCI [101], and 3 AD) with ages ranging from 58 to
72 years. Mean age (±SD) was 66±5, 68±4 and 63±6 for HC, MCI and
AD, respectively. AD patients were diagnosed with probable AD meeting
NINCDS-ADRDA criteria.[102] The study was approved by the Medical
Ethics Committee of the VU University Medical Centre and each subject
gave written informed consent prior to inclusion in the study. Clinical
results are beyond the scope of the present study and will be reported
elsewhere.
As part of the study protocol, each subject first underwent a T1-weighted

MRI scan using a 1.5T SONATA scanner (Siemens Medical Solutions, Er-
langen, Germany). This MRI scan was performed to exclude anatomical
abnormalities and for co-registration and segmentation purposes.
PET studies were performed using an ECAT EXACT HR+ scanner

(CTI / Siemens, Knoxville, USA). The characteristics of this scanner have
been described previously.[86] First, a 10 minutes transmission scan in
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2D acquisition mode was performed. This scan was used to correct the
subsequent emission scan for tissue attenuation. Next, a dynamic emission
scan in 3D acquisition mode was performed following bolus injection of
168±8 MBq [18F ]FDDNP.[103] This dynamic emission scan consisted of
23 frames (1x15, 3x5, 3x10, 2x30, 3x60, 2x150, 2x300, 7x600 s) with a total
scan duration of 90 minutes. All frames were reconstructed using FORE
+ 2D filtered back projection [88] and a Hanning filter with a cut-off of
0.5 times the Nyquist frequency. Reconstructions included all standard
corrections, such as normalization, and decay, dead time, attenuation,
randoms and scatter [89] corrections.

The protocol also included continuous arterial sampling, starting 2 min
prior to injection and continuing up to 60 minutes, using a dedicated
on-line detection system.[37] In addition, at set times (5, 10, 20, 40, 60
min post injection), arterial sampling was interrupted briefly for the with-
drawal of discrete arterial samples. After each sample, the arterial line
was flushed with heparinised saline in order to avoid clotting within the
line. Finally, two manual samples were withdrawn at 75 and 90 minutes
post injection.

Arterial blood samples were used to determine plasma and whole blood
radioactivity concentrations using a well counter cross calibrated against
the PET scanner.[90] In addition, plasma parent tracer and metabolite
concentrations were determined using solid phase extraction combined
with HPLC technology and equipped with off-line radioactivity detection.[104]
An arterial whole blood curve was obtained by correcting the on-line sam-
pler curve for decay, removing the flushing periods, and calibrating against
the discrete (whole blood) sample data. Finally, a metabolite corrected
plasma curve was derived from this whole blood curve using both plasma
to whole blood ratios and metabolite fractions obtained from the manual
blood samples. To this end, the total fraction of labelled metabolites as
function of time was fitted to a Hill-type function.[105] This function pro-
vided more accurate fits than other functions such as multi-exponentials.
Arterial blood sampling was not available for 6 subjects (3 HC and 3 MCI).
Data from these subjects were only used for investigating reference tissue
models.
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5.2.2 Image analysis

De-skulled T1-weighted MRI scans [91] were co-registered [56, 57] with
a summed PET image (frames 3-12: 25 s – 5 min post injection). This
summed PET image resembles a flow image, thereby maximizing cortical
information. Time activity curves were then generated using MR-based
automatic delineation of regions of interest (ROI), as described by Svarer
et al..[92] For the purpose of the present study only TACs from 17 regions
(cerebellum, orbital frontal cortex, medial inferior frontal cortex, anterior
cingulate cortex, thalamus, insula, caudate, putamen, superior temporal
cortex, parietal cortex, medial inferior temporal cortex, superior frontal
cortex, occipital cortex, sensory motor cortex, posterior cingulate cortex,
enthorinal cortex, hippocampus), all averaged over left and right hemi-
spheres, were analysed. These anatomical regions were small and defined
in grey matter only, thereby minimizing signal dilution due to partial vol-
ume effects as much as possible.

5.2.3 Kinetic analyses of clinical data

Clinical data were analysed using conventional plasma input and refer-
ence tissue based algorithms.[7] As there is some concern that labelled
[18F ]FDDNP metabolites might cross the blood-brain barrier [18, 17], ad-
ditional analyses were performed using a plasma input model accounting
for metabolites entering the brain. In addition, average regional activity
concentration ratios with the reference region (SUVr) were derived over
the time intervals of 40-60, 60-90 and 80-90 minutes after injection. For
all reference tissue models and SUVr cerebellar grey matter was used as
reference region, based on its relatively low levels of amyloid and neurofib-
rillary tangles.[95]
Five different conventional compartmental models were evaluated: single-

tissue (1T2k), two-tissue irreversible (2T3k) and two-tissue reversible (2T4k)
plasma input models, and simplified (SRTM ; [9]) and full (FRTM ; [8,
84]) reference tissue models. Plasma input models contained one addi-
tional fit parameter for blood volume. The SRTM was used to estimate
binding potential directly (BPSRTMND ). The 2T4k plasma input model
was used to estimate binding potential both directly ( BP 2T4k

ND = k3/k4)
and indirectly using volume of distribution ratios ( BP 2T4ki

ND = DV R−1 =
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V target
T /V reference

T −1).[84] The latter approach will be indicated by 2T4ki.
Based on the possibility of metabolites entering the brain [18, 17], also

a modified 2T4k model was used. This model included an additional (par-
allel) single-tissue compartment for labelled metabolites (2T1M , Figure
5.1). The metabolite input curve was based only on polar metabolites and
ignoring the minor fraction of other metabolites. The direct binding poten-
tial (BP 2T1M

ND ) for this model was defined as k3/k4 (Figure 5.1), and the vol-
umes of distributions, VT and VTm , were defined as K1/k2 ∗

(
1 +BP 2T1M

ND

)
and K1m/k2m, respectively. Similar to 2T4ki, the binding potential was
also estimated indirectly using the volume of distribution ratios with the
cerebellum as reference region (BP 2T1Mi

ND ). All 2T1M fits were repeated,
after fixing VTm to the cerebellum value (=2T1Mfvtm). This model was
also used to estimate binding potential both directly (BP 2T1Mfvtm

ND ) and
indirectly using DVR-1 (BP 2T1Mfvtmi

ND ). The indirect methods for estimat-
ing BPND using 2T1M and 2T1Mfvtm will be indicated by 2T1M i and
2T1M i

fvtm, respectively.

5.2.4 Clinical studies

Clinical results were evaluated in several ways. First, for all compartmen-
tal models (SRTM , FRTM , 1T2k, 2T3k, 2T4k, 2T1M and 2T1Mfvtm),
fitted TACs were evaluated using the Akaike criterion. Next, where pos-
sible, BPND values were estimated both directly and indirectly using VT
ratios with cerebellum (i.e. 2T4ki, 2T1M i and 2T1M i

fvtm). In addition,
estimates of BPND were compared with BPSRTMND . Finally, SUVr − 1
values were estimated and compared with BPSRTMND , given that at true
equilibrium SUVr corresponds with DV R.

5.2.5 Simulation studies

Conventional simulations. Simulated time activity curves (TACs) for tar-
get and reference regions were generated using a typical [18F ]FDDNP
plasma input function in combination with the two-tissue reversible plasma
input model (2T4k). In the simulations variations in binding, delivery and
fractional blood volume were investigated.
Kinetic parameters were based on typical 2T4k parameters obtained
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5.2 Methods

Figure 5.1: Schematic diagram of the model that includes a tissue metabolite com-
partment. BBB represents the blood-brain-barrier; PParent and PMet are
tracer plasma radioactivity concentrations (Bq/ml) of parent and labelled
metabolites, respectively; T is the radioactivity concentration in tissue,
F + NSParent that of free and non-specifically bound parent in tissue,
SParent that of bound parent in tissue and F + NSMet that of labelled
metabolites in tissue (Bq/ml); K1 (ml ∗ cm−3min−1) and k2 (min−1) are
rate constants, describing exchange of parent between plasma and tissue;
k3 and k4 are rate constants (min−1), describing exchange of parent be-
tween free and bound compartments; K1m (ml ∗ cm−3min−1) and k2m

(min−1) are rate constants, describing exchange of labelled metabolites
between plasma and tissue.
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from clinical data. Default parameters for simulated reference and target
tissue TACs are given by R1 and T1, respectively, as listed in Table 5.1.
Target tissue parameters were varied with respect to binding potential
(BP 2T4k

ND and BP 2T4ki
ND : T2-T5), fractional blood volume (Vb: T6, T7) and

delivery (K1: T8-T15). 100 TACs were generated for each run and noise
was added to simulate an average noise level of 7.5% COV (coefficient of
variation). Noise simulation was based on clinically derived typical values
of total scanner true counts, frame lengths and decay correction factors.
A detailed description of the noise simulation used is given in [59].
Simulated data were analysed using conventional models as described

above (1T2k, 2T3k, 2T4k, SRTM , FRTM and 2T4ki) and SUVr meth-
ods over the time intervals 40-60, 60-90 and 80-90 minutes. Fits were
evaluated by comparing goodness of fit according to the Akaike crite-
rion. Next, models were evaluated by comparing bias and COV of esti-
mated binding potential (where appropriate also the indirect estimation
through volumes of distribution). Bias was estimated in relative terms
using 100

(
BPmodelND

BP simulatedND

− 1
)
, where BPmodelND represents BPND estimated

using the method of analysis under investigation, and BP simulatedND simu-
lated BPND, which was set to either BP 2T4k

ND or BP 2T4ki
ND for direct and

indirect methods, respectively.

5.2.6 Metabolite model

To simulate the effects of cerebral uptake of labelled metabolites, sim-
ulated TACs were generated using a typical [18F ]FDDNP plasma input
function in combination with the 2T1M model. Kinetic parameters were
based on typical 2T1M parameters obtained from clinical data. Default
parameters for simulated reference and target tissue TACs are given by
R1 and T1, respectively, as listed in Table 5.2. Target tissue parameters
were varied, including binding potential (BP 2T1M

ND and BP 2T1Mi
ND : T2-T9),

delivery of metabolites (K1m : T10-T13) and volume of distribution of
metabolites (VTm: T14-T21). 100 TACs were generated for each run and
noise was added to simulate an average noise level of 7.5% COV (coefficient
of variation), as described above.
Simulated data were analysed using 2T4k, 2T4ki, 2T1Mfvtm (i.e. 2T1M

with VTm fixed to the simulated value), 2T1M i
fvtm (i.e. indirect estimation
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Table 5.1: Kinetic parameters used to generate reference (R) and target (T) tis-
sue time activity curves (TAC). K1(ml ∗ cm−3min−1), k2(min−1) and
k3(min−1) are rate constants, Vb is fractional blood volume, VT is volume of
distribution, and BP 2T4k

ND and BP 2T4ki
ND are binding potentials estimated di-

rectly (2T4k) and indirectly (2T4ki) using the reversible two tissue model,
respectively. The indirect calculation of BPND was performed using target
to reference volumes of distribution ratios. During all simulations k4 (0.032
min−1) and K1/k2 (3.3) were fixed.

TAC K1 BP 2T4k
ND Vb VT BP 2T4ki

ND

R 1 0.35 1.63 0.050 8.7 –
T 1 0.35 2.3 0.050 11 0.25
T 2 0.35 1.7 0.050 8.9 0.03
T 3 0.35 2.0 0.050 9.9 0.14
T 4 0.35 2.6 0.050 12 0.37
T 5 0.35 2.9 0.050 13 0.48
T 6 0.35 2.3 0.025 11 0.25
T 7 0.35 2.3 0.075 11 0.25
T 8 0.21 2.3 0.050 11 0.25
T 9 0.25 2.3 0.050 11 0.25
T 10 0.28 2.3 0.050 11 0.25
T 11 0.32 2.3 0.050 11 0.25
T 12 0.39 2.3 0.050 11 0.25
T 13 0.43 2.3 0.050 11 0.25
T 14 0.46 2.3 0.050 11 0.25
T 15 0.50 2.3 0.050 11 0.25
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through volumes of distribution), and SRTM . Bias and COV of binding
potential obtained were compared between the various models. Bias for
direct and indirect 2T1M models was defined in a similar way as for the
standard models, i.e. using 100

(
BPmodelND

BP simulatedND

− 1
)
, where BPmodelND repre-

sents BPND estimated using the method of analysis under investigation,
and BP simulatedND simulated BPND, set to either BP 2T1M

ND or BP 2T1Mi
ND for

direct and indirect models, respectively.
In addition to BPND, in metabolite simulations, also VT values were

estimated using 2T4k and the 2T1Mfvtm models. Bias in estimated

VT for the 2T4k model was defined as 100
(

VmodelT

V total,simulatedT

− 1
)
, where

V total,simulated
T is K1/k2 ∗ (1 +BPND) + K1m/k2m. Bias in estimated VT for

the 2T1Mfvtm model was defined as 100
(

VmodelT

V simulatedT

− 1
)
, where V simulated

T

is K1/k2 ∗ (1 +BPND).

5.3 Results
5.3.1 Time activity curves
Typical parent [18F ]FDDNP and polar metabolite plasma curves are shown
in Figure 5.2a, and typical time activity curves for cerebellum and frontal
cortex in Figure 5.2b. The average (N=5) fractions of [18F ]-labelled
metabolites in plasma as function of time are shown in Figure 5.3, fitted
using a Hill type function. Very rapid metabolism of [18F ]FDDNP can be
seen, with metabolite related [18F ]-activity primarily due to polar metabo-
lites (Figure 5.3). The polar metabolites are composed of N-dealkylated
fragments with similar chromatogram retention times as primarily fluo-
roethanal and with a smaller fractions of fluoroacetic acids.[17]

5.3.2 Clinical studies
Figures 5.4 show typical fits using various compartmental models. In
general, poor fits were seen for the 1T2k model (Figure 5.4a). Metabo-
lite models showed slightly better fits (Figure 5.4b) than all conventional
models (Figure 5.4a). Good fits were seen for the reference tissue mod-
els (Figure 5.4c). Similarly, the Akaike criterion gave preference to 2T1M
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Table 5.2: Kinetic parameters used to generate reference (R) and target (T) tissue
time activity curves (TAC). A two-tissue reversible compartmental model
with an additional single-tissue compartment for metabolites was used.
K1(ml ∗ cm−3min−1), k2(min−1) and k3(min−1) are rate constants, Vb
is fractional blood volume, VT is volume of distribution for [18F ]FDDNP.
BP 2T1M

ND and BP 2T1Mi
ND are binding potentials estimated directly and in-

directly using the metabolite model, respectively. The indirect calculation
of BPND was performed using target to reference volumes of distribution
ratios. K1m (ml ∗ cm−3min−1) is a rate constant and VTm the volume of
distribution for the metabolites. During all simulations k4 (0.099 min−1)
and K1/k2 (2.4) were fixed, and same the K1m and k2m were used in refer-
ence and target tissues.

TAC K1 BP 2T1M
ND Vb VT BP 2T1Mi

ND K1m VTm

R 1 0.34 0.65 0.05 4 – – –
T 1 0.34 1.3 0.05 5.59 0.39 0.50 0.59
T 2 0.34 0.8 0.05 4.37 0.09 0.50 0.6
T 3 0.34 1.0 0.05 4.86 0.21 0.50 0.6
T 4 0.34 1.2 0.05 5.34 0.33 0.50 0.6
T 5 0.34 1.4 0.05 5.83 0.45 0.50 0.6
T 6 0.34 1.6 0.05 6.31 0.58 0.50 0.6
T 7 0.34 1.8 0.05 6.80 0.70 0.50 0.6
T 8 0.34 2.1 0.05 7.53 0.88 0.50 0.6
T 9 0.34 2.3 0.05 8.01 1.00 0.50 0.6
T 10 0.34 1.3 0.05 5.59 0.39 0.00 0.6
T 11 0.34 1.3 0.05 5.59 0.39 0.01 0.6
T 12 0.34 1.3 0.05 5.59 0.39 0.03 0.6
T 13 0.34 1.3 0.05 5.59 0.39 0.05 0.6
T 14 0.34 1.3 0.05 5.59 0.39 0.50 0.1
T 15 0.34 1.3 0.05 5.59 0.39 0.50 0.2
T 16 0.34 1.3 0.05 5.59 0.39 0.50 0.3
T 17 0.34 1.3 0.05 5.59 0.39 0.50 0.4
T 18 0.34 1.3 0.05 5.59 0.39 0.50 0.5
T 19 0.34 1.3 0.05 5.59 0.39 0.50 0.7
T 20 0.34 1.3 0.05 5.59 0.39 0.50 0.8
T 21 0.34 1.3 0.05 5.59 0.39 0.50 0.9
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(a) (b)

Figure 5.2: Typical [18F ]FDDNP decay corrected time activity curves from an AD
subject for (5.2a) metabolite corrected parent compound and polar
metabolites in plasma, and (5.2b) cerebellum and frontal cortex (ctx)
grey matter.
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Figure 5.3: Fraction of [18F ]-labelled polar metabolites (dark dashed line) and par-
ent compound (dark line) in plasma as function of time, averaged over 7
subjects, together with standard deviations (dashed light grey lines at one
SD from average).

models above other plasma input models (2T1Mfvtm 37.3%, 2T1M 31.7%,
2T4k 26.2%, 2T3k 4.8% and 1T2k 0% preference, respectively). With re-
spect to reference tissue models, the Akaike criterion had strong preference
for SRTM (88%).
Average values of the various parameters, together with observed range,

for 2T4k, 2T1M and SRTM models are given in Table 5.3 for typical
AD regions, i.e. for regions previously shown to be involved in AD[100].
These regions were used in order to accurately estimate typical kinetic
parameters for AD subjects, as the latter parameter estimates were used
in the simulations.
Figure 5.5 shows high correlation (R2=0.95) between K1m and k2m val-

ues from the 2T1M model over all regions and subjects, indicating an
almost constant VT for metabolites. Table 5.4 shows correlation coeffi-
cients obtained from linear regression analyses of various outcome mea-
sures with BPSRTMND . As expected, high correlation was found between
BPND estimates of SRTM and FRTM (R2=0.99). In addition, good
correlation was obtained for SUVr over 40-60 minutes (R2=0.93). Note
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that the 2T1M i models, i.e. including a compartment for metabolites
entering the brain, correlated better with SRTM than the conventional
2T4ki model (Table 5.4 and Figure 5.6)

5.3.3 Simulations Studies

Conventional simulations

In general, SRTM produced better fits than FRTM according to the
Akaike criterion (~85% preference). According to the same criterion, 2T4k
showed better fits than both 1T2k and 2T3k in all simulations (~96%
preference). At lower K1 values, however, preference for 2T4k reduced in
favour of 2T3k (max. 33% preference for 2T3k). Visual inspection showed
poor fits for the 1T2k model, similar to what was seen in clinical fits, and
therefore it was excluded from further evaluation.
When simulating different levels of binding the 2T4k model (direct es-

timation of BPND) showed good overall accuracy (5% bias BPND), but
mediocre precision (24% COV BPND). Results for reference tissue based
models, including SUVr, are summarized in table 5.5. In general, all refer-
ence tissue based methods showed increased bias at lower levels of binding,
but results were more stable at higher levels. Therefore, bias estimates
were averaged only over the stable part, i.e. for BP 2T4ki

ND > 0.14. In con-
trast, absolute differences with simulated BP 2T4ki

ND values were more sta-
ble and are shown over the full range of simulated BP 2T4ki

ND values (Table
5.5). Average bias (Table 5.5) over the stable range of BP 2T4ki

ND (> 0.14)
was lowest for indirect 2T4k (2T4ki). 2T4ki and SRTM both showed
relatively constant bias and high precision for higher simulated BPND
levels. Finally, best accuracy and precision for SUVr was obtained with
SUVr40−60.
All models were less sensitive to changes in Vb. At a fixed level of binding

(BPND=2.3, BP 2T4ki
ND =0.25), variations in derived BPND due to changes

in simulated Vb were smaller than 5% for all compartmental models. For
SUVr methods bias (±COV ) in approximated BPND (i.e. SUVr − 1)
depended on the actual time interval used and changed from 21±16%
to 10±18%, from 30±22% to 28±21% and from 31±41% to 34±45% for
SUVr40−60, SUVr60−90 and SUVr80−90, respectively, when varying Vb of
the target region from 0.025 to 0.075.
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(a)

(b) (c)

Figure 5.4: Decay corrected frontal cortex grey matter time activity curve from an
AD subject (= data) with fits using (5.4a) conventional plasma input,
(5.4b) metabolite and (5.4c) reference tissue models.
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Figure 5.5: Correlation between metabolite influx (K1m) and efflux (k2m ) rate con-
stants for clinical [18F ]FDDNP data from several regions of interests and
subjects. These rate constants were obtained using a modified two-tissue
reversible model, including an additional single-tissue compartment for
metabolites.

Table 5.4: Outcome parameters (slope, intercept and Pearson product moment cor-
relation coefficient R2) for linear regression of different models versus
BPSRTMND . In case of SUVr methods, SUVr − 1 was taken as an estimate
of BPND. NA indicates poor correlation, i.e. R2<0.10.

Model Slope Intercept R2

FRTM 0.97 0.01 0.99
2T4k -4.11 2.21 0.15
2T4ki NA NA NA
2T1M NA NA NA
2T1M i 2.66 -0.11 0.68

2T1Mfvtm NA NA NA
2T1M i

fvtm 2.59 -0.09 0.58
SUVr40−60 1.14 0.03 0.93
SUVr60−90 0.64 0.06 0.69
SUVr80−90 0.46 0.06 0.43
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Figure 5.6: Correlation of BPND from 2T1M i
fvtmand 2T4ki, respectively, with

BPSRTMND for clinical [18F ]FDDNP data obtained from several regions of
interest and subjects. 2T4ki represents the reversible two-tissue plasma in-
put model and 2T1M i

fvtm the modified reversible two-tissue model, which
includes an additional parallel single-tissue compartment for metabolites.
For both models BPND was estimated indirectly through calculation of
distribution volume ratios.
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Table 5.5: Average bias and absolute difference (diff.) with simulated BPND over a
range of simulated BP 2T4ki

ND for various reference tissue models. In addition,
corresponding SD are given. In case of SUVr methods, SUVr−1 was taken
as an estimate of BPND. For bias the range was set from 0.25 to 0.48, due
to the large relative biases at lower specific binding. For absolute difference
the range was set from 0.03 to 0.48.
Model Bias (%) SD in bias (%) Diff. SD in diff.

2T4ki 1 17 0.041 0.033
SRTM -12 16 0.053 0.062
FRTM -13 23 0.094 0.175
SUVr40−60 -1 14 0.034 0.026
SUVr60−90 16 15 0.054 0.037
SUVr80−90 22 33 0.095 0.072

Delivery differences affected all compartmental methods, including plasma
input models. For the direct 2T4k model bias in BPND varied from 10
to -2%, when varying K1 of the target region from 0.212 to 0.496. Re-
sults for indirect 2T4k and SRTM are shown in Figure 5.7. Results from
FRTM are not included, as BPND bias was as high as 250%. Bias in
BPND (±COV ), based on SUVr − 1, ranged from -27±18% to 3±17%,
from 25±20% to -3±18% and from 48±36% to -7±39% for SUVr40−60,
SUVr60−90 and SUVr80−90, respectively, when varying K1 of the target
region from 0.212 to 0.496.

Metabolite simulations

Metabolite simulations were limited to 2T4k, 2T1Mfvtm and SRTM .
SRTM provided the most precise estimation of BPND over the range
of simulated K1m with a COV of 4.0±0.4%. Although there was a strong
negative bias (-42±7%) for SRTM , it was very constant (Figure 5.8a).
2T1M i

fvtm provided a more accurate estimate of BPND (5±7% bias), but
precision (COV of 37±20%) was much poorer than for SRTM (Figure
5.8a). 2T1Mfvtm, 2T4k and 2T4ki provided lower precision and higher
bias in estimated BPND over the range of simulated K1m (Figures 5.8b
and 5.8c. However, VT estimates with the 2T1Mfvtm model were much

105



5 Quantification of [18F ]FDDNP studies

Figure 5.7: Bias of BPND for different compartment models for simulated
[18F ]FDDNP data (obtained using 2T4k) as function of variable target
influx rates (K1 Target). Error bars represent SD in bias. K1 in reference
region was fixed to 0.35, and K1/k2 was fixed to 3.3 for both target and
reference regions. 2T4ki and SRTM represent indirect (using volumes of
distribution) two-tissue reversible and simplified reference tissue models,
respectively.
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more accurate and had higher precision (Figure 5.8c).
Simulations over a range of different binding levels showed strong neg-

ative bias (-46±4% with COV of 7±6%) for SRTM , but again resulting
BPND estimates were the most stable amongst all models tested (Fig-
ure 5.9a). Similarly, most accurate results were obtained with indirect
2T1Mfvtm (Figure 5.9a). Precision of both SRTM and 2T1M i

fvtm im-
proved with increasing BPND. BPND estimates obtained with 2T1Mfvtm,
2T4k and 2T4ki were not precise and strongly biased (Figure 5.9). Finally,
Figure 5.10a shows nearly linearly increasing (negative) bias in BPND ob-
tained with SRTM for increasing VTm. In contrast, Figure 5.10b illus-
trates that this bias was independent of K1m for K1m>0.1.

5.4 Discussion

5.4.1 Clinical studies

Due to rapid plasma clearance and metabolism [18F ]FDDNP scans it
proved to be difficult to obtain reliable measurements of metabolite frac-
tions at later time points. As a result, only incomplete plasma data were
available for 6 of the subjects and data from these subjects were only used
for evaluation of reference tissue models. Although only 6 subjects with
complete plasma input data remained, this seems to be sufficient for this
initial evaluation of quantitative (plasma input) models. Clearly, how-
ever, the difficulties in obtaining reliable plasma metabolite data should
be taken into account when selecting a method for routine clinical studies.
Clinical [18F ]FDDNP data were analysed using conventional models,

models correcting for possible metabolites entering the brain, and activity
ratios. Clearly, due to the very nature of clinical data, absolute statements
about accuracy and precision cannot be given. Therefore, the various
methods were compared using the Akaike criterion. In addition, resulting
BPND values were compared with SRTM , as this model showed stable
results during simulations.
On the basis of the Akaike criterion plasma input models with a com-

partment for metabolites were preferred over conventional plasma input
models, and SRTM was preferred over FRTM . Good correlations with
SRTM were obtained only for FRTM , SUVr40−60, and plasma input
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(a)

(b) (c)

Figure 5.8: Bias of (5.8a) indirect and reference tissue model BPND, (5.8b) direct
BPND, and (5.8c) VT estimates from different compartment models. Error
bars represent SD in bias. Simulated [18F ]FDDNP data were generated
using the metabolite plasma input model (2T1M) with variable metabolite
influx rates (K1m ).
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(a) (b)

Figure 5.9: Bias of (5.9a) indirect (and reference tissue) and (5.9b) direct BPND es-
timates from different compartment models for simulated [18F ]FDDNP
data generated using the metabolite plasma input model (2T1M) with
various target tissue binding potentials. Error bars represent SD in bias.
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(a) (b)

Figure 5.10: Bias of BPND estimated with the simplified reference tissue model
(SRTM) for simulated [18F ]FDDNP data generated using the metabo-
lite plasma input model (2T1M) as function of (5.10a) various VTm
values and (5.10b) various metabolite influx rates (K1m ). Error bars
represent SD in bias.
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models that included a compartment for metabolites entering the brain,
such as 2T1M i and 2T1M i

fvtm (Figure 5.6). For most other methods
correlations with SRTM were poor (R2<0.1).
Specifically, in case of the metabolite models, somewhat large values

were seen for the micro parameters K1m and k2m (Figure 5.5). However,
the majority of observed K1m values are below 0.5 (many overlapping data
at lower K1m) and K1m and k2m are well correlated. The higher K1m and
k2m values are possibly the result of noise, as the higher values forK1m and
k2m were generally seen for the smallest ROIs used. Moreover, the relative
slow in-grow of metabolites, i.e. the metabolite input function shows a
slow increase rather than a sharp peak, makes estimation of individual
micro-parameters less precise. Note, however, that the macro-parameter
VTm is reasonably stable across anatomical regions and subjects.
Observed improvements in fits and correlations for models that incor-

porate a labelled metabolite compartment, together with the reasonably
constant VTm, suggest that metabolites enter the brain. This is in line
with a previous assessment using multi-input spectral analysis [18] and
initial animal studies where labelled metabolites of [18F ]FDDNP were
injected.[17] Additional studies are, however, needed to confirm whether
this is indeed the case.

5.4.2 Simulation studies
The standard 2T4k plasma input model was not a good model for esti-
mating the level of specific [18F ]FDDNP binding directly (i.e. as defined
by k3/k4). Firstly, although BPND bias calculated relative to total binding
potential showed good accuracy, it only had mediocre precision. Secondly,
at lower regional delivery (=K1 ) levels, its bias was sensitive to the actual
value of K1 . This increased sensitivity to K1 is related to the kinetics
of [18F ]FDDNP, which for a normal level of binding in regions with low
delivery are relatively slow. Under those conditions, within the time frame
of a scan, tracer kinetics are best described by an irreversible compart-
ment model, which is illustrated by the increased preference for the 2T3k
model according to the Akaike criterion.
The 2T1Mfvtm model did not provide accurate estimates of (direct)

BPND in the metabolite simulations (Figures 5.8b and 5.9b). Although,
data were simulated using the same model, BPND was very sensitive to
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noise, as a result of the large number of fit parameters. However, VT
estimates obtained with the 2T1Mfvtm model were less sensitive to noise
and provided highly accurate and precise VT values (Figure 5.8c).
For plasma input models, more accurate and precise results were ob-

tained with indirect estimates of BPND (2T4ki and 2T1M i
fvtm) than

with their direct counterparts (2T4k and 2T1Mfvtm), especially in case
of metabolite simulations. In most cases these indirect methods showed
lower bias than BPSRTMND . This higher accuracy of 2T4ki (in conventional
simulations) and 2T1M i

fvtm (in metabolite simulations) was, however, ac-
companied with lower precision compared with BPSRTMND .
SRTM was better than FRTM , both in terms of bias and COV . In

addition, in the majority of the simulations, it was preferred by the Akaike
criterion. SRTM results were comparable in conventional and metabolite
simulations. If no metabolites entered the brain, SRTM derived BPND
showed a constant negative bias, although it was affected by changes in
delivery. On the other hand, when polar metabolites entered the brain,
SRTM showed increasing negative bias with increasing VTm. However,
clinical data showed an overall constant VTm (Figure 5.5). This indicates
that variable bias in SRTM derived BPND due to variability in VTm
will be limited. Simulations showed that, for VTm fixed to the clinical
estimated value (VTm =0.6), this bias also was not sensitive to metabo-
lite influx (Figure 5.10b, K1m >0.01, BPND bias ~-46%). Furthermore,
the bias found in these simulations could be related to the slope between
BPSRTMND versus BP 2T1Mfvtmi

ND (slope=2.59, Table 5.4; 100%*(1/2.59) =
39%) for the clinical studies, indicating a relatively constant metabolite
contribution in practice. Thus SRTM seems to be a useful method, irre-
spective whether labelled metabolites enter the brain, provided that VTm
is relatively constant across the brain and between subjects, as actually
suggested by the clinical results.
Among SUVr methods, over the range of simulated binding levels, only

SUVr40-60 showed acceptable results, with much better accuracy (-1%)
than SRTM (-12%). However, apart from a strong dependency on varia-
tions in delivery, SUVr results were also highly dependent on differences
in blood volume fractions with only an acceptable accuracy for a specific
time interval (SUVr60−90). In general, SUVr results varied widely be-
tween different time intervals which, together with the large uncertainties,
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indicates that this might not be the ideal method for clinical studies.
In general, SRTM showed best overall performance, although it showed

some sensitivity to regional flow/delivery differences. As expected, SRTM ,
like all other reference tissue based models, showed larger biases at lower
regional binding levels. Important advantages of SRTM were its overall
high precision and a relatively constant bias in BPND, even in the pres-
ence of labelled metabolites. Although this bias was dependent on the
actual value of VTm, clinical data indicated that this was constant across
the brain and among subjects.

5.4.3 General considerations

Amyloid plaques (and neurofibrillary tangles) do not behave like neurore-
ceptors. They have complex structures with multiple affinity sites for
[18F ]FDDNP. In addition, it is likely that access to amyloid sites will be-
come more difficult with increasing plaque size.[106] Consequently, use of
receptor-ligand models to assess amyloid load might provide an increasing
underestimation with increasing load. In addition, quantification might be
compromised by the possibility of labelled metabolites entering the brain,
especially since the fraction of labelled (polar) metabolites in blood is high
due to rapid metabolism of [18F ]FDDNP.
Nevertheless, [18F ]FDDNP may still be of value if a difference between

MCI and healthy controls can be demonstrated, and it might be used to
study pathological effects as a function of disease severity/progression.[100]
In addition, at early stages, a stable receptor-ligand model is likely to
provide a reasonable quantitative estimate of the pathological changes as-
sociated with AD and could therefore be an important tool in evaluating
effects of therapy. Clearly, given its relatively small specific signal, the
value of [18F ]FDDNP can only be determined by large comparative clin-
ical studies, such as the one by Small and collaborators.[100] From the
present study it follows that such a comparison should preferably be per-
formed using SRTM as method of analysis, as it showed high precision
and constant bias across the brain and among subjects even when metabo-
lites enter the brain.
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5.5 Conclusion
SRTM outperformed other models, providing BPND estimates with high
precision. As clinical data indicated that the volume of distribution of la-
belled metabolites VTm was constant across the brain and among subjects,
bias in SRTM derived BPND will be constant and predictable. The main
potential drawback is its sensitivity to variations in regional K1, although
this did not appear to be a problem in the clinical studies.
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Abstract

The purpose of the present study was to evaluate the performance of
various parametric reference tissue models for quantification of [11C]PIB
studies. Several models with and without fixing the reference tissue ef-
flux rate constant (k′2) were investigated using both simulations and clin-
ical data. The following parametric methods were evaluated: receptor
parametric mapping (basis function implementation of the simplified ref-
erence tissue model with and without fixed k′2), reference Logan, and sev-
eral multi-linear reference tissue methods (again with and without fixed
k
′
2). In addition, standardised uptake value ratios with cerebellum (SUVr)

were evaluated. Simulations were used to assess the effects of variation
in flow (R1), fractional blood volume (Vb) and binding potential (BPND)
itself on precision and accuracy of parametric BPND. For clinical studies,
most parametric methods showed comparable performance, with poorest
results for SUVr. Best performance was obtained for receptor paramet-
ric mapping (RPM2) and one of the multi-linear reference tissue models
(MRTM2), both with fixed k′2: BPND outcome was less affected by noise
and the images showed better contrast than other tested methods. RPM2
and MRTM2 also provided best accuracy and precision in the simulation
studies and are therefore the methods of choice for parametric analysis of
clinical [11C]PIB studies.

6.1 Introduction

N-methyl[11C]2-(4’-methylaminophenyl)-6-hydroxy-benzothiazole ([11C]PIB)
is a ligand for in-vivo imaging of amyloid plaques in the human brain using
positron emission tomography (PET). Presence of these amyloid plaques
is a key feature of Alzheimer’s disease (AD, [95])and their detection may
potentially allow for early diagnosis of AD.
To date, several [11C]PIB studies have been published, in which various

kinetic models have been evaluated. Initially, standardized uptake values
(SUV ) were used to quantify PIB uptake.[107] Later, a more extensive
study was performed by Price et al. [108], evaluating SUV , SUV nor-
malized to SUV of cerebellum (SUVr), spectral analysis, compartmental
models with plasma input, Logan with arterial input, and Ichise multi-
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linear analysis. Next, Lopresti et al. [109] evaluated simplified reference
tissue model (SRTM, [9]), SUVr, invasive Logan with arterial sampling,
Logan using a population averaged arterial input and reference Logan
using cerebellum as reference region. Next, Ziolko et al. [110] evaluated
different statistical methods for analysing reference Logan data (with cere-
bellum as reference region). The main conclusion from the studies listed
above was that Logan with arterial input was the most reliable method,
followed by SRTM and Logan using a population averaged arterial in-
put. In all these studies the distribution volume ratio (DV R) was the
parameter of interest. DV R was calculated either by estimating the dis-
tribution volume (VT ) (for nomenclature see [46]) ratio with that of the
reference region (cerebellum) or by adding one to the binding potential
(i.e. DV R = BPND + 1). Finally, in a recent study, Zhou et al. [111]
showed that improvements in SRTM fits can be made by using addi-
tional parameter coupling at a region of interest level or by constraining
at a pixel level. Clinical [11C]PIB studies may benefit of such improved
quantification methods with higher accuracy and precision for quantifying
amyloid binding.
The aim of the present study was to further investigate the performance

of various reference tissue based parametric methods, including those in
which the reference tissue efflux rate constant (k′2) is fixed to improve
quantification, the latter in line with findings from Zhou et al..[111] The
performances of these parametric methods were compared using clinical
data from healthy controls, and AD patients (probable AD, NINCDS-
ADRDA criteria [102]). In addition simulations were performed using
clinically derived kinetic parameters. The purpose of these simulation
studies was to assess the effects of blood volume and flow differences, and
importance of noise on accuracy and precision of the binding potentials of
the various parametric methods.

6.2 Methods

6.2.1 Scanning protocol

Clinical data were obtained from ongoing patient studies, which had been
approved by the Medical Ethics Committee of VU University Medical

117



6 Simplified parametric methods for [11C]PIB

Centre, and consisted of 11 subjects (6 healthy controls, and 5 AD) with
age ranging from 60 to 72 years (average 64±5). Each subject gave written
informed consent prior to inclusion in the study protocol. Clinical results
are beyond the scope of the present study and will be reported elsewhere.
As part of the study protocol, each subject first underwent a T1-weighted

MRI scan using a 1.5T SONATA scanner (Siemens Medical Solutions, Er-
langen, Germany). This MRI scan was performed to exclude anatomical
abnormalities and for co-registration and segmentation purposes.
Test-retest PET studies, with two scans on one day, were performed

using an ECAT EXACT HR+ scanner (CTI / Siemens, Knoxville, USA).
The characteristics of this scanner have been described previously.[85, 86]
For each scan, first, a 10 min transmission scan in 2D acquisition mode
was performed, which was used to correct the subsequent emission scan for
tissue attenuation. Next, a dynamic emission scan in 3D acquisition mode
was performed following bolus injection of 370 MBq [11C]PIB. The dy-
namic emission scans consisted of 23 frames (1x15, 3x5, 3x10, 2x30, 3x60,
2x150, 2x300, 7x600 s) with a total scan duration of 90 minutes. These
frames were reconstructed using FORE + 2D filtered back projection [88]
and a Hanning filter with a cut-off of 0.5 times the Nyquist frequency.
Reconstructions included all usual corrections, such as normalization, and
decay, dead time, attenuation, randoms and scatter [89] corrections.
The protocol also included continuous arterial sampling, starting 2 min

prior to injection and continuing up to 60 min of the emission scan, using a
dedicated on-line detection system.[37] In addition, at set times (5, 10, 20,
40, 60) minutes post injection, arterial sampling was interrupted briefly
for the withdrawal of discrete arterial samples. After each sample, the
arterial line was flushed with heparinised saline in order to avoid clotting
of blood. In addition, two manual samples were withdrawn at 75 and
90 minutes post injection. An arterial whole blood curve was obtained
by correcting the on-line sampler curve for decay, removing the flushing
periods, and finally calibrating against the discrete blood sample data,
measured in a cross-calibrated well counter.[90] Next, plasma to whole
blood ratios and metabolite fractions obtained from the blood samples
were fitted using a multi-exponential and a Hill-type function, respectively.
Finally, a metabolite corrected plasma curve was derived from the whole
blood curve using the fitted plasma to whole blood ratios and metabolite
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fractions.[38] Arterial blood sampling failed in 5 subjects (2 controls and 3
AD) due to technical problems. Data from these subjects were only used
for investigating various reference tissue parametric methods.

6.2.2 Image analysis

The de-sculled T1-weighted MRI scans [91] were co-registered [56, 57] with
a summed PET image (frames 3-12: 25 s – 5 min post injection). This
summed image resembles a flow image, thereby maximizing cortical infor-
mation. Regions of interest (ROIs) were defined using an MRI template
based procedure.[92] For the purpose of the present study only grey mat-
ter ROIs from 18 regions (all averaged over left and right hemispheres:
cerebellum, orbital frontal cortex, medial inferior frontal cortex, anterior
cingulate cortex, thalamus, insula, caudate, putamen, superior temporal
cortex, parietal cortex, medial inferior temporal cortex, superior frontal
cortex, occipital cortex, sensory motor cortex, posterior cingulate cortex,
enthorinal cortex, hippocampus; [92]) were analysed.

6.2.3 Kinetic analysis of clinical data

Clinical data were analysed on a pixel-by-pixel level using reference para-
metric mapping [10, 112], reference Logan [16] and several multi-linear
reference tissue models [14]. Grey matter of cerebellum was used as refer-
ence tissue because of its low levels of fibrillar amyloid [108]. Short algo-
rithm descriptions of the various models, together with optimal settings
for [11C]PIB, are given in appendix 10.3. In brief, RPM1 and RPM2
are implementations of SRTM [9] and SRTM2 [112], respectively, us-
ing the basis function approach, thereby improving speed and avoiding
convergence problems. Reference Logan is based on integration of the
differential equations of the two-tissue compartment model together with
an appropriate reference region. MRTMo to MRTM4 are variations of
the multi-linear reference tissue model, originally proposed by Ichise et
al. [14], in which the solution is obtained by multi-linear least squares.
RPM1, Reference Logan, MRTMo and MRTM are all fitted in a sin-
gle run, whereas RPM2, MRTM2, MRTM3 and MRTM4 are fitted
using two consecutive runs. In the latter methods, in the first run a corre-
sponding method (RPM1, MRTM , MRTMo and MRTM for RPM2,

119



6 Simplified parametric methods for [11C]PIB

MRTM2, MRTM3 and MRTM4, respectively) is used to obtain an av-
erage or median estimate of the reference tissue efflux rate constant, k′2,
which subsequently is fixed in the second run to reduce quantification
errors due to noise.
By defining regions of interest on the parametric images, regionally av-

eraged BPND values were obtained for comparison with both SRTM and
the two-tissue reversible plasma input model (2T4k) [7]. Using standard
non-linear regression techniques, the latter two models (2T4k and SRTM)
were only applied to regionally averaged TACs. In the present study
SRTM and 2T4k were primarily used for evaluating parametric meth-
ods and for estimating average kinetic parameters needed for the simu-
lations. Using the 2T4k model, BPND can be estimated both directly
and indirectly. In case of direct estimation BPND is obtained as the k3/k4

ratio of the target region. For the indirect approach VT estimates (using
2T4k) of both target and reference regions are used to calculate BPND
as DV R − 1 [84]. Data were fitted using an optimised non-linear least-
squares procedure.[59] According to this procedure, parameter boundaries
(Table 6.1) were estimated using several runs, each TAC was refitted mul-
tiple times using different starting parameters and the fit was visually
inspected afterwards. Although binding cannot be negative, the lower
limit of BPSRTMND was set to a negative value (Table 6.1) to avoid noise
induced positive bias in case of (normal) negligible binding.
Finally, the use of standardised uptake value (SUV ) ratios (SUVr, tar-

get to grey matter cerebellum SUV ratio over 40-60, 60-90 and 80-90 min)
was investigated.

6.2.4 Clinical evaluations

To check whether a reference tissue approach is valid at all, SRTM derived
BPND (BPSRTMND ) for clinical data was compared with BPND obtained
indirectly (through VT ) from the two tissue compartment plasma input
model (BP 2T4k

ND = DV R − 1). The 2T4k model was also used to derive
clinically relevant kinetic parameters to be used in the simulations.
Several approaches were used to assess the parametric reference tis-

sue methods for clinical data. First, average ROI values of the various
parametric BPND were compared with both BPSRTMND and BP 2T4k

ND . In
addition, SUVr − 1 values were compared with BPSRTMND and BP 2T4k

ND .
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Table 6.1: Parameter boundaries used during non-linear regression analysis. K1

(ml ∗ cm−3min−1), k2(min−1) and k3(min−1) are rate constants, Vb the
fractional blood volume, and R1 is the K1 ratio with the reference tissue.
BP 2T4k

ND and BPSRTMND are binding potentials estimated using the two tissue
reversible plasma input model (2T4k) and the simplified reference tissue
model (SRTM), respectively.

Kinetic 2T4k SRTM

Parameter lower bound Upper bound lower bound Upper bound

K1 0.01 1.6 – –
k2 0.02 1.6 0.006 Infinite
k3 0.005 1.5 – –
BP 2T4k

ND 0.001 15 – –
Vb 0 1 – –
R1 – – 0.4 2.3
BPSRTMND – – -0.5 9

Next, reproducibility of the outcome measure for each method was as-
sessed by estimating relative test-retest variability. This was quantified as
100% ∗ ABS(T−R)

1
2ABS(T+R) , where T and R are estimates of apparent BPND or

DV R for test and retest scans, respectively, and ABS represents absolute
value. Variability in BPND was also calculated in absolute terms, i.e. as
ABS (T −R). The latter analysis was performed because for very low
binding levels even minor absolute differences can result in large relative
differences. Finally, for parametric methods, the effects of a shorter scan
time (60 min) on BPND were assessed.

6.2.5 Simulations

Simulated time activity curves (TACs) for target and reference regions
were generated using a typical [11C]PIB plasma input curve in combina-
tion with a two-tissue reversible plasma input model. In the simulations
variations in binding, delivery and fractional blood volume were investi-
gated.
Kinetic parameters for simulation were derived from clinical data (Ta-

ble 6.2). The default parameters used in the simulations were those given
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for reference tissue 1 and target tissue 1 in Table 6.3. First, only default
reference tissue parameters (Table 6.3, reference tissue 1) were used, and
target tissue parameters for binding potential (target tissues 1-4), frac-
tional blood volume Vb (target tissues 1, 5 & 6) and delivery K1 (target
tissues 1, 7-10) were varied. Then, to assess global changes in fractional
blood volume and delivery, also corresponding reference tissue parameters
were varied (reference tissues 1-7) with each parameter being varied to
the same degree for both target and reference regions. 400 TACs were
generated for each run and each run was repeated at different noise levels
ranging from 0 to 27% COV (coefficient of variation), with increments
of 3%. Noise simulation was based on total scanner true counts, frame
lengths and decay correction factors.[59]
Simulated data were analysed using the various parametric methods. In

addition, for comparison, corresponding TACs without noise were anal-
ysed using SRTM and the optimised non-linear least-squares procedure
mentioned above.
First, bias in BPSRTMND was determined as 100%∗

(
BPSRTMND

BP 1T2ki
ND

− 1
)
, where

BP 1T2ki
ND is the simulated BPND and the fitted value according to SRTM .

Next, accuracy and precision of apparent BPND for each parametric me-
thod were evaluated for all simulated parameter sets and noise levels. Bias
(accuracy) was defined as 100% ∗

(
BP ∗ND

BPSRTMND

− 1
)
, where BP ∗ND is the ap-

parent BPND from a parametric method and BPSRTMND the corresponding
SRTM value for the same TAC without noise. For the simulations, the
coefficient of variation (COV ) was defined as the standard deviation of
the average bias (n=400).

6.3 Results
6.3.1 Clinical studies
Time activity curves

Typical [11C]PIB TACs for both cerebellum and frontal cortex are shown
in Figure 6.1a, together with the metabolite corrected plasma curve. The
average fraction of [11C]-labelled plasma metabolites as function of time
is shown in Figure 6.1b.
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Table 6.3: Kinetic parameters used in simulations to generate reference and target
tissue time activity curves. K1, k2 and k3 are rate constants, Vb fractional
blood volume, and VT volume of distribution. BP 2T4k

ND and BP 2T4ki
ND are

binding potentials estimated directly and indirectly using two tissue re-
versible plasma input model, respectively. During all simulations k4 (0.015
min−1) and K1/k2 ratio (2) were kept constant.

TAC K1 k2 k3 BP 2T4k
ND Vb VT BP 2T4ki

ND

Reference tissue 1 0.270 0.135 0.010 1.00 0.050 4 –
Reference tissue 2 0.270 0.135 0.010 1.00 0.025 4 –
Reference tissue 3 0.270 0.135 0.010 1.00 0.075 4 –
Reference tissue 4 0.162 0.081 0.010 1.00 0.050 4 –
Reference tissue 5 0.216 0.108 0.010 1.00 0.050 4 –
Reference tissue 6 0.324 0.162 0.010 1.00 0.050 4 –
Reference tissue 7 0.378 0.189 0.010 1.00 0.050 4 –
Target tissue 1 0.270 0.135 0.030 2.00 0.050 6.0 0.5
Target tissue 2 0.270 0.135 0.018 1.20 0.050 4.4 0.1
Target tissue 3 0.270 0.135 0.023 1.50 0.050 5.0 0.25
Target tissue 4 0.270 0.135 0.045 3.00 0.050 8.0 1.0
Target tissue 5 0.270 0.135 0.030 2.00 0.025 6.0 0.5
Target tissue 6 0.270 0.135 0.030 2.00 0.075 6.0 0.5
Target tissue 7 0.162 0.081 0.030 2.00 0.050 6.0 0.5
Target tissue 8 0.216 0.108 0.030 2.00 0.050 6.0 0.5
Target tissue 9 0.324 0.162 0.030 2.00 0.050 6.0 0.5
Target tissue 10 0.378 0.189 0.030 2.00 0.050 6.0 0.5
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6.3 Results

(a) (b)

Figure 6.1: (6.1a) Decay corrected TAC of [11C]PIB in cerebellum and a frontal grey
matter ROI, together with a metabolite corrected plasma curve. Data
were taken from an AD subject. (6.1b) Fractions of [11C]-labelled metabo-
lites in plasma as function of time, averaged over data from 6 subjects
together with standard deviations (error bars).
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6 Simplified parametric methods for [11C]PIB

(a) (b)

Figure 6.2: Scatter plots of (6.2a) BPND and (6.2b) R1 between SRTM and indi-
rect 2T4k model, with data taken from several cortical regions from AD
patients (filled triangle) and healthy controls (open triangle). For plots
the Pearson’s product moment correlation coefficient (R2), the linear fit
equation and regression line (line) are given.

Plasma input versus SRTM

Both BPND and R1 obtained from SRTM were highly correlated with
corresponding parameters from 2T4ki (i.e. indirect calculation of BPND
using a 2T4k plasma input model), as illustrated in Figures 6.2a and 6.2b.
In addition, there was no correlation of with either R1 or target region Vb
from 2T4ki, confirming the validity of a reference tissue approach. Average
values of kinetic parameters from 2T4k fits are given in Table 6.2.

Parametric methods

The correlation between BPND obtained with the various parametric
methods and that of both SRTM and 2T4ki is summarized in Table
6.4. In general, these correlations were high with only slight differences
between methods. All parametric methods, except SUVr, showed bet-
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ter correspondence (i.e. better R2 and slope) with SRTM than with
2T4ki. Overall best correspondence, i.e. in terms of best regression slope,
with BPSRTMND was found for MRTM2, RPM2, RPM1, MRTM4 and
MRTM . Scatter plots show that, compared with both 2T4ki (Figure 6.3a)
and SRTM (Figure 6.3b), reference Logan was slightly more ‘biased’ than
RPM2. Furthermore, it can be seen that, as data (Figures 6.3a and 6.3b)
are located on straight lines, (relative) bias was independent of level of
binding.
Tables 6.5 gives relative test-retest variabilities of BPND and DV R,

together with the absolute test-retest variability of BPND. Clearly, rela-
tive test-retest variability of BPND was high, whereas that of DV R and
absolute variability of BPND were very acceptable. As expected, relative
test-retest variability of BPND was much larger for healthy controls than
for AD patients. Absolute test-retest variability was poorest for SUVr
methods. For example, the best SUVr method (SUVr40−60) showed a sig-
nificantly poorer absolute variability than RPM2 for both healthy control
(two tailed t-test significance p < 10−2) and AD data (p < 10−8).
Typical BPND parametric maps for an AD patient are shown in Fig-

ure 6.4. MRTMo, MRTM , MRTM3, MRTM4 and reference Logan
showed large numbers of ‘dot’-artefacts inside the brain due to extreme
values. Furthermore, MRTM , reference Logan, RPM1, SUVr60−90 and
SUVr80−90 produced noisy images. Amongst all parametric methods,
parametric images obtained with RPM2 showed best contrast and least
noise closely followed by those generated by MRTM2. MRTM2 still
showed some (small) artefacts in parametric images (Figure 6.4). Amongst
the SUVr methods, the (visually) best images were seen for the interval
40-60 minutes and the best contrast for 60-90 minutes.
When reducing analysis time from 90 to 60 minutes, results of reference

Logan became unreliable. In contrast, for all other parametric meth-
ods, regionally averaged data of 60 and 90 minutes scans were highly
correlated (R2 > 0.96), with smallest relative difference in BPND for
MRTM2(0.1%), followed byMRTM4(-0.5%), RPM2(3.8%),MRTM(4.4%),
MRTMo(-6%), RPM1(6.5%), and MRTM3(-7.2%). Visual inspection
of parametric maps with shorter “acquisition” time (60 min), however,
showed larger numbers of artefacts and unexpected clusters with high
BPND than for 90 min acquisition times.
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6 Simplified parametric methods for [11C]PIB

Table 6.4: Clinical linear regression parameters (slope, intercept and Pearson’s prod-
uct moment correlation coefficient R2) for several cortical regions in all
subjects, including AD patients. BPND and SUVr − 1 from parametric
methods were correlated with BPSRTMND and BP 2T4ki

ND .
Parametric BPSRTMND BP 2T4ki

ND

outcome R2 Intercept slope R2 Intercept slope

SUVr40−60 0.96 0.05 1.22 0.91 0.03 0.96
SUVr60−90 0.94 0.02 1.25 0.96 0.02 1.11
SUVr80−90 0.90 0.01 1.24 0.95 0.02 1.18
BPND MRTMo 0.96 -0.04 0.83 0.87 -0.05 0.66
BPND MRTM 0.98 -0.01 1.05 0.90 -0.03 0.91
BPND MRTM2 0.97 0.00 1.00 0.91 -0.01 0.84
BPND MRTM3 0.96 -0.04 0.81 0.87 -0.05 0.64
BPND MRTM4 0.98 -0.06 0.98 0.92 -0.07 0.81
BPND ref. Logan 0.97 -0.04 0.86 0.89 -0.04 0.71
BPND RPM1 0.99 0.02 1.02 0.93 0.01 0.87
BPND RPM2 0.96 0.00 0.98 0.86 -0.02 0.82
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(a) (b)

Figure 6.3: Scatter plots of BPND obtained with RPM2 (circles) and reference Lo-
gan (triangles) versus (6.3a) BPND using 2T4ki and (6.3b) BPND using
SRTM . The solid line represents the line of identity. Data were taken
from several cortical regions from AD patients (filled symbols) and healthy
controls (open symbols).
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6 Simplified parametric methods for [11C]PIB

Table 6.5: Average (± SD) test-retest (TrT) variability of BPND and DV R for several
parametric methods, SUV ratios and SRTM . Data from healthy controls
(a) and AD patients (b) are presented separately. For SUVr, BPND was
approximated by SUVr − 1.

Parametric Relative TrT variability Absolute TrT variability
method BPND(%) DV R(%) BPND

SUVr40−60 − 1 84 ± 279 3.9 ± 4.2 0.048 ± 0.051
SUVr60−90 − 1 47 ± 72 5.2 ± 5.1 0.061 ± 0.056
SUVr80−90 − 1 97 ± 380 6.1 ± 6.9 0.070 ± 0.076
MRTMo 205 ± 804 2.3 ± 2.5 0.026 ± 0.029
MRTM 238 ± 790 3.5 ± 3.8 0.039 ± 0.044
MRTM2 50 ± 67 3.0 ± 3.5 0.035 ± 0.042
MRTM3 102 ± 189 2.4 ± 2.5 0.026 ± 0.029
MRTM4 118 ± 253 2.8 ± 3.3 0.031 ± 0.036
Reference Logan 134 ± 420 2.6 ± 2.8 0.030 ± 0.032
RPM1 63 ± 187 3.2 ± 4.3 0.038 ± 0.050
RPM2 103 ± 289 2.8 ± 2.8 0.033 ± 0.034
SRTM 700 ± 4000 2.8 ± 2.9 0.034 ± 0.036

(a)

Parametric Relative TrT variability Absolute TrT variability
method BPND(%) DV R(%) BPND

SUVr40−60 18 ± 29 5.8 ± 5.1 0.103 ± 0.083
SUVr60−90 28 ± 59 7.9 ± 7.1 0.135 ± 0.109
SUVr80−90 34 ± 62 10.1 ± 7.9 0.176 ± 0.118
MRTMo 18 ± 30 3.1 ± 2.6 0.044 ± 0.035
MRTM 18 ± 27 4.5 ± 4.7 0.070 ± 0.065
MRTM2 20 ± 54 3.6 ± 3.9 0.056 ± 0.057
MRTM3 20 ± 36 3.1 ± 2.5 0.045 ± 0.033
MRTM4 22 ± 46 3.4 ± 3.6 0.050 ± 0.049
Reference Logan 24 ± 68 3.3 ± 2.9 0.047 ± 0.038
RPM1 16 ± 29 4.1 ± 3.9 0.064 ± 0.057
RPM2 20 ± 60 3.2 ± 3.2 0.048 ± 0.047
SRTM 20 ± 43 4.4 ± 4.7 0.068 ± 0.065

(b)
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6.3 Results

Figure 6.4: [11C]PIB parametric BPND images of an axial plane through the mid-
dle of the brain from a typical AD subject. Eleven different parametric
methods were used. For Reference Logan and SUVr methods, BPND was
approximated by subtracting 1.
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(a) (b)

Figure 6.5: Comparison of SRTM and 2T4ki using simulated noise free data: (6.5a)
scatter plot of BPSRTMND versus BP 2T4ki

ND ; (6.5b) bias in BPSRTMND as func-
tion of BP 2T4ki

ND .

6.3.2 Simulation studies

Validity of SRTM

For noiseless TACs, BPSRTMND was strongly correlated (R2=1.00, Figure
6.5a) with simulated BP 2T4ki

ND . Although relative bias of BPSRTMND was
larger at lower simulated specific binding levels (Figure 6.5b), the absolute
difference between BPSRTMND andBP 2T4ki

ND was constant (~0.072). Varying
fractional blood volume in the target region from 2.5 to 7.5% resulted
in a change in BPSRTMND bias of less than 0.2%. A similar variation in
global Vb had a bigger effect. For example, changing global Vb from 2.5 to
7.5% resulted in a change in BPSRTMND bias from 19 to 11%. Variations in
local Vb (i.e. target region) had the biggest impact on BPSRTMND bias. A
change in target K1 from 0.16 to 0.38 ml ∗ cm−3min−1 changed BPSRTMND

bias from –2 to +26%. In contrast, the effect of global K1 variations on
BPSRTMND bias was less than 2%.
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6.3 Results

(a) (b)

Figure 6.6: Bias and COV of (6.6a) BPND and (6.6b) SUVr − 1 for increasing simu-
lated BPND in the target region. All other parameters were fixed at de-
fault settings (Table 6.2) and TAC noise levels were 9% COV . Estimated
bias is relative to BPSRTMND and error bars indicate standard deviation in
bias (i.e. COV ).

Variation in BPND

To assess the accuracy of the various parametric methods for different
BPND values, results were compared with those of SRTM using TACs
simulated at a noise level of 9% COV , corresponding to noise at a pixel
level. In Figure 6.6a bias in obtained BPND relative to BPSRTMND is
shown for all parametric methods. On average, best accuracies were seen
for RPM2 (0.4%), MRTM2, MRTM and RPM1 (2%), with overall
best COV for RPM2 (6%), followed by MRTM3, MRTM2, MRTM4,
MRTMo and reference Logan and RPM1 (9%, Figure 6.6a). Poorest
performance, in terms of accuracy, was seen for MRTM3 (-6%), followed
by MRTMo, reference Logan and MRTM4 (-2.5%). Compared with the
kinetic methods, all SUVr based methods showed larger biases (46-52%)
and COV (>10%) relative to BPSRTMND (Figure 6.6b).
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6 Simplified parametric methods for [11C]PIB

Variation in fractional blood volume

Fractional blood volume simulations were performed at noise levels of 9%
COV with BPND fixed at 2, i.e. with a specific binding potential of 1.
For all methods, the effects on bias relative to BPSRTMND were small (<5%)
when increasing target or global Vb from 2.5 to 7.5%.

Variation in delivery

Delivery differences in the target region were simulated at noise levels
of 9% COV with BPND fixed to 2. For all kinetic parametric methods,
local and global delivery changes had only a small effect on bias relative to
SRTM (<9%). In contrast, bias in all SUVr methods was very dependent
on both global and local delivery differences. For example, bias in SUVr
over 60-90 minutes decreased from 83 to 36% when target K1 increased
from 0.16 to 0.38ml∗cm−3min−1. In contrast, the same increase in global
K1 resulted in an increase in bias from 39 to 55%

TAC noise levels

Table 6.6 summarizes biases and COV of BPND , relative to BPSRTMND , for
the various parametric methods, at several simulated noise levels. Over
all noise levels, best accuracies and precisions were found for RPM2 and
MRTM2. Although RPM1 accuracy was similar to that of RPM2 at
lower noise levels, it became poorer at higher noise levels.

6.4 Discussion

In this study the performance of different parametric methods for measur-
ing BPND of [11C]PIB was assessed, including those in which the reference
tissue efflux rate constant (k′2) is fixed. The performance of these reference
tissue based parametric methods was evaluated using both simulations and
clinical data, and results were compared with those of SRTM . Validity of
using a reference tissue approach was investigated by comparing SRTM
results with those using a plasma input model.
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6 Simplified parametric methods for [11C]PIB

6.4.1 Plasma input versus SRTM

SRTM has been evaluated previously by Price et al..[108] Results of
the present clinical studies confirmed the validity of SRTM for quantify-
ing [11C]PIB uptake, showing a strong correlation between BP 2T4ki

ND and
BPSRTMND , although BPND is somewhat underestimated using SRTM (see
slope in Figure 6.2a). This underestimation of BPND seen with SRTM
has also been observed with various other tracers [10, 52] and may be due
to different sensitivities to the contribution of non-specific binding or to
differences in flow and blood volume fraction between target and reference
regions. The latter can easily be understood, as SRTM does not include
a correction term for blood volume (differences).[10]
In contrast with previous studies [108], in the present study simula-

tions were also used to evaluate the differences between plasma input
and SRTM . These simulations showed similar high correlations between
BPSRTMND and BP 2T4ki

ND . SRTM only showed large bias at relatively low
BPND levels and for large regional variations in delivery. The large bias
at low BPND was primarily due to division by the relatively low simulated
value for specific binding (BPND ~ 0.2). The actual standard deviations
and the absolute differences with BP 2T4ki

ND were acceptable. In addition,
although in the simulations actual bias in BPSRTMND was very sensitive to
regional differences in delivery, it should be noted that the range in K1
values was large, whereas clinical data indicated that in the actual range
across regions and subjects was much smaller (Table 6.2). Nevertheless,
reference tissue models should be used with care when large flow deficits
are expected.

6.4.2 Comparison of parametric methods using clinical data

Evaluation using clinical data was based on a number of approaches. The
first approach was to assess correlation with BPSRTMND . Note that in all
these comparisons data from AD patients and healthy controls were pooled
together in order to assess correlation over a large range of possible levels
of binding. Strong correlations were found between BPSRTMND and all para-
metric methods in terms of R2 (R2>0.9, Table 6.4). The corresponding
slopes were best for MRTM2 followed by RPM2, RPM1, MRTM4 and
MRTM . Although reference Logan showed good correlation (R2=0.97)
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with SRTM , it showed underestimation at higher BPND levels due to a
lower correlation slope (Figure 6.3b).
Next, test-retest variability for clinical data was evaluated. This analy-

sis was performed separately for healthy controls and for AD. As expected,
test-retest variability of BPND was larger in healthy controls than for AD
due to the lower BPND values. In addition, the variability in BPND was
only acceptable in absolute terms, but very large when expressed in rela-
tive terms. This was due to the very low BPND levels, which are common
for healthy controls and for relatively ‘healthy’ regions in AD subjects.
It should be noted that relative test-retest variability is much better for
DV R than for BPND and the presented results should be compared with
previous reports on DV R [108]. In general, when excluding the relative
variability in BPND, there were no large differences in test-retest perfor-
mance between the various kinetic parametric methods (Table 6.5). Non-
kinetic methods, i.e. SUVr, however, showed two-fold poorer variability
than the kinetic parametric methods.
Next, parametric maps were also evaluated visually. Visual inspection

of typical clinical [11C]PIB parametric maps (Figure 6.4) indicated that
MRTM2 and RPM2 may be the best methods for generating parametric
images, especially with respect to overall contrast and image noise.
Finally, effects of reducing scan duration to 60 minutes were investi-

gated. All quantitative parametric methods, except reference Logan, only
showed minor to small changes in BPND (<7%) for these shorter scans
durations. Reference Logan analysis, however, did not produce acceptable
results for 60 minutes scans. This could be related to the fact that linear
regression was performed only for data beyond t∗ = 50 minutes, which
was the optimal setting for the original 90 minutes clinical data. For 60
minutes data, t∗ could be reduced, but this would result in additional bias.
It should be mentioned that, for all methods, more artefacts and reduced
image quality were seen. Further clinical studies are needed to determine
the best trade-off between logistics, patient discomfort, artefacts and bias.

6.4.3 Comparison of parametric methods using simulations

In the simulations, BPND results for all parametric methods were com-
pared with BPSRTMND at various noise levels and for various kinetic para-
meters (Table 6.3).
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6 Simplified parametric methods for [11C]PIB

In general, at fixed noise levels (9% COV ), accuracy and precision were
best for RPM2 (0.4±6%) and worst for SUVr based methods (49±10%).
However, differences in accuracy and precision between the kinetic meth-
ods were relatively small. The slightly better performance of RPM2 com-
pared with other kinetic methods is due to the fixed k

′
2 value and the

use of basis functions. In contrast to the kinetic methods, bias in SUVr
methods was very sensitive to local and global delivery changes.

Finally, simulations at higher noise levels showed best accuracy and
precision for MRTM2 and RPM2 (Table 6.6), indicating that bias in
parametric maps as a result of noise can be reduced by fixing k′2 (appendix
B). The slightly better accuracy for RPM2 than for MRTM2 may be
due to the fact that the actual solution of the differential model equations
is used rather than a simple (linearized) integration, which is known to
introduce bias with higher noise levels.[13, 55]

6.4.4 General considerations

Consistent with Price et al. [108], both clinical data and simulations con-
firmed the validity of SRTM for [11C]PIB studies, based on high correla-
tions with BPND estimated using 2T4k DV R− 1. Difference in quantita-
tive performance between various kinetic parametric methods was small,
although there was slightly more difference in image quality. Overall, per-
formance was best for MRTM2 and RPM2 and worst for SUVr. As
might be expected, SUVr was very sensitive to variations in both local
and global delivery. SUVr seems of limited value in quantifying amyloid
load. However, due to acceptable clinical correlations, SUVr can still be
useful for qualitative analysis of the amyloid load using [11C]PIB.

In summary, RPM2 and MRTM2 are the best methods for generating
parametric data. Both RPM2 and MRTM2 provide better accuracy and
precision by fixing k′2. This finding is in line with a previous study [111],
which showed that [11C]PIB quantification improvements can be made
using parameter coupling.

138



6.5 Conclusion

6.5 Conclusion
In both simulated and clinical data a high correlation was found between
BPSRTMND and BP 2T4ki

ND . Amongst various parametric methods, best ac-
curacy and precision was achieved with RPM2 and MRTM2, i.e. when
fixing k

′
2 during the analysis. RPM2 and MRTM2 are therefore the

methods of choice for parametric analysis of clinical [11C]PIB studies.
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Abstract

The purpose of the present study was to evaluate the performance of var-
ious parametric methods for quantification of [18F ]FDDNP studies. All
parametric methods tested were based on the use of a reference tissue and
they were compared with the simplified reference tissue model (SRTM),
as previously it has been shown that SRTM is the method of choice
for analysing [18F ]FDDNP studies, even when an arterial plasma input
function is available. The following parametric methods were evaluated:
receptor parametric mapping (basis function implementation of SRTM ;
with and without fixing the reference tissue efflux rate constant k′2), refer-
ence Logan and several multi-linear reference tissue methods (again with
and without fixing k

′
2). Simulations were used to assess the effects of

variation in relative flow (R1), fractional blood volume (Vb) and binding
potential (BPND) on precision and accuracy of estimated BPND. For
clinical data, best performance was obtained using receptor parametric
mapping (RPM2) and one of the multi-linear reference tissue models
(MRTM2), with k′2 being fixed in both methods. These models showed
good correlation with SRTM , their BPND results were less affected by
noise and images showed good contrast. Furthermore, in simulations,
RPM2 and MRTM2 provided the most accurate and precise BPND es-
timates. RPM2 and MRTM2 are the methods of choice for parametric
analysis of [18F ]FDDNP studies.

7.1 Introduction

[18F ]FDDNP is a ligand, that has been developed for imaging amyloid
plaques and neurofibrillary tangles in the human brain in vivo using PET.[94]
These plaques and tangles are present in the brain of patients with Alzheimer’s
disease (AD; [95]).
To date, use of parametric methods for analysing [18F ]FDDNP data

has been limited to residence time within a cerebral region relative to that
in pons [96], standardized uptake value (SUV ) and distribution volume
ratio (DV R; [97]) using Logan analysis with cerebellum as reference region
(Logan et al., 1996). Recent studies, using reference Logan analysis, have
reported increased levels of [18F ]FDDNP uptake (i.e. DV R) in neocortical
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regions of AD patients compared with both patient’s own cerebellum [97]
and corresponding neocortical regions in healthy controls.[100]

Although, reference Logan analysis is an accepted parametric method,
there are alternative parametric approaches, such as the use of basis func-
tions [10] and multi-linear analyses.[14] In addition, the impact of noise
may be reduced by imposing additional parameter constraints.[112] Fur-
thermore, for the related tracer [11C]PIB, it was shown by Zhou et al. [111]
that improvements in quantification could be achieved by coupling of pa-
rameters in the simplified reference tissue model (SRTM ; [9]). A study
[113], evaluating different reference tissue based parametric methods in
order to optimise quantification of [11C]PIB studies, confirmed these im-
provements and showed several methods outperforming reference Logan.

In a recent validation study [114] using plasma input data, it was shown
that SRTM is the method of choice for quantifying human [18F ]FDDNP
data, providing more reproducible results than conventional plasma in-
put methods. In addition, it was shown that, in contrast to other meth-
ods, SRTM gave a relatively constant bias in the presence of labelled
[18F ]FDDNP metabolites. These metabolites are a concern as several
studies have shown that they may enter the brain.[18, 17]

The purpose of the present study was to investigate the accuracy and
precision of various parametric methods for quantifying [18F ]FDDNP stu-
dies. These parametric methods would allow for the generation of fully
3D images of binding potential (BPND). A parametric method should be
computationally fast and robust with respect to noise, which can be high
at a voxel level. Based on the fact that SRTM was the method of choice at
a region of interest (ROI) level [114], all parametric methods tested were
reference tissue based and they were compared with SRTM . Methods
included different approaches for reducing noise induced bias, such as the
use of basis functions, multi-linear analyses and fixing the reference tissue
efflux rate constant (k′2). Performance of these parametric methods was
evaluated using data from healthy controls, subjects with minimal cogni-
tive impairment (MCI, [101]) and AD patients. In addition, simulations
were performed based on clinically relevant kinetic parameters. In these
simulations, effects of blood volume, blood flow and noise on accuracy and
precision of derived BPND values were studied.
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7.2 Methods

7.2.1 Scanning protocol

Clinical data were derived from ongoing patient studies, approved by the
Medical Ethics Review Committee of VU University Medical Centre, and
consisted of 12 subjects (6 healthy controls, 3 MCI, and 3 AD) with an age
ranging from 57 to 72 years (average 65±5). Each subject gave written
informed consent prior to inclusion in the study protocol. Clinical results
are beyond the scope of the present study and will be reported elsewhere.
As part of the study protocol, each subject first underwent a T1-weighted

MRI scan using a 1.5T SONATA scanner (Siemens Medical Solutions, Er-
langen, Germany). This MRI scan was performed to exclude anatomical
abnormalities and for co-registration and segmentation purposes.
PET studies were performed using an ECAT EXACT HR+ scanner

(CTI / Siemens, Knoxville, USA). The characteristics of this scanner have
been described previously.[85, 86] For each study, first a 10 min transmis-
sion scan in 2D acquisition mode was performed, which was used to cor-
rect the subsequent emission scan for tissue attenuation. Next, a dynamic
emission scan in 3D acquisition mode was performed following bolus injec-
tion of 168±8 MBq [18F ]FDDNP. This scan consisted of 23 frames (1x15,
3x5, 3x10, 2x30, 3x60, 2x150, 2x300, 7x600 s) with a total scan duration
of 90 minutes. Frames were reconstructed using FORE + 2D filtered back
projection [88] and a Hanning filter with a cut-off of 0.5 times the Nyquist
frequency. Reconstructions included all usual corrections, such as nor-
malization, and decay, dead time, attenuation, randoms and scatter [89]
corrections.

7.2.2 Image analysis

The de-sculled T1-weighted MRI scans [91] were co-registered [56, 57]
with a summed PET image (frames 3-12: 25 s – 5 min post injection).
This summed image resembled a flow image, thereby maximizing cortical
information. ROI were defined using an MR-based template.[92] For the
purpose of the present study, grey matter ROI from 18 (cerebellum, orbital
frontal cortex, medial inferior frontal cortex, anterior cingulate cortex,
thalamus, insula, caudate, putamen, superior temporal cortex, parietal
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cortex, medial inferior temporal cortex, superior frontal cortex, occipital
cortex, sensory motor cortex, posterior cingulate cortex, enthorinal cortex,
hippocampus), all averaged over left and right hemispheres, were analysed.

7.2.3 Kinetic analysis

Clinical data were analysed at a pixel-by-pixel level using reference para-
metric mapping without and with fixing the reference tissue efflux rate
constant k′2 (RPM1 and RPM2; [10, 112]), reference Logan ([16]) and sev-
eral multi-linear reference tissue models (MRTMo, MRTM , MRTM2,
MRTM3 and MRTM4; [14]). For all these reference tissue based para-
metric methods cerebellum grey matter was used as reference tissue, as
it is known to have low levels of amyloid plaques and neurofibrillary
tangles.[95, 115]
A detailed description of the methods, together with the settings used,

can be found in appendix 10.3. In short, RPM1 and RPM2 are basis
function implementations of SRTM . Reference Logan is a reference tis-
sue adaptation of the (linear) Logan plot.[15] MRTMo to MRTM4 are
all variations of the reference Logan model, but with somewhat differ-
ent assumptions, ordering of terms and use of multi-linear least squares.
RPM1, reference Logan, MRTMo and MRTM are all fitted in a sin-
gle run, whereas, RPM2, MRTM2, MRTM3 (MRTMo in second run)
and MRTM4 (MRTM in second run) are fitted using two consecutive
runs. After an initial run using a separate method (RPM1, MRTM ,
MRTMo and MRTMo for RPM2, MRTM2, MRTM3 and MRTM4,
respectively), the median efflux rate constant k′2 of the reference tissue
is fixed in the second run to reduce the number of fit parameters. The
pharmacokinetic parameter of interest estimated with all these methods
is the binding potential BPND. For reference Logan BPND was estimated
using DV R− 1.
For comparison, ROI time activity curves (TAC) data were also analysed

using SRTM . Parametric methods were evaluated by calculating average
BPND values over these anatomical ROI and comparing them with BPND
obtained with SRTM (= BPSRTMND ) using linear regression analysis and
Bland-Altman plots.[116]
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7.2.4 Simulations

Clinical studies were analysed first to obtain estimates of the kinetic para-
meters. Based on these clinical results, simulated TAC were generated us-
ing a typical [18F ]FDDNP plasma input curve [114] in combination with a
standard reversible two tissue compartment model (2T4k). In the simula-
tions, variations in blood flow, blood volume and BPND were investigated
for different noise levels.
Default parameters used for reference (R1) and target (T1) regions are

listed in Table 7.1. First, only default parameters for reference tissue (R1)
were used and parameters for target tissue BPND (T1-T5), fractional
blood volume (Vb: T1, T6, T7) and delivery (K1: T1, T8-T11), respec-
tively, were varied. Next, to assess global changes in fractional blood
volume and delivery, corresponding reference tissue TAC parameters were
also varied (R1-R7). In these simulations each parameter was varied to the
same degree in both target and reference regions. For each run 400 TAC
were generated and each run was repeated at different noise levels ranging
from 0 to 27% COV (coefficient of variation) in increments of 3%. This
range was chosen to cover the entire range of clinically observed noise lev-
els of ~5% (ROI averages) to ~15% (voxel values). Yet some higher noise
levels were also included to be sure that the full clinical range was covered.
Noise simulations were based on total scanner true counts, frame lengths
and decay correction factors.[59]
Simulated data were analysed using all parametric methods listed above.

In addition, for comparison, corresponding noise free TAC were analysed
using SRTM . For all parametric methods, bias (%) in derived BPND was
assessed using 100 ∗

(
BPxND

BPSRTMND

− 1
)
, where BP xND is the apparent BPND

from the parametric method.

7.3 Results

7.3.1 Human studies

Comparison with SRTM

Typical TAC of [18F ]FDDNP in cerebellum and a frontal ROI are shown
in Figure 7.1. Table 7.2 lists correlation coefficients obtained from linear
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Table 7.1: Kinetic parameters used to generate reference (R) and target tissue (T)
time activity curves (TAC). K1 (ml ∗ cm−3min−1) is a rate constant,
Vb fractional blood volume, VT volume of distribution, and BP 2T4k

ND or
BP 2T4ki

ND are binding potentials estimated using the two tissue reversible
model and either direct (2T4k) and indirect (2T4ki) approaches, respec-
tively. In the indirect approach the volume of distribution ratios are used
to estimate binding potential. During all simulations k4 (0.032 min−1)
and K1/k2 (3.3) were kept constant.Note that k3 values used can be derived
from k3 = BP 2T4k

ND ∗ k4.
TAC K1 BP 2T4k

ND Vb VT BP 2T4ki
ND

R 1 0.35 1.63 0.050 8.7 –
R 2 0.35 1.63 0.025 8.7 –
R 3 0.35 1.63 0.075 8.7 –
R 4 0.21 1.63 0.050 8.7 –
R 5 0.28 1.63 0.050 8.7 –
R 6 0.43 1.63 0.050 8.7 –
R 7 0.50 1.63 0.050 8.7 –
T 1 0.35 2.0 0.050 9.9 0.14
T 2 0.35 1.7 0.050 8.9 0.03
T 3 0.35 2.3 0.050 11 0.25
T 4 0.35 2.6 0.050 12 0.37
T 5 0.35 2.9 0.050 13 0.48
T 6 0.35 2.0 0.025 9.9 0.14
T 7 0.35 2.0 0.075 9.9 0.14
T 8 0.21 2.0 0.050 9.9 0.14
T 9 0.28 2.0 0.050 9.9 0.14
T 10 0.43 2.0 0.050 9.9 0.14
T 11 0.50 2.0 0.050 9.9 0.14

147
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Figure 7.1: Decay corrected TAC of [18F ]FDDNP in cerebellum and a frontal grey
matter ROI. Data were taken from an AD subject.

regression analyses of the various parametric methods against BPSRTMND .
In general, all parametric methods showed high correlation with SRTM
(R2 > 0.96). The differences between the slopes were assessed using anal-
ysis of variance (ANOVA) with post-hoc Bonferroni test. The slope of
MRTM3 versus those of all other methods, exceptMRTM andMRTM2,
were significantly different at p=0.05 level. The slope of MRTM2 is
showing the smallest difference (-0.0159) and that of MRTM the largest
difference (-0.1613) with MRTM3. However, although MRTM showed
the largest difference with MRTM3 it was not significantly different due
to the large variability of the MRTM data. Detailed analysis of these
correlations was furthermore performed using scatter (Figure 7.2) and
Bland-Altman (Figure 7.3) plots. MRTM shows the poorest limits of
agreement (i.e. 95% confidence interval equals 0.12, Figure 7.3b) and the
largest change in bias with binding (Slope = 0.19 & R2=0.37, Figure 7.3b).
All other methods showed better limits of agreement (<=0.08). Table
7.3 gives averages (±SD) of the differences plotted in Figure 3 for three
different ranges of BPSRTMND . Reference tissue algorithms are known to
perform worse at lower binding levels. Therefore the following analysis is
restricted to higher levels of binding (BPSRTMND > 0.12, Table 7.3). Again,
the noisiest results were obtained for MRTM (Table 7.3). Comparable
performance was seen for all other methods in terms of linear regression
(Figure 7.2) and Bland-Altman (Figure 7.3, Table 7.3) plots.
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(a) (b)

(c) (d)

Figure 7.2: Correlation of various parametric BPND with BPSRTMND for human
[18F ]FDDNP data, obtained from several subjects including AD patients.
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Table 7.2: Linear regression parameters (slope, intercept and Pearson product mo-
ment correlation coefficient R2) for several cortical regions in different sub-
jects, including AD patients. BPND results from parametric methods were
correlated against BPSRTMND . Regression parameters were estimated for
each subject. The table gives the averages (± SD) regression parameters.
Parametric BPSRTMND

Method R2 Intercept slope

MRTMo 0.98 (0.02) -0.02 (0.01) 1.07 (0.08)
MRTM 0.96 (0.04) -0.01 (0.01) 1.18 (0.12)
MRTM2 0.98 (0.02) 0.01 (0.01) 1.03 (0.05)
MRTM3 0.98 (0.02) -0.01 (0.01) 1.01 (0.06)
MRTM4 0.98 (0.02) 0.00 (0.01) 0.91 (0.05)
Reference Logan 0.98 (0.02) 0.01 (0.01) 0.88 (0.05)
RPM1 0.96 (0.08) 0.03 (0.01) 0.88 (0.10)
RPM2 0.98 (0.01) 0.00 (0.01) 1.11 (0.06)

Parametric images

Figure 7.4 shows typical parametric maps for an AD patient. In general,
MRTMo, MRTM , MRTM3 and MRTM4 suffered from ‘dot’-artefacts
inside the brain due to extreme values. In addition,MRTM , reference Lo-
gan and RPM1 produced noisier BPND images than the other methods.
The number of these artefacts, i.e. outcomes with BPND > 2 or BPND <
1, was highest for MRTM and consisted of 5.5% of the brain voxels.
The number of these artefacts was less than 1.7% for MRTM , MRTMo,
MRTM3 and MRTM4 and was 0% for reference Logan, RPM1 and
RPM2. In addition,MRTM , reference Logan and RPM1 produced nois-
ier BPND images than the other methods. Both RPM2 and MRTM2
showed low noise and no artefacts. Although MRTM2 and RPM2 pro-
vided similar contrast, RPM2 images showed somewhat higher BPND
values than corresponding RPM1 and MRTM2 images.
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Table 7.3: Averages differences (± SD) derived from Bland-Altman plots
(Figure 7.3) for several intervals of BPSRTMND values.

Parametric Average (±SD) of difference with BPSRTMND

Method BPSRTMND -0.2 to 0.12 BPSRTMND 0.12 to 0.2 BPSRTMND 0.2 to 0.4

MRTMo -0.016 (0.017) -0.003 (0.022) -0.002 (0.016)
MRTM 0.002 (0.024) 0.031 (0.037) 0.045 (0.024)
MRTM2 0.011 (0.016) 0.025 (0.015) 0.011 (0.016)
MRTM3 -0.014 (0.015) -0.001 (0.018) -0.013 (0.015)
MRTM4 -0.008 (0.016) -0.002 (0.011) -0.032 (0.017)
Reference Logan 0.004 (0.016) 0.003 (0.011) -0.024 (0.013)
RPM1 0.026 (0.020) 0.019 (0.013) 0.006 (0.016)
RPM2 0.006 (0.018) 0.031 (0.019) 0.026 (0.013)

Figure 7.4: Parametric [18F ]FDDNP BPND images for an axial plane through the
middle of the brain in a typical AD subject. Eight different paramet-
ric methods were used. The same greyscale applies to all images and is
restricted to the interval from –0.1 to 0.5.
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7.3.2 Simulations

Without noise

First, different levels of binding for the target region were simulated. Ac-
curacy of BPND obtained from each parametric method was evaluated
relative to BPSRTMND . In general, bias in parametric BPND was constant
over the simulated range of binding levels (i.e. true BPND ranging from
0.03 to 0.48). Best BPND accuracy was achieved using both RPM meth-
ods (on average 0% bias, data not shown) and the highest bias was seen
for reference Logan (on average -6% bias).
Next, changes in fractional blood volume were simulated. All paramet-

ric methods, except the two RPM methods, showed additional variation
in accuracy due to changes in target Vb. All MRTM based algorithms
showed the same behaviour, i.e. increasing Vb from 0.025 to 0.075 in-
creased bias from 7 to 18% (data not shown). The largest variation in
bias was seen for reference Logan, where for the same range in Vb, bias
changed from 4 to -24% (data not shown). In contrast to variations in
target Vb , variations in global Vb had no effect on the accuracy of any
parametric method.
Finally, effects of changes in regional delivery on BPND accuracy were

evaluated. These changes resulted in additional bias for all parametric
methods (Table 7.4). Overall, the lowest bias was seen for RPM1, RPM2
and MRTM2. Changes in global delivery only affected accuracy of ref-
erence Logan. In this case, when K1 decreased from 0.50 to 0.21, BPND
bias increased from –2 to –39%.

Noise at voxel level

For these simulations the TAC noise level was set at 9% COV , which
is comparable to noise at a voxel level seen in human studies. Again,
accuracy of BPND was assessed by comparison with BPSRTMND .
First, effects of different levels of binding were assessed. Table 7.5 sum-

marizes bias in and precision of BPND for all parametric methods over the
range of true BPND from(0.03 to 0.48. In general, compared with simula-
tions without noise, for all parametric methods increased bias and poorer
precision were seen, especially at lower levels of binding (Table 7.5). In
addition, larger differences between methods were seen. The largest errors
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Table 7.4: Bias of parametric BPND for TACs generated with several different target
K1 values. Reference region K1 was fixed to 0.35 ml ∗ cm−3min−1. TACs
were simulated without noise. Bias is relative to BPSRTMND .

Parametric K1 (ml ∗ cm−3min−1)
Method 0.21 0.28 0.35 0.43 0.50

MRTMo 12% 5% -1% -3% 1%
MRTM 33% 9% -1% -3% 12%
MRTM2 2% 1% -2% -2% -11%
MRTM3 12% 5% -1% -3% 1%
MRTM4 5% 2% -1% -3% -12%
Reference Logan -39% -13% -6% -3% -2%
RPM1 6% -2% 0% 2% 0%
RPM2 6% -2% 0% 2% 0%

were seen forMRTM . Overall, best accuracy and precision were obtained
for RPM2, followed by MRTM2, MRTM4 and reference Logan (Table
7.5).
Next, effects of variations in fractional blood volume were evaluated.

Compared with simulations without noise no additional bias was observed
for MRTM2, MRTM4, reference Logan and RPM2 (Table 7.6).
Finally, for all parametric methods, bias in BPND due to regional vari-

ations in delivery increased as a result of noise (Table 7.7). Similar to
the simulations without noise, only reference Logan was affected by varia-
tions in global delivery. Overall, best accuracy of BPND was obtained for
RPM2 and MRTM2.

Variable noise levels

Figure 7.5 depicts accuracy and precision of several parametric methods
as function of TAC noise level. Amongst all methods tested, RPM2 and
MRTM2 showed best accuracy. RPM2 showed slightly better precision
at higher noise levels (Figure 7.5).
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Table 7.6: Bias of parametric BPND for TACs generated with different target frac-
tional blood volume (Vb) values. Reference region Vb was fixed to 5%.
TACs were simulated at 9% COV noise levels. Bias ± SD is relative to
BPSRTMND .
Parametric Vb(%)
Method 2.5 5 7.5

MRTMo -4 ± 21 % -15 ± 19 % -33 ± 17 %
MRTM -11 ± 360 % -35 ± 588 % -25 ± 584 %
MRTM2 13 ± 24 % 2 ± 22 % -15 ± 20 %
MRTM3 -1 ± 21 % -12 ± 18 % -30 ± 17 %
MRTM4 6 ± 27 % -3 ± 24 % -20 ± 21 %
Reference Logan 3 ± 23 % -6 ± 22 % -24 ± 20 %
RPM1 12 ± 37 % 18 ± 40 % 9 ± 39 %
RPM2 -1 ± 21 % 2 ± 22 % -1 ± 25 %

(a) (b)

Figure 7.5: Bias and COV of parametric BPND as function of (simulated) TAC noise
level (% COV ). Bias is relative to BPSRTMND . COV reflects coefficient of
variation of the bias.
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7.4 Discussion

In this study, the performance of various parametric methods for gener-
ating quantitative [18F ]FDDNP BPND images was evaluated, including
methods in which the reference tissue efflux rate (k′2) is fixed to a me-
dian value derived from all voxels. In a previous study it was shown that
SRTM is the method of choice for analysing [18F ]FDDNP data. Indeed,
SRTM provided more reproducible results than conventional plasma in-
put models , even if labelled metabolites enter the brain.[114] Therefore,
SRTM was used as the standard with which all parametric methods were
compared. Consequently, these parametric methods were all based on the
use of a reference tissue. Performance was evaluated using both clinical
and simulated data, focusing on BPND, as this is the parameter of in-
terest. Simulated TAC data were generated using the standard reversible
two tissue compartment plasma input model with kinetic parameters de-
rived from clinical studies (Table 7.1). As mentioned above, however, all
parametric methods were compared with SRTM applied to these TAC
without adding noise.

7.4.1 Clinical assessment of parametric methods

BPNDobtained with all parametric methods correlated strongly withBPSRTMND

(Figure 7.2; R2 > 0.9). These correlation graphs showed more bias at
higher BPND levels for most methods.
Closer analysis revealed a number of differences between the paramet-

ric methods evaluated. Firstly, MRTM produced noisier results than
all other methods (Figure 7.3b & Table 7.3). Secondly, qualitative assess-
ment of parametric images showed thatMRTMo,MRTM ,MRTM3 and
MRTM4 suffered from ‘dot’-artefacts inside the brain due to outliers (Fig-
ure 7.4). Thirdly, MRTM , reference Logan and RPM1 produced noisier
BPND images than all other methods (Figure 7.4). RPM1, MRTM and
MRTMo do not make use of a fixed k

′
2, a parameter that itself is sen-

sitive to noise. As k′2 should be the same for all tissue voxels, fixing it
to an appropriate value should, at least in theory, result in more stable
estimates.[112, 14] Finally, MRTM4 and reference Logan slightly under-
estimated BPND for higher levels of binding (Figure 7.2). This may be due
to noise, as several studies have shown that noise may result in additional
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parameter bias in linearized methods.[55, 13] Note, however, that other
parametric methods studied show some positive and/or negative bias as
well.
In the present study, all parametric methods were compared with SRTM .

As SRTM is based on non-linear regression, it is sensitive to noise, making
it less suitable for calculations at the voxel level. Therefore, comparisons
were performed at a ROI level. These comparisons could be compromised
by heterogeneity within the ROI. To minimize the latter effects, ROI con-
tained grey matter voxels only and were relatively small (5-20 cc). A
disadvantage of comparing parametric images at a ROI level is that differ-
ences in noise levels between parametric images are reduced (smoothing
effect). For example, differences in noise level in Table 7.3 (ROI level) are
much smaller than those seen in the actual parametric images themselves
(Figure 7.4).
In summary, amongst all parametric methods evaluated, RPM2 and

MRTM2 provided the best overall results for clinical data. These methods
fix k′2 to the median value estimated in an initial run, thereby effectively
reducing noise induced bias and/or improving image quality, i.e. paramet-
ric maps produced by RPM2 and MRTM2, showed BPND images with
good contrast, less noise and no ‘dot’-artefacts.

7.4.2 Assessment of parametric methods using simulations

First, simulations were performed without noise in order to assess bias in
the methods unrelated to noise. Overall best BPND accuracy was seen for
RPM1 and RPM2, most likely because these algorithms are based on a
basis function implementation of SRTM itself. There were no differences
between RPM1 and RPM2 results. As expected, fixing k′2 in case of noise
free (perfect) data does not have an advantage. However, MRTM2, in
which k′2 is also fixed, performed better than MRTM . In the second run,
MRTM2 has a fit term less than MRTM and therefore the overall fit
equation is slightly different.[14]
The present simulations showed that each of the parametric methods is

affected differently by regional variations in Vb and K1. The largest bias
was seen for reference Logan and overall best accuracy was observed for
MRTM2, RPM1 and RPM2 (Table 7.4). Global changes in Vb and K1
(i.e. similar changes in target and reference tissues) did not affect accuracy
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of the parametric methods, except for reference Logan.
More noise increased bias in BPND for all methods. Overall, poor

accuracy and precision were seen for MRTM and best for RPM2 and
MRTM2. Both RPM2 and MRTM2 performed better as a result of fix-
ing k′2, thereby reducing the number of fit parameters. Reference Logan
also showed good performance. However, as mentioned above, this model
was affected by variations in global K1.
In summary, also in the simulations, best performance was seen for

RPM2 and MRTM2.

7.5 Conclusion
RPM2 and MRTM2 outperformed other parametric methods in both
simulations and analysis of human data. These methods provided best
accuracy and precision of estimated BPND, because of a reduction in
number of fit parameters by estimating k′2 in a first run and subsequently
fixing to the median voxel value in the second. RPM2 and MRTM2 are
therefore the methods of choice for parametric analysis of [18F ]FDDNP
studies.
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8 Summary, general discussion and
future perspectives

8.1 Summary
Positron emission tomography (PET) is an accurate technique for in vivo
quantification of tissue function. PET tracers are molecules that are la-
belled with positron emitting radionuclides. The annihilation photons
resulting from these decaying radionuclides can be detected accurately us-
ing PET and various physiological and pharmacokinetic parameters can
be derived from the acquired data using tracer kinetic models. To date,
various PET tracers are available for studying different tissue functions
and there is an ongoing search for new tracers.
This thesis describes various methods for improving parameter estima-

tion during pharmacokinetic analysis, such as various filtering techniques,
the use of weighting factors and non-linear regression optimisation algo-
rithms. Furthermore, in this thesis applicability of various pharmacoki-
netic models, together with simplified methods, was evaluated for tracers
that play a role in the study of Parkinson’s disease ([18F ]FP-β-CIT) and
Alzheimer’s disease ([18F ]FDDNP and [11C]PIB).
Brain studies using PET are often concerned with detecting differences

in neuroreceptor binding between subjects. Neuroreceptor binding is de-
termined using a PET tracer which shows high affinity for that neurore-
ceptor. First, a dynamic PET scan is made, which are a series of consec-
utive PET scans, in order to accurately measure the tracer uptake and
clearance. Next, for each anatomical region of interest, the average time
activity curve is determined (TAC). Finally, TACs are analyzed using
pharmacokinetic models in order to determine the pharmacokinetic para-
meters. During analysis, pharmacokinetic models are fitted to the TACs
using non-linear regression. Non-linear regression algorithm adjusts iter-
atively the pharmacokinetic parameters until a best fit is found.
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Pharmacokinetic models used in PET (brain) studies describe the tracer
binding in mathematical terms. Pharmacokinetic models are highly sim-
plified versions of reality and different simplifications are used for each
tracer. The parameters of interest in these studies are the volume of dis-
tribution (VT ) and the binding potential (BPND). VT is the ratio of the
tracer concentration in tissue relative to that in blood at equilibrium and
BPND is a measure of binding that takes into account both neuroreceptor
density and affinity of the ligand for the receptor. In general, two main
types of PET pharmacokinetic models can be identified: plasma input
and reference tissue models. Plasma input models require accurate arte-
rial blood sampling during a PET scan. Arterial plasma data are then
used as input function for kinetic analysis. Reference tissue models do not
require arterial sampling, but rather a reference region is used as input
for the regions under study. A suitable reference tissue should be similar
to the region under study, but be devoid of the receptors of interest. Ref-
erence tissue models avoid the need for arterial sampling and, therefore,
are more patient friendly and better suited for routine clinical studies.
However, the accuracy of reference tissue models for a new tracer needs to
be evaluated by comparison with plasma input models. In this thesis the
most common pharmacokinetic models were evaluated such as: single tis-
sue (reversible) (1T2k), irreversible two-tissue (2T3k) and reversible two
tissue (2T4k) plasma input models, together with simplified (SRTM) and
full (FRTM) reference tissue models. BPND is the pharmacokinetic pa-
rameter of interest for SRTM , FRTM and (sometimes) 2T4k, and VT for
1T2k and (usually) 2T4k. The plasma input models can also be used to es-
timate BPND indirectly, i.e. from the volume of distribution ratio (DV R),
according to BPND = DV R − 1, where DV R = V target

T /V reference
T . This

indirectly estimated BPND is comparable with BPND obtained with the
reference tissue models and requires the same assumptions for the refer-
ence tissue.

Most pharmacokinetic models are also available in linearised versions.
Linearised models may be less accurate, but are much faster and more ro-
bust with respect to noise than their non-linear counterparts. Linearised
models are therefore ideal for rapid evaluation of kinetic parameters across
the brain (i.e. at the voxel level), in particular if it is not known where
abnormalities in binding can be found or when tracer binding is so hetero-
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geneous that abnormalities might be missed in an ROI analysis. For each
application, however, accuracy of these linearised or simplified methods
needs to be evaluated.
Finally, very simple semi-quantitative methods are available that can

give a measure of the binding if tracer uptake has reached equilibrium.
Although suffering from bias, these methods can also be useful for example
in larger clinical trials or for routine clinical (e.g. diagnostic) use. In
this thesis semi-quantitative methods, such as standardised uptake value
(SUV ) and SUV normalized to that of the reference region (SUVr), were
evaluated.
All studies included simulations in order to evaluate pharmacokinetic

models under fully controlled conditions, such as effects of variation in rela-
tive flow (R1 = Ktarget

1 /Kreference
1 ), fractional blood volume (Vb), binding

potential (BPND ), and TAC noise. These simulation studies are also im-
portant because it is the only way to determine accuracy and precision,
as the true pharmacokinetic parameters in clinical data are unknown.
Chapter 2 describes the evaluation of the effects of pharmacokinetic

analysis using incorrect weighting factors, the performance of optimisa-
tion algorithms commonly used in PET (i.e. interior-reflective Newton
methods), and a newly developed simulated annealing (SA) based me-
thod. Only reversible plasma input models (i.e. 1T2k and 2T4k) were
investigated and data were taken from [15O]H2O, [11C]Flumazenil and
(R)-[11C]PK11195 studies. SA is a method that automatically produces
appropriate new starting parameters for repeated optimisation. There-
fore, in contrast to the commonly used interior-reflective Newton method,
SA was able to produce accurate results without the need for selecting
appropriate starting values for (kinetic) parameters. The Newton method
yielded biased results, unless it was modified to restart over a range of
initial parameter estimates. For patient studies, where large variability
can be expected, both SA and the extended Newton method provided
accurate results. Small to intermediate mismatches between variance in
data and weighting factors used did not significantly affect the outcome of
the fits. Therefore approximately correct weighting models are required
for good accuracy. It was concluded that selection of specific optimisation
algorithms and weighting factors can have a large effect on the accuracy
and precision of PET pharmacokinetic analyses.
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In chapter 3, improvements by wavelets based denoising of (R)-[11C]PK11195
TACs are discussed. Wavelets allow for filtering frequency components at
selected time intervals and could therefore be ideal for filtering TACs, be-
cause TAC noise levels are time dependent. In simulations, when using
optimised settings, all wavelet filters tested reduced noise without biasing
TACs. Furthermore, for both clinical and simulated data, plasma Logan
VT values increased after filtering. This increase in plasma Logan VT sug-
gests a reduction of noise-induced bias by wavelet based denoising, as was
seen during simulations. However, after filtering, no improvements were
seen for reference Logan DV R outcomes. Wavelet denoising of TACs for
(R)-[11C]PK11195 PET studies might therefore be especially useful when
parametric Logan based VT is the parameter of interest.

Chapter 4 describes a study on the quantification of [18F ]FP-β-CIT, a
tracer of the dopamine transporter used for human PET studies. Simula-
tion studies showed poor fits (Akaike criterion) for plasma input models at
typical noise levels (COV ~ 2.5%) and scan durations (< 90 min). These
poor fits are due to the relatively slow kinetics of [18F ]FP-β-CIT, which
approaches irreversible kinetics for short scan times. However, reference
tissue models provided more reliable fits, which were nearly independent
of noise and scan duration. Similar results were obtained in clinical stu-
dies. SRTM provided best discrimination between patients and controls.
When differentiating between patients and controls, SUVr performed al-
most equally well as SRTM , although contrast between striatum and
background was lower. Therefore, SRTM is the method of choice for
quantitative [18F ]FP-β-CIT studies. SUVr, however, might be an alter-
native for larger clinical trials.

Chapter 5 describes a study on the quantification of [18F ]FDDNP,
a tracer of amyloid deposition. Blood data showed rapid metabolism of
[18F ]FDDNP, with a large number of polar metabolites being formed.
Recently, it has been demonstrated that the latter metabolites may enter
the brain and, therefore, they should be accounted for. To do so, evalua-
tion of analytical methods included a modified 2T4k plasma input model
with an additional compartment for metabolites (2T1M). In clinical stu-
dies, based on the Akaike criterion, the 2T1M model was preferred over
the standard 2T4k model. SRTM showed better correlation with 2T1M
then with 2T4k. Furthermore, in simulations, SRTM showed relatively
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constant bias with best precision, even when it was assumed that metabo-
lites could enter the brain. It was concluded that SRTM is the method
of choice for quantitative analysis of [18F ]FDDNP studies, even if it is
unclear whether labelled metabolites enter the brain.
In chapter 6 various reference tissue based parametric methods for

improving quantification of [11C]PIB studies are evaluated. The follow-
ing parametric methods were evaluated: receptor parametric mapping
(basis function implementation of the simplified reference tissue model
with and without fixed k′2), reference Logan, and several multi-linear ref-
erence tissue methods (again with and without fixed k

′
2). In addition

a semi-quantitative method, SUVr, was evaluated. For clinical studies,
most parametric methods showed comparable performance, with poorest
results for SUVr. Best performance was obtained for receptor paramet-
ric mapping (RPM2) and one of the multi-linear reference tissue mod-
els (MRTM2), both with fixed (reference tissue clearance constant) k′2.
BPND was least affected by noise and generated images showed better
contrast than with other methods. In addition, RPM2 andMRTM2 pro-
vided the most accurate and precise BPND estimates. Therefore, RPM2
and MRTM2 are the methods of choice for parametric analysis of clinical
[11C]PIB studies.
Finally, in chapter 7 the evaluation of several parametric methods for

improving quantification of [18F ]FDDNP studies is described. This study
was similar in design to the [11C]PIB study of the previous chapter. In
clinical studies, again best performance was obtained using RPM2 and
MRTM2. Both methods showed good correlation with SRTM , BPND
was least affected by noise and parametric images showed good contrast.
Similar results were found in the simulations. Therefore, RPM2 and
MRTM2 also are the methods of choice for parametric analysis of clinical
[18F ]FDDNP studies.

8.2 General discussions and future perspectives

This thesis describes two studies in which various algorithms were eval-
uated for improving parameter estimation in general and that are of rel-
evance for any PET tracer. The first study, evaluated various optimisa-
tion algorithms and schemes for weighting data. This study showed that
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weighting factors and optimisation algorithms need to be selected carefully
to obtain the highest possible accuracy for the derived pharmacokinetic
parameters. Furthermore, a procedure for finding optimal non-linear TAC
fits was defined. Subsequently, this procedure was used in all quantifica-
tion studies described in this thesis and future studies should use similar
methods to avoid poor quality fits. The second study evaluated differ-
ent wavelet based filtering algorithms for denoising TAC. Only recently
wavelet based filtering has been introduced into PET. In practice, wavelet
based filtering may be difficult due to the many parameters that need to
be optimized for each tracer. For example, in evaluating various available
wavelet functions, large differences in the outcome were seen. In future
studies an extensive evaluation of different existing wavelet functions to-
gether with novel wavelet functions to be designed specifically for PET
TACs is needed, in order to achieve optimal separation of noise from the
specific signal in the wavelet domain. As a specific example, it was shown
that wavelet denoising of (R)-[11C]PK11195 TACs is useful when Logan
based VT is the parameter of interest. Logan analysis is one of the fastest
methods for generating parametric VT images, but it can suffer from noise
induced bias. In this particular case, wavelet filtering reduce bias and
improved accuracy. This type of filtering could also be useful for other
tracers with relatively low cerebral uptake, because noise induced bias is
a general problem of the plasma Logan method.[13, 55]

In previous [18F ]FP-β-CIT and [18F ]FDDNP studies, analyses were per-
formed using either simple measures such as SUV or (parametric) refer-
ence tissue models without properly validating against a plasma input
model. However, for new tracers such a validation is required to guaran-
tee accurate quantification. This thesis describes a general approach for
determining the most appropriate model, which was applied to [18F ]FP-
β-CIT, [11C]PIB and [18F ]FDDNP studies. This approach can be subdi-
vided into the following steps: (1) assessment of pharmacokinetic models
that describe the underlying kinetic behaviour best, i.e. reversible models,
irreversible models and the number of pharmacokinetic compartments and
parameters to describe; (2) use of both clinical and simulated data to as-
sess of accuracy and precision; (3) evaluation of accuracy and precision of
reference tissue models against the optimal plasma input method in order
to avoid arterial sampling; (4) assessment whether even simpler methods,
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such as SUVr, can be used. In addition to this general approach, some
tracer specific analyses might be required, such as the analysis of the ef-
fects of the slow kinetics of [18F ]FP-β-CIT on outcome accuracy, and the
effects of metabolites entering the brain for [18F ]FDDNP. Using this ap-
proach the most appropriate model for clinical use could be determined
for all 3 ligands. Furthermore, simulations provided estimates of accuracy
and precision under various conditions, such as metabolite levels in brain
tissue, tracer delivery, level of binding, noise levels and scan duration. In
the future, these procedures could be combined into an even more gen-
eralised approach by including linearised methods for irreversible binding
and spectral analysis based methods.

In the study on quantification of [18F ]FP-β-CIT, both SRTM and SUVr
were validated for use in larger future clinical trials in Parkinson’s disease.
Both methods do not require arterial sampling, making studies less in-
vasive. In addition, due to the longer half-life of 18F , [18F ]FP-β-CIT
could be produced centrally and delivered to scanners in hospitals with-
out an on-site cyclotron. To improve future studies, a more sensitive and
a higher resolution scanner (such as the HRRT) is needed for better delin-
eation of sub regions in the striatum. Furthermore, due to disease related
movements, patient motion monitoring and correction techniques should
be evaluated and implemented. Finally, [18F ]FP-β-CIT suffers from very
slow tissue kinetics and a related tracer with faster kinetics would be ad-
vantageous for reducing scanning time.

Both [11C]PIB and [18F ]FDDNP are rapidly metabolised in the human
body. Consequently, a more extensive study is needed to investigating
whether labelled metabolites enter brain tissue. If the metabolites do
enter the brain than the increased number kinetic parameters would de-
grade the quantification, therefore new amyloid binding tracers would be
necessary. Furthermore, so far receptor-ligand models have been used to
analyse data. These models, however, have some limitations when used to
quantify amyloid binding. A receptor ligand can bind to receptors with-
out physical restrictions, only its selectivity to the receptor or competition
with endogenous ligands can reduce its specific binding. However, in case
of amyloid tracers, binding to the outer surface of the amyloid plaques is
much easier than binding sites in the inner (shielded) core, reducing the
effective binding seen with PET[106]. Further evaluation of this potential
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underestimation in binding is needed.
Overall, SRTM is the best kinetic method for analysing both [11C]PIB

and [18F ]FDDNP scans and should be used in future studies. [18F ]FDDNP
is less suited for diagnosing Alzheimer’s disease, but may be better for
following disease progression, as shown elsewhere.[100] [11C]PIB, on the
other hand, is better suited for diagnosing AD.[108] Labelling with 11C
makes distribution of PIB to remote scanners impossible. On the other
hand, 11C labelled tracers are better suited for response studies than 18F
labelled tracers, because of the lower radiation dose to the patient. Future
amyloid tracers preferably should have low levels of non-specific binding,
and limited peripheral metabolism with labelled metabolites not enter-
ing the brain. Ideally, such a tracer should be useful both for diagnosing
Alzheimer’s disease at its earliest stage and for following disease progres-
sion, enabling monitoring the effects of novel treatment strategies.
Further optimisation of quantifying [11C]PIB and [18F ]FDDNP studies

focussed on parametric imaging. Most parametric methods are ‘linearised
versions’ of the corresponding (non-linear) compartment model. These
methods are much faster and less sensitive to noise than methods that are
based on non-linear regression, usually at the cost of additional bias in the
parameters of interest. Although most previous studies have used refer-
ence Logan to generate parametric images of [11C]PIB and [18F ]FDDNP
binding, this thesis has shown that this is not the optimal parametric me-
thod for these two tracers. For both tracers best accuracy and precision
was obtained using RPM2 and MRTM2, in which the efflux rate con-
stant k′2 of the reference tissue is fixed to the median value obtained from
a first run with free k′2.
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9 Samenvatting, kwantificatie van
PET hersenstudies

9.1 Inleiding
Positron emission tomography (PET) is een medische afbeeldingtechniek
waarmee het mogelijk is om verschillende farmacokinetische parameters in
vivo te kwantificeren. Deze parameters worden bepaald uit nauwkeurige
meting van de verdeling van geïnjecteerde radioactief gemerkte stoffen
(=radiotracers). Nauwkeurige meting van de farmacokinetische parame-
ters is mogelijk door de hoge sensitiviteit en een goede spatiele resolutie
(~2.5-7 mm FWHM) van de PET camera. PET studies worden gebruikt
voor het kwantitatief bepalen van weefsel functies en voor het onderzoek
naar de effecten van nieuwe medicijnen.
Dit proefschrift beschrijft diverse methoden voor verbetering van de

kwantificatie van humane PET hersenstudies. Daarbij werden de effecten
van verschillende filters, wegingsfactoren en optimalisatie-algoritmen op
de nauwkeurigheid van niet-lineaire regressie fits van tijds-activiteits cur-
ven (TACs) uitvoerig onderzocht. Dit proefschrift beschrijft ook enkele
validatiestudies van nieuwe tracers die gebruikt worden bij onderzoek
naar de ziekte van Parkinson ([18F ]FP-β-CIT en de ziekte van Alzheimer
([18F ]FDDNP and [11C]PIB).
In PET studies van de hersenen wordt in vele gevallen gekeken naar

verschillen in neuroreceptorbinding tussen de subjecten. Receptorbind-
ing wordt bepaald door gebruik te maken van radiotracers met een hoge
affiniteit voor die receptor. Daarbij wordt eerst een dynamische PET scan
uitgevoerd waarbij een serie opeenvolgende afbeeldingen wordt gemaakt,
zodat opname, retentie en klaring van de tracer per regio nauwkeurig
kunnen worden vastgelegd in TACs. Daarna worden de farmacokinetische
parameters bepaald door de TACs te analyseren met behulp van een far-
macokinetische model, waarbij over het algemeen gebruik wordt gemaakt
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van niet-lineaire regressie. Tijdens niet-lineaire regressie worden, met be-
hulp van een optimalisatie algoritme, de fysiologische parameters gewijzigd
totdat een optimale fit met de gemeten data is gevonden.

Een PET farmacokinetische model is gebaseerd op receptor-ligand bind-
ing en beschrijft de kinetiek van het ligand in bloed en weefsel, waarbij
in het laatste geval het ligand zowel vrij kan voorkomen als gebonden
aan neuroreceptoren. De belangrijkste farmacokinetische parameters bij
neuroreceptor studies zijn het distributie volume (VT ) en de bindingspo-
tentiaal (BPND). VT is een relatieve maat voor de (totale) opname van
de radiotracer in weefsel ten opzichte van die in plasma, terwijl BPND een
directe maat voor ligand-receptor binding is. In de literatuur wordt onder-
scheid gemaakt tussen twee soorten farmacokinetische modellen, namelijk
’plasma input’ en ’reference tissue’ modellen. Plasma input modellen zijn
theoretisch gezien nauwkeuriger, maar ze zijn tegelijk ook invasiever voor
de patiënt omdat daarbij arterieel bloed continu moet worden afgenomen
tijdens de gehele PET scan. Tevens moeten de tracer- en metabolietac-
tiviteitsconcentraties in het arterieel bloed nauwkeurig worden gemeten
voor goede kwantificatie. Bij de reference tissue modellen zijn geen metin-
gen en/of afname van arterieel bloed nodig, maar in plaats daarvan wordt
een referentie gebied gebruikt. Het referentiegebied moet vergelijkbaar
zijn met het te onderzoeken weefsel, maar de receptor waar de tracer aan
bindt mag er niet in voorkomen. De toepasbaarheid van reference tissue
modellen moet voor iedere nieuwe tracer worden gevalideerd, bijvoorbeeld
door vergelijking met plasma input modellen. In dit proefschrift wer-
den de meest gangbare niet-lineaire farmacokinetische modellen gebruikt,
zoals de ‘single-tissue’ (1T2k), ‘two-tissue irreversible’ (2T3k), ‘two-tissue
reversible’ (2T4k), ‘simplified reference tissue’ (SRTM) en ‘full reference
tissue’ (FRTM) modellen. BPND werd bepaald met de modellen 2T4k,
SRTM en FRTM , terwijl VT werd bepaald met de modellen 1T2k en
2T4k. BPND werd ook indirect met behulp van de distributie volume ra-
tio (= DV R = V target

T /V reference
T = BPND − 1) uitgerekend. De indirect

bepaalde BPND is daarmee vergelijkbaar met de BPND gevonden met de
reference tissue modellen (SRTM en FRTM).

Naast de niet-lineaire farmacokinetische modellen zijn er ook gelin-
eariseerde methoden. Deze lineaire methoden zijn soms minder nauwkeurig,
maar wel veel sneller en minder gevoelig voor ruis, dan de niet-lineaire

170



9.2 Resultaten en conclusies van het onderzoek

modellen. Ruis is vooral hoog bij kleinere regio’s. Lineaire methoden
zijn daardoor geschikt voor snelle kinetische analyse van alle voxels van
een brein of bij kwantificatie van zeer heterogeen verdeelde tracerbinding,
waarbij door gebruik van grotere regio’s mogelijke afwijkingen verloren
gaan. Methoden, waarbij analyses op voxel niveau worden uitgevoerd
geven daarbij afbeelding van de onderliggende kinetische parameters en
worden daarom ook wel parametrische methoden genoemd. De nauwkeu-
righeid van parametrische methoden moet bij iedere nieuwe tracer eerst
worden gevalideerd gebruikmakend van niet-lineaire modellen en zowel
simulaties als klinische data.
Tot slot zijn er ook nog semi-kwantitatieve methoden zoals de standard-

ised uptake value (SUV ) ratio met de reference tissue (SUVr) geëvalueerd.
Deze methoden geven een schatting van de tracer binding als de tracer op-
name een equilibrium heeft bereikt. Ondanks de grote afwijking worden
deze methoden vooral toegepast bij grote klinische studies of bij routine
gebruik voor diagnose.
Bij alle evaluaties werden naast klinische data ook gesimuleerde data

gebruikt. Met gesimuleerde data is het mogelijk om de invloeden van
diverse parameters, zoals bijvoorbeeld perfusie en receptordichtheid, op de
nauwkeurigheid en precisie van farmacokinetische modellen te bestuderen.

9.2 Resultaten en conclusies van het onderzoek

Hoofdstuk 2 beschrijft de invloeden van verschillende wegingsfactoren en
optimalisatiealgoritmen op kwantificatie van de fysiologische parameters.
Dit onderzoek introduceert voor PET een nieuw op ’simulated anneal-
ing’ gebaseerd optimalisatiealgoritme (SA). De algoritmen werden getest
op data verkregen met de tracers [15O]H2O, [11C]Flumazenil, en (R)-
[11C]PK11195. SA is een algoritme dat tijdens optimalisatie automatisch
nieuwe betere (start-) parameters genereert en dan de optimalisatie op-
nieuw uitvoert. Met SA is het daardoor mogelijk om nauwkeurig te fitten,
en de resultaten zijn onafhankelijk van de gegeven startwaarden van de fit-
parameters. Het interior-reflective Newton algoritme is de meest gebruikte
optimalisatietechniek binnen PET. Dit algoritme gaf tijdens de experi-
menten onnauwkeurige resultaten, maar de resultaten werden beter nadat
ook dit algoritme werd aangepast om automatisch een aantal keren te her-
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starten met nieuwe startparameters. Tijdens regressie worden, afhankelijk
van de mate van ruis, wegingsfactoren gebruikt om onderscheid te maken
in de nauwkeurigheid van de verschillende TAC datapunten. De invloed
van variaties in wegingsfactoren waren klein, mits het verschil tussen het
gesimuleerde ruismodel en de ruis in de data klein was. Daarom zijn cor-
recte wegingsfactoren noodzakelijk voor een goede nauwkeurigheid. Met
deze studie is hiermee aangetoond dat de keuze van een goed optimal-
isatiealgoritme en de juiste wegingsfactoren een groot effect kan hebben
op de nauwkeurigheid en precisie van de kinetische parameters.

Hoofdstuk 3 beschrijft de effecten van enkele op ’wavelets’ gebaseerde
filtertechnieken voor het filteren van TACs, om daarmee de kwantifi-
cering van (R)-[11C]PK11195, een tracer voor geactiveerd microglia, te
verbeteren. Wavelets filtering is een recent ontwikkelde techniek. Met
wavelets kan men frequenties filteren bij zelf gekozen tijdsintervallen. Hi-
erdoor kan men bijvoorbeeld latere frames van TACs sterker filteren om-
dat het signaal daar laagfrequent is. In gesimuleerde data was na filter-
ing een verbetering te zien in de TACs, omdat de ruis verminderde, de
vorm behouden bleef en de TACs meer gingen lijken op de gesimuleerde
ruisvrije curves. Plasma Logan VT van de gefilterde TACs nam signifi-
cant toe bij gesimuleerde en klinische data. De toename in VT suggereert
een vermindering van de door ruis geïnduceerde afwijking na toepassing
van wavelet filtering. Er was, in tegenstelling tot de plasma Logan meth-
ode, geen verbetering te zien in de farmacokinetische parameters van de
reference tissue Logan methode. Geconcludeerd kan worden dat gebruik
van wavelet-filters de analyse van (R)-[11C]PK11195 studies met plasma
Logan VT aanzienlijk kan verbeteren.

Hoofdstuk 4 beschrijft een humane validatiestudie voor de tracer [18F ]FP-
β-CIT. Dit is een tracer voor de dopaminetransporter en kan gebruikt wor-
den bij onderzoek naar de ziekte van Parkinson. Reversible plasma input
modellen (1T2k en 2T4k) gaven slechte fits bij gebruikelijke ruis niveaus
(COV ~ 2.5%) en scantijden (<90 min). Slechte fits zijn het gevolg van de
trage kinetiek van [18F ]FP-β-CIT, waardoor er bij korte scantijden geen
goed onderscheid mogelijk is tussen reversibele en irreversibele binding.
De reference tissue modellen (SRTM en FRTM) lieten veel stabielere re-
sultaten zien, die minder afhankelijk waren van ruis of kortere scantijden.
SRTM liet het grootste verschil tussen gemiddelde BPND van patiënten
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en gezonde vrijwilligers zien. SUVr liet een vergelijkbaar verschil zien,
maar het contrast tussen striatum en achtergrond was voor SUVr lager.
Geconcludeerd kan worden dat met SRTM de hoogste nauwkeurigheid en
precisie gehaald wordt. SRTM verdient daarom de voorkeur voor kwanti-
tatieve analyse van [18F ]FP-β-CIT studies. SUVr zou een goed alternatief
kunnen zijn bij grotere klinische studies.

Hoofdstuk 5 beschrijft een humane kwantificatiestudie van de tracer
[18F ]FDDNP. Dit is een tracer die gebruikt wordt voor het afbeelden van
de stapeling van amyloid en ‘neurofibrillary tangles’ in de hersenen van
patiënten met de ziekte van Alzheimer. In bloedmonsters is te zien dat
[18F ]FDDNP snel wordt afgebroken, waarbij een relatief grote hoeveelheid
polaire metabolieten ontstaat. Deze polaire metabolieten zouden mogelijk
in de hersenen opgenomen kunnen worden. Om het effect hiervan te on-
derzoeken werd naast de gangbare farmacokinetische modellen ook een
aangepast 2T4k model gebruikt met een extra parallel compartiment voor
metabolieten in weefsel (2T1M). Het 2T1M model, kreeg volgens het
Akaike criterium, de voorkeur boven het 2T4k model voor analyse van
klinische data. Bovendien correleerde het 2T1M model voor klinische
data veel beter met SRTM dan het gebruikelijke 2T4k model. In sim-
ulaties had SRTM voor het bepalen van BPND de hoogste precisie met
een relatief constante bias. SRTM heeft daarom de voorkeur voor kwan-
titatieve analyse van [18F ]FDDNP studies. Zelfs als metabolieten in de
hersenen opgenomen worden geeft SRTM nog steeds goede resultaten.

Hoofdstuk 6 beschrijft verschillende op reference tissue gebaseerde
parametrische methoden met het doel om de kwantificatie van [11C]PIB
studies te verbeteren. [11C]PIB is eveneens een tracer die gebruikt wordt
voor het afbeelden van amyloid stapeling in de hersenen bij de ziekte van
Alzheimer. De in dit studie geëvalueerde parametrische methoden zijn
‘receptor parametric mapping’, ‘reference Logan’ en enkele multi-lineaire
reference tissue methoden. Daarnaast ook de semi-kwantitatieve methode,
SUVr, geëvalueerd. De meeste methoden lieten een onderling vergelijk-
baar resultaat zien bij klinische evaluaties met minder goede resultaten
voor SUVr. De beste resultaten werden echter verkregen met ‘receptor
parametric mapping’ (RPM2) en een van de multi-lineaire reference tissue
methoden (MRTM2), allebei met een gefixeerde (reference tissue clear-
ance constant) k′2. RPM2 enMRTM2 hadden minder last van ruis en de
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parametrisch beelden toonden meer contrast dan parametrische beelden
gegenereerd met de andere geteste methoden. Ook waren bij de simulaties
nauwkeurigheid en precisie van de gefitte BPND het beste voor RPM2 en
MRTM2. Deze methoden zijn daarom het meest geschikt voor [11C]PIB
studies.
Hoofdstuk 7 beschrijft de evaluatie van verschillende op reference tis-

sue gebaseerde parametrische methoden met als doel de kwantificatie van
[18F ]FDDNP studies te verbeteren. De uitvoering van deze studie is
vergelijkbaar met de hier boven beschreven [11C]PIB studie. In een voor-
gaande studie (hoofdstuk 6) was al aangetoond dat SRTM het meest pre-
cieze model is voor gebruik bij analyse van [18F ]FDDNP studies. In deze
studie, lieten RPM2 en MRTM2 bij klinische data een goede correlatie
zien met SRTM , de BPND verkregen met deze methoden werd het minst
beïnvloed door ruis en de parametrische beelden lieten het beste contrast
zien. Vergelijkbare resultaten werden gevonden tijdens simulaties. RPM2
enMRTM2 zijn daarom ook de meest geschikte parametrische methoden
voor [18F ]FDDNP studies.
De in dit proefschrift ontwikkelde methoden en kinetische modellen

stellen ons in staat om kwantitatieve gegevens van binding van de ver-
schillende genoemde tracers nauwkeurig in vivo af te beelden. Hiermee
kan op een nauwkeurige wijze inzicht verkregen worden in (het verloop
van) pathofysiologische processen in de hersenen bij diverse neurologische
aandoeningen.
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10 Appendix

10.1 Overview of non-lineair compartment models

Below is given a table with all non-lineair pharmacokinetic compartment
models used in this thesis. The plasma input models were also used to
estimate the fractional blood volume Vb. Furthermore, reversible plasma
input models can be used to estimate the binding potential indirectly
(BPND = DV R− 1 = V target

T /V reference
T − 1).
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Model Description

1T2k Reversible plasma input model with single tissue compart-
ment. This model provides two kinetic parameters: K1

(ml ∗ cm−3min−1) and k2(min−1). Volume of distribution
is estimated using VT = K1/k2.

2T3k Irreversible plasma input model with two tissue compart-
ments. This model provides three kinetic parameters: K1

(ml ∗ cm−3min−1), k2(min−1) and k3(min−1) .
2T4k Reversible plasma input model with two tissue compart-

ments. This model provides four kinetic parameters: K1

(ml ∗ cm−3min−1), k2(min−1), k3(min−1) and k4(min−1).
Volume of distribution and the binding potential can be es-
timate using VT = K1/k2 ∗ (1 + k3/k4) and BPND = k3/k4,
respectively.

2T1M A modified 2T4k model with an additional (parallel) single-
tissue compartment for labelled metabolites. This model
provides six kinetic parameters: K1 (ml ∗ cm−3min−1),
k2(min−1), k3(min−1), k4(min−1), K1m (ml ∗ cm−3min−1)
and k2m (min−1). Volume of distribution and the binding
potential can be estimate using VT = K1/k2 ∗ (1 + k3/k4) and
BP 2T1M

ND = k3/k4, respectively. Volume of distribution of
metabolites can be estimates using VTm = K1m/k2m.

2T1Mfvtm Same model as 2T1M , however the ratio of K1m/k2m is fixed
to an appropriate value. Therefore this model provides only
five kinetic parameters.

SRTM Simplified reference tissue model uses a single tissue com-
partment for both the reference and the target regions. This
model provides three kinetic parameters: R1, k2(min−1), and
BPND.

FRTM Full reference tissue model assumes single and two tissue com-
partments for the reference and target regions, respectively.
This model provides four kinetic parameters: R1, k2(min−1),
k3(min−1) , and BPND.
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10.2 Inplementation of simulated annealing
1. Initialising

a) User given starting parameters (start parameter, Xstart; initial max-
imum step size, IMS; final maximum step size, FMS; maximum
number of function evaluations, fevalfsMAX; cost function,F (x))

b) Control parameters (step size (SS); reduced temperature ß, ß is the
reduced temperature, ß = 1

kT , T is the control parameter ‘temper-
ature’ and k is the Boltzmann constant. For more information see
[34]. Start values are set as follows:
i. SS = IMS

ii. ß = 1
c) Minimize F {x} with starting parameter Xstart, using the non-linear

conjugate gradient method (CG, [19], pp 343-52) and store the result
in Xmin,current
i. Xmin,current = CG {F (Xstart)}

2. Calculate the next parameter (Xnext) by adding a random generated value
(uniformly distributed within ±SS) to each parameter of Xmin,current:

a) Xnext = Xmin,current+SS ▪ (2 ▪ random− 1), random is a routine for
generating uniformly distributed random numbers between 0 and 1

3. Minimize F (x) with starting parameter Xnext and store the result in
Xmin,next:

a) Xmin,next = CG {F (Xnext)}

4. Reduce step size, SS, linearly with the total number of function evaluations
already used (fevalfs):

a) SS =
(
FMS−IMS
fevalfsMAX

)
▪ fevalfs+ IMS

5. Check if Metropolis Monte Carlo criterion accepts the next configuration
(step) or keeps the current configuration (For more information see [34]):

a) If e−(F (Xmin,next)−F (Xmin,current))▪ß > random, then accept next con-
figuration (Xmin,current = Xnext)
i. If F (Xmin,current) has a lower value then best known lowest cost

function value, then remember this as the new best known lowest
cost function value
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b) Or else reject next configuration (Xmin,current stays the same)

6. After e.g. 10 iterations

a) Calculate the acceptance chance of last 10 iterations, i.e. percent-
age of accepted parameters during iterations and adjust ß to keep
acceptance chance constant at 50%:
i. ß If acceptance chance > 60 % then increase ß
ii. ß If acceptance chance < 40 % then decrease ß

b) Put current position back to the lowest found local minimum, so the
algorithm can focus its search around the best local minimum found
so far

7. If maximum function evaluations are reached then stop, otherwise back to
2

10.3 Overview of parametric algorithms
The parametric methods evaluated in the present study are all based on
a reference tissue approach, thereby avoiding the need for arterial cannu-
lation. The reference region consists of a single tissue compartment for
the (free) tracer, with K

′
1 and k

′
2 giving influx (ml ∗ cm−3min−1) and

efflux (min−1) rate constants, respectively. These rate constants describe
the exchange between plasma and reference region. In general, the target
region consists of two tissue compartments, for free and bound tracer, re-
spectively. K1 (ml ∗ cm−3min−1), k2(min−1), k3(min−1) and k4(min−1)
are rate constants describing exchange between the various compartments
for the target region. In case of methods based on the simplified reference
tissue model (SRTM , [9]) the target consists of only one compartment
containing both free and bound tracer. For SRTM , K1 (ml∗cm−3min−1)
and k2a (min−1) are rate constants, describing exchange between plasma
and target tissue. Here k2a equals k2

1+k3/k4
from the two-tissue compart-

ment model mentioned above.
The reference tissue model is based on a number of assumptions. First,

the contribution by fractional blood volume in tissue (Vb) is assumed to be
negligible, which may be true after a time point (= t∗) measured beyond
the initial peak. In the present study the optimal t∗ was estimated for
each parametric method using several test runs and clinical data. This
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was required, as the same t∗ is not necessarily optimal for all methods. In
particular, a difference between reference Logan and the various MRTM
methods was expected, as the first requires a fit to the (later) linear part
of the plot only, whilst the latter are multi-linear approaches that allow
for the inclusion of more data points. Next, influx and efflux ratios for
reference and target tissues are assumed to be the same, i.e. K′1/k′2 = K1/k2.
Finally, it is assumed that Vb▪CP (t)

CND(t) ≈ 0 in reference Logan based methods.
Here, CP (t) is the concentration of the radioligand in plasma, and CND (t)
is the concentration of the radioligand in the non-displaceable tissue, i.e.
the reference tissue.

10.3.1 Reference Logan

The reference Logan method [16] is based on solving the compartmental
differential equations by integration and linearization, thereby reducing
computation time and avoiding convergence problems as seen for non-
linear methods. The equation for the reference Logan method is given
by:

Y1 = r1X1 + term1 (10.1)

with Y1 =
´ t

0 CT (t)dt
CT (t) , X1 =

´ t
0 CND(t)dt
CT (t) , r1 = a

a′ , term1 = −ab′

a′
CND(t)
CT (t) + b,

b = − 1
k2
, b′ = − 1

k
′
2
, a′ = K

′
1

k
′
2
, a = K1/k2 + K1k3

k2k4
and CT (t) is the concen-

tration of radioligand in tissue. term1 is constant, because in this model
CT (t)
CND(t) is assumed to be constant, which may be true during equilibrium
for certain tracers. For both [18F ]FDDNP and [11C]PIB linear regression
was performed only on data beyond t∗ = 50 minutes. The distribution
volume ratio (DV R = r1) and the binding potential (BPND = r1− 1) are
then obtained from the resulting regression parameters.

10.3.2 MRTMo

The original Multi-linear Reference Tissue Method (MRTMo, [14]) is
based on the reference Logan method. However, in MRTMo, CT (t)

CND(t) is
not assumed to be constant, and thus multi-linear regression is needed for
analysis:

Y1 = r1X1 − r2X2 + b (10.2)
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with X2 = CND(t)
CT (t) and r2 = ab′

a′ . For both [18F ]FDDNP and [11C]PIB,
linear regression was performed only using data beyond t∗ = 5 minutes.
R1 (= r2

b ), DV R (= r1) and BPND (= r1 − 1) are then estimated from
the fit parameters.

10.3.3 MRTM

Rearrangement of equation 10.2 leads to MRTM [14], which is given by
the following equation:

Y2 = γ1Z1 + γ2Z2 + γ3Z3 (10.3)

with Y2 = CT (t), Z1 =
´ t

0 CND (t) dt, Z2 =
´ t

0 CT (t) dt, Z3 = CND (t),
γ1 = − a

a′b , γ2 = 1
b and γ2 = ab′

a′b . For both [18F ]FDDNP and [11C]PIB, lin-
ear regression was performed only using data beyond t∗ = 5 minutes. After
multi-linear regression BPND is estimated using BPND = −

(
γ1
γ2

+ 1
)
, k′2

is estimated using γ1
γ3
.

10.3.4 MRTM2

Rearrangement of MRTM leads to MRTM2 [14]:

Y2 = γ1Z4 + γ2Z2 (10.4)

with Z4 =
´ t

0 CND (t) dt+ b′CND (t) dt, b′ is fixed to the median b′ (= − 1
k
′
2

) from all pixels with BPND > 0 taken from a first run using MRTM .
For both [18F ]FDDNP and [11C]PIB, linear regression was performed only
using data beyond t∗ = 5 minutes. After multi-linear regression BPND is
estimated using BPND = −

(
γ1
γ2

+ 1
)
and in case of single tissue R1 and

k2 can be found using R1 = γ1
k
′
2
and k2 = −γ2.

10.3.5 MRTM3

MRTM3 equals MRTMo with fixed k
′
2 to the median k

′
2 for all pixels

with BPND >0 from an initial run of MRTMo. For both [18F ]FDDNP
and [11C]PIB, linear regression was performed only using data beyond t∗
= 5 minutes.
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10.3.6 MRTM4
MRTM4 equals MRTMo with fixed k

′
2 to the median k

′
2 for all pixels

with BPND >0 from an initial run of MRTM . For both [18F ]FDDNP
and [11C]PIB, linear regression was performed only using data beyond t∗
= 5 minutes.

10.3.7 RPM1
Reference parametric mapping (RPM1, [10]) is an implementation of
SRTM using basis functions [10] in order to improve speed and avoid
convergence problems. In this method, 40 basis functions were used. For
both [18F ]FDDNP and [11C]PIB, θmin3 = kmin2

1+BPmaxND
and θmax3 = kmax2 were

set to 0.01 and 0.3 min−1, respectively.[10]

10.3.8 RPM2
RPM2 is preformed using RPM1 in two consecutive runs, as described
by Wu and Carson [112] for SRTM , in order to improve signal to noise
ratio. In a first run of RPM1 the median k′2 is estimated for all pixels with
BPND >0. This is then fixed during a second run. In this method, again
40 basis functions were used. For both [18F ]FDDNP and [11C]PIB, θmin3 =

kmin2
1+BPmaxND

and θmax3 = kmax2 were set to 0.01 and 0.3 min−1, respectively.
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