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Chapter 1. General Introduction

In vivo visualization and quantification of biochemical processes and

structures of the human body is important for understanding mechanisms un-

derlying disease and normal body processes. While x-ray, computed tomog-

raphy (CT), and magnetic resonance imaging (MRI) are valuable approaches

to image anatomical structures, for the underlying physiological time-varying

mechanisms, molecular imaging techniques are needed.

Amongst all available molecular imaging techniques, positron emis-

sion tomography (PET) is the most specific and sensitive method.1 This tech-

nique requires the injection of a tracer amount of a compound labelled with

a positron emitting radionuclide. After injection, this radiotracer is distributed

throughout the body according to the characteristics of the (labelled) com-

pound. The radionuclide decays to a stable state by emitting a positron, which

travels only a very short distance before colliding with a free electron. The

combination of positron and electron is unstable, resulting in the annihilation

of both particles, and the simultaneous emission of two high-energy photons.

These photons travel in essentially opposite directions and can be simultane-

ously detected (coincidence detection) outside the body by the ring of detec-

tors of the PET scanner. The detection of these photons can then be trans-

lated into 3D images, showing the distribution of the radiotracer within the

body, reflecting the biochemical process under study.2

There are many different processes within the body that can be vi-

sualised using different radiotracers. For example, tissue metabolism can

be measured using the glucose analogue [18F]-2-fluoro-2-deoxy-D-glucose

(FDG). Images provided by this radiotracer may show metabolic abnormali-

ties, which might be the consequence of a disease.3 Furthermore, cancer-

ous cells are also known to consume more glucose than normal tissue and,

therefore, FDG can also be used for the visualisation of tumours throughout

the body.4 Moreover, metastatic prostate cancer can be imaged using the

prostate-specific membrane antigen using [68Ga]PSMA.5 In the brain sero-
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tonin transporter and neuroinflammation may, for example, be assessed by

other radiotracers such as [11C]DASB,6 and (R)-[11C]PK11195 or

[11C]PBR28,7 respectively, which are relevant targets in depression, brain in-

jury, and neurodegeneration studies. With these many applications, PET can

be an important tool not only for clinical diagnosis and disease staging, but

also for monitoring disease progression, response during therapy, and drug

development.8

Neurodegeneration

PET imaging with different radiotracers may be used for diagnostic purposes

in dementia and for studying the pathophysiological processes in neuronal

decay. Neurodegeneration is characterized by a progressive loss of neuronal

function up to, and including, neuronal death. Although neurodegeneration is

a common feature of several diseases, the exact reason for such an elevated

neuronal loss is not completely clear. A consequence of this process, when it

goes beyond normal ageing, is the gradual loss of cognitive abilities, resulting

in dementia.9 Dementia is a symptom that can be associated with several

diseases, although it may present itself differently.3

Studies have already shown that neurodegeneration is correlated

with a reduction in cerebral glucose consumption.3;10 Therefore, glucose imag-

ing is a suitable tool for the visualization of hypometabolism caused by a

disease, and it may aid clinicians with identifying different diseases earlier

and more accurately, since each one presents itself in a different form. As

an example, while patients with Parkinson’s disease show decreased meta-

bolic brain activity (hypometabolism) contralateral to the affected body side

in the prefrontal cortex, anterior cingulate, gyrus and a few parietal and oc-

cipital regions, patients diagnosed with dementia with Lewy Bodies showed

hypometabolic activity in the occipital lobe, parietotemporal, and frontal re-
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Chapter 1. General Introduction

gions.3

Alzheimer’s Disease

The most common form of dementia is Alzheimer’s Disease (AD), which ac-

counts for 60-70% of all cases.9 In the clinic, AD typically presents itself with

a decline in memory, but it can also show decay in other cognitive domains,

such as executive functioning, orientation in time and space, and language.11

This disease usually starts by showing symptoms in elderly people above

60 years of age, but it can also have an early onset, where people between

30 and 60 years present symptoms. In clinical practice, often a Mini-Mental

State Examination (MMSE) is used to measure cognitive impairment. This is

a 30-point questionnaire where patients with a score below 24 are considered

cognitively impaired.12 Furthermore, AD patients usually show a reduction in

hippocampal volume,13 reduced brain metabolism,14 and abnormal deposi-

tion of amyloid-β (Aβ) plaques and neurofibrillary tau tangles in the brain.15

These deposits can be verified in a post-mortem examination using immuno-

histochemical staining of Aβ and tau tangles.15 Studies have shown that Aβ

deposition is the first abnormality in the brain of cognitively normal people who

eventually may develop AD, followed by tau aggregations and, then, changes

in brain structure.15 It takes many years between the first appearance of Aβ

deposits and the first symptoms. Furthermore, some cognitively normal el-

derly people might also present some amyloid load.16

In research settings, a framework was established for a clear defini-

tion of AD, considering Aβ plaques and tau tangles as the main biomarkers for

differentiating AD from other neurodegenerative diseases.17 The same frame-

work also introduced the term ‘Alzheimer’s continuum spectrum’ to define all

subjects who present with abnormal Aβ deposits, whilst the term ‘Alzheimer’s

Disease’ was used only for patients who present with both Aβ plaques and tau
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neurofibrillary tangles.17

As PET enables in vivo imaging of a broad range of functional pro-

cesses, it is an important tool not only to aid clinicians in the diagnosis of AD,

but also to assist in the correct identification of cohorts of patients in research

and drug development studies. The importance of accurately selecting AD

patients and subjects that are in an early stage of the disease is critical for

drug intervention early during the disease process when cognition is not yet

too much affected.10;17

All previously described changes in the brain of AD patients can be

visualised in vivo using either PET (for functional changes) or MRI (for anatom-

ical changes) imaging techniques. As previously mentioned, AD is a neurode-

generative disease that results in a reduction in cerebral glucose consumption.

FDG PET is a useful tool for the identification of hypometabolic brain, and it

has previously been reported that these reductions start happening years be-

fore clinical symptoms.18 When compared with age-matched healthy volun-

teers, the main regions that show metabolic reductions are the parietotempo-

ral, frontal, and posterior cingulate cortices. Furthermore, these reductions

become more pronounced with disease progression and they are associated

with a decrease in cognitive test scores.14 Figure 1.1 shows typical FDG scans

for an AD patient and a healthy volunteer.

[11C]labelled Pittsburgh Compound B (PIB) was one of the first radio-

tracers developed for in vivo imaging of Aβ plaques in the brain.19 More re-

cently, other radiotracers such as [18F]florbetapir, [18F]florbetaben, and

[18F]flutemetamol, have been developed for Aβ imaging,20 but PIB remains the

gold standard. PET scans of AD patients have shown generally increased cor-

tical and subcortical uptake when compared with healthy controls, who show

a higher binding of PIB in white matter regions when compared to grey mat-

ter (Figure 1.1). Aβ-deposition has been shown to happen in phases, affecting
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Chapter 1. General Introduction

different parts of the brain following a distinct sequence: starting at the neocor-

tex; moving to allocortical regions, then the diencephalic nuclei, the striatum,

and the cholinergic nuclei of the basal forebrain, with the brainstem becoming

involved in the next stage, and, finally, the cerebellum.21

Figure 1.1: Typical FDG (left column) and PIB (right column) patterns of an
AD patient (top row) and an age-matched healthy control (bottom row). Colour
scales were adjusted to the same range.

Mild Cognitive Impairment

Mild cognitive impairment (MCI) is an intermediate stage between healthy in-

dividuals and demented patients. In this stage, patients start having cognitive

complaints, but these do not (yet) affect the performance of daily activities.22

Some MCI patients may present elevated Aβ deposits when compared with

healthy controls, while others show close to no deposition. According to the

new framework for classification, these first patients are part of the Alzheimer
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spectrum, but are not yet considered to be AD patients. Longitudinal stud-

ies suggest that most of these patients with Aβ deposits ultimately convert to

AD.23 Moreover, it has been estimated that 30% of MCI patients eventually

convert, at an annual rate of 10 to 15%.24

Both FDG and PIB PET scans are also useful for distinguishing MCI

patients from healthy controls. However, changes in amyloid retention, and

thus in PIB signal, are more pronounced than changes in glucose consump-

tion,25 making it easier to distinguish between both diagnoses on the basis of

PIB scans rather than FDG scans.

PET Quantification and Data Analysis

Visual Assessment

For clinical diagnostic purposes, visual assessment of PET scans suffices in

most cases. In this scenario, a PET scan is acquired over a brief period of

time (e.g. 20 to 30 minutes acquisition), usually around 30 to 60 minutes

after tracer injection. The high-quality static (i.e. single) image shows cerebral

tracer uptake. With this, clinicians can assess the presence of disease by the

decreased or increased uptake of the radiotracer also considering total brain

uptake pattern, for example. However, visual assessment of images relies on

the expertise of the clinician and it is subject to observer variability.26;27 This

assessment can also be performed using semi-quantitative approaches.

Semi-Quantitative Approaches

The most commonly used approach to standardize the uptake in static PET

images is by using the Standardized Uptake Values (SUV). This parameter

is calculated by dividing the measured activity concentration in tissue by the
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ratio of injected activity and body weight of the subject (either total or lean

body mass). When a reference region is available (i.e. a region where no spe-

cific binding of the tracer occurs), a ratio with the average value of this region

(SUVR) can be used. This normalization process allows for the comparison of

tracer uptake between subjects and studies.

However, SUV and SUVR are standardized measures of total radio-

tracer uptake at the time of the scan. This means that although the concen-

tration of radioactivity measured by the PET scanner is normalized, it does

not discriminate between the possible sources of the signal, such as specific

uptake and uptake in blood (Figure 1.2). Hence, these measures are only

semi-quantitative. Sometimes semi-quantitative scans are also acquired at

the same time of tracer injection. In this case, the PET acquisition is started

at the same time and the scan may last from 10 to 20 minutes. These images

are often considered as measurements of blood flow. Moreover, tracers that

target P-glycoprotein, an efflux transporter of the blood-brain barrier, such as

[11C]Verapamil and [18F]MC225, are recommended to be scanned with shorter

acquisition times, for example.28;29

Figure 1.2: Possible partition of the PET signal in tissue.
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Quantitative Approaches

An example to illustrate the importance of accurate parameter quantification

is the neurokinin-1 receptor status study by Wolfensberger and colleagues.30

In this study, PET scans were performed in a group of healthy volunteers be-

fore and after the oral administration of an antagonist of this receptor. Figure

1.3 shows SUV images (first row) and quantitative (specific) binding potential

(BPND) images (bottom row) before (first column) and after (right column) ad-

ministration of the antagonist aprepitant. In this example, the quantitative im-

ages show almost complete blocking of the receptor in the striatum, while SUV

images still show considerable uptake (which, in fact, represents non-specific

binding). Therefore, in this case, SUV images, in this case, are misleading,

resulting in incorrect estimation of tracer binding.

To quantitatively measure a (patho)physiological process, a dynamic

PET scan is required. Instead of a short static acquisition, a series of 3D

scans is acquired and reconstructed at different intervals of the total duration

of the scan. This 4D (3D in space plus 1D of time) set of images reflects

the dynamic uptake of the tracer by the tissue under study, starting at the

time of injection. This allows for the generation of time-activity curves (TACs)

that describe radiotracer accumulation over time for a specific voxel or group

of voxels. These curves display the dynamic behaviour (pharmacokinetics)

of the injected compound, from the initial influx in tissue to retention and/or

washout at the end of the scan. A mathematical model can be fitted to these

data, thereby translating these radioactivity measurements into parameters

that best describe the underlying biological processes, such as perfusion and

receptor density.2
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Figure 1.3: Two sets of images from the same 90 minutes [11C]R116301
scans of a healthy subject before (left column) and after (right column) a 125
mg oral dose of aprepitant. SUV images (top row), based on a static por-
tion (60 – 90 minutes after tracer injection) of the 90 minutes scan, show a
significant contribution from nonspecific binding. Parametric binding potential
(BPND) images (bottom row) based on kinetic analysis of the entire dynamic
90 minutes scan show nearly complete blocking (97%) by aprepitant. (adapted
from Lammertsma et al. Forward to the Past: The Case for Quantitative PET
Imaging, J Nucl Med. 2017; 58:1019-1024 c© SNMMI31)

However, depending on kinetics, most dynamic scans last longer and

might be too burdensome for some subjects, such as Parkinson’s disease and

ataxia patients, who suffer from tremors, or dementia patients, who might get

confused in the middle of the scan. In addition, dynamic scans are more

expensive (considering time, resources, and money) than static scans.31 Nev-

ertheless, the advantages of a dynamic scan surpass its drawbacks. While

a static scan will produce an image of net radiotracer uptake, it cannot fully
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identify specific from non-specific uptake. Recent studies have already shown

substantial differences between full quantification and standardized measures

of radiotracer uptake, demonstrating that the latter might be misleading.30–32

Moreover, the advantages of performing visual assessment using quantitative

images instead of semi-quantitative ones have also been shown.27 This is due

to the fact that net uptake is a complex exchange of influx, retention, and clear-

ance of the radiotracer between plasma and tissue. Importantly, adequate

analysis of a dynamic scan provides extra and more accurate information than

a single static scan,33 reducing the number of subjects that need to be in-

cluded in a study or the number of scans that a patient may need to undergo

for a correct diagnosis. Thus, there is a reduction in exposure of subjects to

radiation.31 In addition, a time-weighted average of specific time frames from

dynamic PET scans can be made so that static SUV and SUVR images can

also be generated when needed.

Pharmacokinetic Analysis

The goal of pharmacokinetic modelling of dynamic PET data is to obtain quan-

titative values that characterize the biological process under study. This ap-

proach will convert radioactivity measurements into quantitative values of the

model’s parameters. However, these models require an arterial blood or plas-

ma input function, which is the time-activity curve of plasma. Usually, this

function is measured through blood sampling. Each subject has its own input

function taken into consideration and, therefore, pharmacokinetic modelling

can correctly account for between-subject variations.34 However, blood sam-

pling may be uncomfortable for subjects, and it is mainly used in research

studies and not in a clinical setting.

For PET studies, the most commonly used models to describe the

behaviour of a radiotracer are compartment models.35 Each compartment

does not necessarily describe a tissue where the tracer is located, but rather a
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kinetic ‘state’. In other words, it describes how the tracer uptake changes over

time, but not in space.34 PET measurements reflect the total uptake in tissue,

but this measure can be split in different ‘state’ concentrations (Figures 1.2

and 1.4), such as in a compartment that expresses the amount of specifically

bound tracer, and a compartment for free tracer in tissue. The number of com-

partments to be used in the model does not only depend on the radiotracer,

but also on both statistical noise and the underlying physiological process.35

There is no universal model that may fit all radiotracers, thus requiring a full

study of pharmacokinetics for every newly developed radiotracer.

Figure 1.4: Schematic representation of a model with two compartments (left)
in brain tissue (one for free radiotracer in tissue and another for specific up-
take), and the rate constants describing exchange between plasma and tissue
(K 1 and k2) and between tissue compartments (k3 and k4). TAC measured
(right) for the tissue (solid line), and its decomposition into TACs for each com-
partment of the model.

Reference Tissue Models

To overcome the disadvantages of measuring the arterial input function, ref-

erence tissue models have been developed. These models are based on the

assumption that there is a region, with similar characteristics as the tissue of

interest, but devoid of the specific target for the injected radiotracer. Mea-

surements of these regions can then be used as an indirect input function to

estimate model parameters. Although there are clear advantages of reference
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tissue models, it should be emphasized that these models are simplifications

of blood-input models and can, therefore, only be used after validation against

the gold-standard blood-input model.

The most common of these models is the Simplified Reference Tis-

sue Model (SRTM).36 It assumes that there is rapid exchange of the radio-

tracer between free and non-specific compartments. Therefore, the TAC of

the target tissue can be sufficiently fitted by a single compartment model with

arterial input. SRTM is also based on the assumption that the ratio between

influx and clearance in the reference region is the same as in the region under

study, i.e. the volume of distribution of the non-specific bound tracer in the

reference tissue is the same as in the target. This model results in three pa-

rameters: relative tracer influx (R1), BPND, and rate constant for transfer from

tissue to plasma compartment (k2).36 These parameters are measures related

to relative regional cerebral blood flow of target tissues, specific binding of the

radiotracer to its target (e.g. receptor), and washout rate of the radiotracer

from tissue to plasma, respectively.

The Simplified Reference Tissue Model 2 (SRTM2)37 was developed

to further reduce noise in the estimation of SRTM parameters. This model is

based on the fact that the clearance constant of the reference region (k
′

2) is

the same independently of the target region being modelled. The fitting of this

model happens in two stages: firstly, SRTM is fitted to all regions, and then

the resulting parameters from the first fit are used as input for a second fit,

taking the median k
′

2 parameter value for all regions of the study.37 With this

parameter fixed, the total number of parameters that need to be assessed by

the model is reduced. With this approach, a better accuracy and precision can

be achieved in most cases.38

It is worth mentioning that these models, while originally developed

to be applied at a regional level, can also be used for each voxel. Then,

22



Chapter 1. General Introduction

a parametric image will be generated for each parameter estimated by the

model.39 These quantitative parametric images allow for the assessment of a

parameter with the spatial resolution of the scanner.

Image and Data Analysis

After obtaining (semi-)quantitative images, interpretation of these images is

performed for e.g. diagnosis and assessment of disease progression or treat-

ment efficacy. As previously mentioned, visual inspection of images heavily

relies on the reader’s expertise and is susceptible to inter- and intra-reader

variability, especially when there are subtle changes.26 Therefore, quantitative

analyses approaches are essential. Apart from being a sensitive technique to

monitor disease progression and response to therapy, PET data can also be

used to correlate changes in image data with clinical evaluation.

Regional Analysis

The simplest approach to retrieve data from (semi-)quantitative PET images

is through the use of Volumes of Interest (VOIs). These VOIs can be drawn

manually, through automated procedures, or based on pre-defined anatom-

ical structures. Usually, the average uptake value of all the voxels within a

VOI is taken. This is the most common method used in brain studies, since

it allows for the researcher to focus on regions that are mostly affected by a

disease, comparing uptake between groups of patients and controls. How-

ever, the spatial resolution of PET cameras can be a limiting factor, when the

focus of the study is on small regions, which may be affected by spill-in from

nearby tissues (partial volume effect) thus ‘contaminating’ the average value

of that VOI.40 Another approach for small VOIs is to retrieve the maximum

value inside a VOI, an approach most frequently used in oncology studies.
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Voxel-Based Analysis

Instead of dividing an image into VOIs, (semi-)quantitative PET images can be

analysed by visual assessment or by statistical models at a voxel level. The

latter results in image maps that show which cluster of voxels present a statis-

tically significant difference between groups. Unfortunately, in this univariate

type of analysis, voxels are tested independently, largely ignoring possible

connections within the brain. Furthermore, this is an approach used mainly

for the comparison of groups of subjects. Yet, a single subject analysis can

be done by comparing the subject’s image to a database of healthy controls,

as it was done to predict conversion to dementia41 or to identify probable pa-

tients.42

Scaled Subprofile Model

Regions of the brain are known to be connected with each other and, there-

fore, the brain can be viewed as a network. The Scale Subprofile Model (SSM)

using Principal Component Analysis (PCA) is an approach that identifies ab-

normal patterns in images.43 By using a multivariate approach, this technique

may identify subtler changes that univariate techniques, such as SPM, may

not. SSM/PCA is based on a series of steps that starts with the intensity nor-

malization of voxel values. Next, the average value within and between sub-

jects is subtracted, so that only the residuals remain. Then PCA is applied and

the principal components are combined to create a final disease pattern (DP).

This DP contains voxels that show the main differences between a group of

patients and healthy controls: regions of the brain where there is an increase

or a decrease of the measured input. In addition to better understanding the

pathophysiology, the DP can also be used for single subject assessment, pro-

viding individual assessment of subjects that were not used to generate the

DP. The image of a new subject is compared to the DP, resulting in a score
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that reflects the similarity between them which may aid with subject diagno-

sis: the higher the score, the more comparable they are. SSM/PCA can be

applied to different types of neuroimaging techniques and can be used to ob-

tain characteristic DP for a diverse range of diseases.44 While this approach

has already been used to generate DPs for Alzheimer’s45 and Parkinson’s43

diseases, its use has been restricted mainly to FDG PET scans. Therefore,

it is of great interest to see its performance with different radiotracers or in

combination with fully quantitative images.

Thesis Aim

The aim of this thesis is to further explore the possibilities of using quantitative

images in neuroimaging PET studies of Alzheimer’s disease patients. To this

end, three goals were set:

1. to improve parameter estimations for studies involving PIB PET dynamic

scans,

2. to use resulting parametric maps also as a surrogate for FDG PET scans,

3. to explore the use of parametric images as input data in SSM/PCA anal-

yses.

Thesis Outline

Chapter 2 aims to improve parameter estimation of the efflux rate in pharma-

cokinetic studies using a reference tissue model, including an assessment of

the consequences of wrong estimates of the parameter in BPNDand R1.

Chapter 3 explores the similarities between metabolic uptake val-

ues measured through semi-quantitative FDG images (SUVR) and quantita-
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tive images of regional cerebral blood flow estimated though dynamic PIB PET

scans. Furthermore, in Chapter 4, the performance of these two types of im-

ages is tested in an automated diagnostic software package, developed for

diagnosing of Alzheimer’s disease.

Chapter 5 presents the use of SSM/PCA in combination with para-

metric images derived from pharmacokinetic modelling. Finally, Chapter 6 ex-

plores differences and similarities between DPs generated by semi-quantitative

images (FDG SUVR) and quantitative images of regional cerebral blood flow.

Chapter 7 provides a summary of the results of this thesis (Chapter

8 provides the same summary in Dutch), and Chapter 9 presents an overall

discussion and potential future research directions.
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