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General Introduction





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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Chapter 1

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-

12



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

13



Chapter 1

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

16



Chapter 1. General Introduction

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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Chapter 1. General Introduction

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

20
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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,
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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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Chapter 2. Optimization of k
′

2 in SRTM2 PIB PET Studies

Abstract

Background: This study explores different approaches to estimate the clear-

ance rate of the reference tissue (k
′

2) parameter used for pharmacokinetic

modelling, using the simplified reference tissue model 2 (SRMT2) and further

explores the effect on the binding potential (BPND) of [11C]labeled Pittsburgh

Compound B (PIB) PET scans.

Methods: Thirty subjects underwent a dynamic PIB PET scan and were clas-

sified as PIB positive (+) or negative (–). Thirteen regions were defined from

where to estimate k
′

2: the whole brain, eight anatomical region based on the

Hammer’s atlas, one region based on a SPM comparison between groups on

a voxel level, and three regions using different BPSRTM
ND thresholds.

Results: The different approaches resulted in disticnt k
′

2 estimations per sub-

ject. The median value of the estimated k
′

2 across all subjects in the whole

brain was 0.057. In general, PIB+ subjects presented smaller k
′

2 estimates

than this median, and PIB-, larger. Furthermore, only threshold and white

matter methods resulted in non-significant differences between groups. More-

over, threshold approaches yielded the best correlation between BPSRTM
ND and

BPSRTM2
ND for both groups (R2 = 0.85 for PIB+, and R2 = 0.88 for PIB-). Lastly,

a sensitivity analysis showed that overestimating k
′

2 values resulted in less

biased BPSRTM2
ND estimates.

Conclusion: Setting a threshold on BPSRTM
ND might be the best method to

estimate k
′

2 in voxel-based modelling approaches, while the use of a white

matter region might be a better option for a volume of interest based analysis
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Introduction

Current research suggests that Alzheimer’s disease (AD) is associated with

an abnormal deposition of the amyloid-β (Aβ) peptide in the brain.1;2 These

Aβ deposits may lead to progressive dysfunction and nerve cells death, result-

ing in a neurodegenerative process.3 It is possible to assess this deposition

in vivo through the use of the [11C]labelled Pittsburgh Compound B (PIB) ra-

diotracer in positron emission tomography (PET) studies.4–6 A simple visual

assessment of standardized uptake value (SUV) images, derived from these

PET scans, might suffice to assess whether or not there is Aβ deposition.

However, throught pharmacokinetic modelling of dynamic PIB PET scans, it

might be possible to further classify the amount if deposition in the brain.7

Previous studies have already confirmed that the simplified reference

tissue model (SRTM)8 is the preferred method for pharmacokinetic modelling

of PIB when arterial input is not available.9;10 However, improvements on the

accuracy of the model can be done by coupling parameters11 thereby reduc-

ing the number of variables to be fitted by the model. The simplified reference

tissue model 2 (SRTM2)12 has been validated as a model “with better accu-

racy and precision”10 than the original SRTM, and has been frequently used

in AD PET studies.13–16

SRTM is a model that fits three parameters: binding potential (BPND),

relative tracer flow (R1), and clearance rate constant of the reference region

(k
′

2). Meanwhile, SRTM2 is a model fitted in two runs. During the first run,

SRTM is used to obtain an estimate for k
′

2 for each voxel in the image. This

value is then fixed to the median k
′

2 using voxels outside the reference re-

gion. Next, a second run is done, fitting the two remaining parameters (BPND

and R1), thus reducing the noise in the specific binding estimates and func-

tional images. SRTM and SRTM2 were originally developed for the analysis

of neuroreceptor binding. Furthermore, SRTM2 was implemented with the in-

36



Chapter 2. Optimization of k
′

2 in SRTM2 PIB PET Studies

tention of reducing noise levels of the model parameters using a well-defined

receptor-rich region for the k
′

2 estimation. Nonetheless, this assumption might

be violated in the case of PIB, especially in healthy subjects, who are not ex-

pected to have Aβ deposition.

Previous studies using SRTM2 for pharmacokinetic modelling em-

ployed different approaches for k
′

2 estimation. For example, this parameter

was evaluated by coupling all target time activity curves for radiotracers de-

signed for D2/D3 receptors17;18 and radioligands with a high affinity for the

serotonin transporter.19 Tracers such as [11C]P943,20 used for quantifying

serotonin 5-HT1B receptors, use the median value of the k
′

2 estimation for

all voxels that have a BPSRTM
ND value between 0.5 and 4, and [18F]DPA-714,21

used for neuroinflammation, the median of all k
′

2 values from all voxels in the

image.

However, Aβ deposits are not evenly distributed across the brain,22

and change over time with AD progression.3 Therefore, there are no well-

defined receptor-rich regions. Other radiotracers, such as

[18F]florbetaben,23 [18F]flutemetamol,24 and [18F]florbetapir,25 which also bind

to the Aβ plaques, present the same issue. Studies with these tracers have

either used SRTM or SRTM2, estimating k
′

2 from all voxels of the image out-

side the reference region. This approach can be challenging in studies that

include subjects without amyloid deposition, because the signal is not as high

as in subjects that present these deposits. This lack of signal might result

in noisy images, which may reduce the reliability of the estimations of the

parameters from the models. In the case of PIB, previous investigations per-

formed a pharmacokinetic analysis using SRTM,26;27 reference Logan,28 and

SRTM2.10;13–16 Yet, there is no consensus on how the k
′

2 estimation should

be done. Some studies take the mean SRTM-derived k
′

2 value from all target

regions,13;14 while others set a minimum threshold on the BPSRTM
ND parametric

map to select the voxels being used for the k
′

2 estimation.10;15;16 To the best

37



Chapter 2

of the authors’ knowledge, the effects that these approaches to estimate k
′

2

have in the final BPNDvalue, have not yet been explored.

Therefore, the aim of this study was to examine the consequences of

estimating k
′

2 using different approaches, and to define an optimal method for

estimating k
′

2 for the analysis of dynamic PIB PET studies using SRTM2.

Materials and Methods

Subjects

A cohort of 30 subjects, which were available at the moment of performing

this study, was selected from a larger ongoing study at the memory clinic of

the University Medical Center of Groningen (UMCG), Groningen, The Nether-

lands. Written informed consent to participate in the study was provided. The

study was conducted in agreement with the Declaration of Helsinki and subse-

quent revisions and approved by the Medical Ethical Committee of the UMCG

(2014/320).

Patients were clinically diagnosed, by consensus in a multidisciplinary

team, either with Alzheimer’s disease (AD), according to the National Institute

on Aging and Alzheimer’s Association criteria (NIA-AA),29 or with mild cog-

nitive impairment (MCI), in agreement with the Petersen criteria.30 Healthy

controls (HC) had no cognitive complaints and a mini-mental state examina-

tion score above 28. All subjects underwent standard dementia screening,

and multimodal neuroimaging, including PIB PET scans and T1-3D magnetic

resonance imaging (MRI). After the PIB PET scan, clinical diagnoses were

reconsidered, according to the National Institute on Aging and the Alzheimer’s

Association Research supposed Framework.1 Subjects were then divided into

two categories, based on visual inspections of cortical levels of PIB binding,

as “PIB+,” if binding levels were high, and “PIB–,” if they were low. The de-
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mographic characteristics of subjects are presented in Supplementary Table

S2.1.

PET Acquisition

Subjects underwent a dynamic PIB PET scan under standard resting condi-

tions with closed eyes. Scans were performed with either a Siemens Biograph

40 or 64 mCT PET scan (Siemens Medical Solutions, USA). Both systems

were from the same vendor and from the same generation; the acquisition

and reconstruction protocols were harmonized, and the systems were (cross-

)calibrated. Therefore, no significant differences were expected from the im-

ages provided by these two different scanners. Nonetheless, a comparison

between the data used in this study, provided from the different scanners, was

made using a t-test and, as expected, no significant results were found. PIB

tracer was synthesized at the radiopharmacy facility at the Nuclear Medicine

and Molecular Imaging department at the UMCG, according to Good Manu-

facturing Practice. The tracer was administered via a venous cannula, and

the acquisition started simultaneously with the PIB injection (379 ± 46 MBq).

Dynamic PIB PET acquisition lasted for at least 60min (frames: 7 × 10 s, 3 ×

30 s, 2 × 60 s, 2 × 120 s, 2 × 180 s, 5 × 300 s, and 2 × 600 s). List-mode

data from PET scans were reconstructed using 3D OSEM (three iterations

and 24 subsets), point spread function correction and time-of-flight, resulting

in images with 400 × 400 × 111 matrix, isotropic 2mm voxels, smoothed with

a 2 mm-Gaussian filter at Full Width and HalfMaximum (FWHM).

Image Processing

Registration and data collection from the images were done using the PMOD

software package (version 3.8; PMOD Technologies LLC). Using tissue prob-

ability maps31 the T1 3D MRI scans were spatially normalized to the Montreal
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Neurologic Institute space. To define the anatomical brain regions, the Ham-

mers atlas32 was selected. A total of 77 regions were drawn, with right and

left side separated and white matter distinguished from cortical tissue. Some

regions from the original atlas were excluded: cerebellar white matter, the cor-

pus callosum, the third ventricle, the lateral ventricles, and the temporal horns.

The PET images were corrected for motion using the average of the first 12

frames and were then aligned to the MRI in individual space. The PET images

were also smoothed with a Gaussian filter of 6mm at FWHM, and voxels that

were outside of the brain were masked.

Pharmacokinetic Modelling

Parametric images were generated using pharmacokinetic modelling of the

dynamic PIB PET at a voxel level in individual space, and it was done in

three steps: (1) a first estimate of the BPSRTM
ND , R1, and efflux constant of

the reference region (k
′

2) was obtained using a basis function implementa-

tion of SRTM;8 (2) the k
′

2 parameter was then fixed to the median k
′

2value of

all voxels in a predefined volume of interest (VOI); and (3) the final paramet-

ric BPSRTM2
ND map was estimated using SRTM2.12 Thirteen approaches were

used to generate VOIs to estimate the median k
′

2 (Supplementary Table S2.2,

Figure 2.1): one approach containing all voxels of the masked brain image,

eight approaches based on predefined anatomical structures or VOIs, three

approaches based on selecting voxels using fixed BPSRTM
ND thresholds, and one

VOI approach defined by voxels having a statistically significant difference be-

tween the images of each group (SPM). These statistical comparisons at voxel

level were performed in SPM12 (Wellcome Trust Center for Neuroimaging, UK)

with a two-sample t-test, and T-maps interrogated at p = 0.005 (uncorrected)

and only clusters with p < 0.05, corrected for family-wise error, were consid-

ered significant. Then these VOIs were projected onto the k
′

2 parametric maps

and the median value12 of the voxels within the volumes were taken and used

40



Chapter 2. Optimization of k
′

2 in SRTM2 PIB PET Studies

for the generation of the final parametric BPNDmaps with SRTM2 (BPSRTM2
ND ).

The grey matter of the cerebellum was used as a reference region due to its

lack, or very late presentation, of specific PIB binding.4;33–35 The imposed re-

striction on the range of possible apparent uptake rate constant (k2a) values,

with a minimum of 0.01 and a maximum of 0.3, and 80 basis functions was

used. These settings were applied to both the basis function implementations

of SRTM and SRTM2. The R1parameter was not considered in this study as

it is insensitive to small changes in the fixed k
′

2.7;14

Figure 2.1: Resemblance of the generated VOIs to be used on the estima-
tion of k

′

2 organized by approaches: a VOI for the whole masked image, eight
volumes based on anatomical structures (Cerebrum + Brainstem, White Mat-
ter + Brainstem, Brainstem, White Matter, Grey Matter, Frontal Lobe, Parietal
Lobe, and Temporal Lobe), three volumes based on different BPSRTM

ND thresh-
olds (Threshold 0.01, Threshold 0.05, Threshold 0.1), and one volume based
on the statistical differences between groups on a voxel level.

Histograms of k
′

2 distribution were constructed using voxel values

within the VOIs of the average parametric maps per group.
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Statistical Analysis

A two sample t-test was performed to evaluate differences in k
′

2 estimations

between the groups. Moreover, since the standard approach from SRTM2 to

estimate k
′

2 is to consider all voxels of the masked brain image outside of

the cerebellum, a paired t-test was done to assess the discrepancy between

the values yielded by the Whole Brain and the other methods. This approach

has been used before in studies with other radiotracers that do not have a

region with specific binding.36 Boxplots of the k
′

2 distributions for each method

were also generated. Comparisons between PIB+ and PIB– groups for each

method were done using a t-test.

To explore the effect of the applied k
′

2 value on BPSRTM2
ND , a sensitiv-

ity analysis was done, where the k
′

2 parameter was fixed to a range of values

from 0.005 to 0.09 (with steps of 0.005), and the BPSRTM2
ND parametric maps

were generated for each k
′

2. BPSRTM2
ND values were retrieved from these im-

ages for all brain regions. This effect was plotted with the fixed k
′

2 values

minus the median k
′

2 of all subjects for the Whole Brain method, against the

difference between BPSRTM2
ND of the fixed k

′

2 value and the average BPSRTM2
ND of

all subjects in the Whole Brain method. In this study, it was chosen to report

the BPNDvalues, nevertheless the results also apply to the distribution volume

ratio (DVR) as the values distinguish only by an offset of 1.11 Three brain re-

gions were chosen to be shown: a region with high binding (Superior Parietal

Gyrus left), a region with medium binding (Inferior Frontal Gyrus right), and a

region with low PIB binding (Lateral Remainder of Occipital Lobe right).

A scatter plot was made to visually assess the correlation between

the BPSRTM2
ND and BPSRTM

ND estimations. Then a general linear model was used

to compare the values, with the BPSRTM2
ND estimations as the independent vari-

able and the BPSRTM
ND as the dependent variable.
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A Bland-Altman plot was made to evaluate the agreement between

the two BPNDmeasurements. A p-value of 0.05 was used as a significance

threshold for all statistical analyses, and no correction for multiple comparisons

was made. All statistical analyses were made using RStudio (RStudio version

1.1.423, R version 3.4.337).

Criteria for Best Method Selection

To select the best method for estimating k
′

2, the 13 approaches were ranked

based on the following criteria, in order of importance: (1) absence of signif-

icant differences in k
′

2 values between the groups; (2) k
′

2 estimation closer

to the median value of the population; (3) high correlations between BPSRTM
ND

and BPSRTM2
ND ; (4) linear regression’s result with a slope closest to 1, and (5)

an intercept closest to 0.

Results

Parametric Maps

The k
′

2 parametric maps were noticeably different for PIB+ and PIB– subjects

(Figure 2.2), with the main difference between groups being an increase of

grey matter voxel values in the PIB– group. When observing the distribution

of the k
′

2 values of all voxels across the images, a discrepancy can be seen

on the height and position of the peaks and the variance of values in the his-

tograms (Figure 2.2). The PIB+ group had a peak at 0.04, and a median value

of 0.05, while the PIB– group presented values of 0.04 and 0.06, respectively.

The histogram counts of grey and white matter voxels of each image only, also

revealed that the main difference between groups was a wider distribution of

values in the grey matter voxels of PIB– subjects when compared to PIB+

patients, although there was a shift in both peaks.
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Figure 2.2: Median k
′

2 parametric maps of all subjects from the PIB+ (top
left), and PIB– (left bottom) groups. Shown are corresponding transaxial, and
sagittal slices of the brain. Colour scales were adjusted to the same range. On
the right, the histograms containing the counts of k

′

2 values from the voxels
of the parametric maps on the left. Black dots and lines correspond to voxels
contained inside the Whole Brain VOI, in red, of voxels from the Grey Matter
VOI, and in blue, from the White Matter. The range of the histograms was
adjusted to the same range of the colour scale of the parametric maps.

Efflux Parameter Estimation (k ′

2)

The VOI approaches for retrieving the median k
′

2 values yielded different es-

timations (Figure 2.3). In general, grey matter VOIs (i.e., Grey Matter, Frontal,

Parietal, and Temporal Lobes) resulted in a larger and statistically significant

difference in k
′

2 estimations between PIB+ and PIB– subjects, while white

matter and threshold VOIs did not (Supplementary Table S2.3). For the PIB+

group, the Parietal Lobe VOI presented the largest range of k
′

2 distribution

(range 0.03 – 0.09), and the Whole Brain, the smallest one (0.0 4 –0.08). For

the PIB–, the largest range of k
′

2 distribution was observed for the Frontal
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Lobe (0.04 – 0.13), and the smallest for the Brainstem (0.06 – 0.09). Most

methods presented a statistically significant difference k
′

2 when compared

with the Whole Brain (Supplementary Table S2.4). Meanwhile, the threshold

approaches presented the smallest discrepancy in k
′

2 for both groups, and, in

general, this difference was not statistically significant.

Figure 2.3: Distribution of individual subject’s k
′

2 values per group for all
methods. The boxes show the interquartile range of distribution, the solid
line shows the median k

′

2 value for the group, the whiskers expand up to 1.5
times the interquartile range, and the further points are the outlier subjects. In
white, the values from the PIB– subjects, and in grey, from the PIB+ patients.
The dashed line corresponds to the median value from all subjects combined
for the Whole Brain method. The stars show which methods presented a sig-
nificant difference between groups resulting from the t-tests.

The median k
′

2 value using the Whole Brain method was 0.057, and

the methods that presented the smallest range of k
′

2 distribution, as well as

having a mean k
′

2 closest to the Whole Brain value, were Threshold 0.1 and,
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from the anatomical approaches, the White Matter. The first method presented

k
′

2 values of (mean ± SD) 0.05 ± 0.01 (range 0.04 – 0.08) for the PIB+ group,

and 0.06 ± 0.01 (0.05 – 0.07) for the PIB–. Additionally, the latter resulted in

values of 0.07 ± 0.01 (0.05 – 0.1) for the PIB+, and 0.06 ± 0.01 (0.05 – 0.08)

for the PIB–. This White Matter method yielded, however, an overestimation

of the k
′

2 parameter of 31.8% for the PIB+ group, and 4.4% for the PIB–, when

compared to the Whole Brain. Supplementary Table S2.3 shows the means,

standard deviations, and ranges of k
′

2 per group for all methods, along with

the p-value of the t-test that compared the k
′

2 differences between groups.

Sensitivity Analysis

When exploring the effect of k
′

2 estimations on the BPSRTM2
ND , a non-linear re-

lationship between the parameters was observed. This can be seen both in

Figure 4, which shows the relative change in BPSRTM2
ND as a function of the fixed

k
′

2 value relative to the Whole Brain BPSRTM2
ND , vs. the difference between the

fixed k
′

2 and the estimated value for the Whole Brain; and in Supplementary

Figure S2.1, which shows the BPSRTM2
ND values for each fixed k

′

2. Overall, all

brain regions presented a similar relationship: a steep increase of BPSRTM2
ND

with the increment of k
′

2 values until it reaches a peak, followed by an expo-

nential decrease. It was also observed that the larger the fixed k
′

2, the smaller

the change in BPSRTM2
ND was. It could further be seen that for regions with more

binding, the BPSRTM2
ND was more sensitive to deviations in k

′

2.
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Figure 2.4: Plot of the relative changes in BPSRTM2
ND with relative increment

of k
′

2. In the x-axis is the fixed value of k
′

2 (which varied from 0.005 to 0.09
with a step of 0.005) minus the median k

′

2 from the data of all subjects for the
Whole Brain method. In the y-axis is the BPSRTM2

ND of the fixed k
′

2 value of a
specific brain region minus the value of the same region for the Whole Brain
method. The dashed line represents a difference in BPSRTM2

ND of zero. Black
dots represent data from the Superior Parietal Gyrus left region (a region with
high PIB binding), in dark grey, the Inferior Frontal Gyrus right (a region with
medium binding), and in light grey, the Lateral Remainder of the Occipital Lobe
right (a region with low binding of PIB).

Correlation of Binding Potential Values from SRTM
and SRTM2

The general linear model suggested a strong correlation between BPSRTM
ND and

BPSRTM2
ND for all methods (Table 2.1, Figure 2.5), with higher R2 values for

PIB– subjects and with all results being significant. For the PIB+ group, the

smallest R2 was 0.79, for Frontal and Parietal Lobe methods, while the highest

was 0.83 for Cerebrum + Brainstem, Temporal Lobe, Brainstem, and threshold

methods. For the PIB–, the smallest R2 was 0.85 for the Parietal Lobe, and

the highest correlation was 0.88 for the Whole Brain, Cerebrum + Brainstem,

and the threshold methods. The slope furthest from 1 was 0.67 for the PIB+
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patients, when using the White Matter + Brainstem method, while the closest

to 1 slope was 0.95 when using the Parietal Lobe VOI. Additionally, for the

PIB– subjects, these values were, 0.99 when using the SPM method, and

0.86 when using the Temporal Lobe VOI, respectively. Threshold methods

were not the closest to 1 for each group individually, however this approach

had the overall best performance (slope of 0.86 for PIB+; and for PIB− 1.02,

1.03, and 1.05 for Threshold 0.01, 0.05, and 0.1 respectively).

Table 2.1: Results from the general linear model comparing BPSRTM
ND and

BPSRTM2
ND from different methods.

Method PIB+ PIB-
Whole Brain R2 0.82 0.88

Intercept 0.05 -0.03
Slope 0.88 1.02

Cerebrum + Brainstem R2 0.83 0.88
Intercept 0.05 -0.03

Slope 0.81 0.97
Grey Matter R2 0.82 0.87

Intercept 0.06 -0.04
Slope 0.89 0.97

Frontal Lobe R2 0.79 0.86
Intercept 0.10 -0.04

Slope 0.95 1.07
Parietal Lobe R2 0.79 0.85

Intercept 0.10 -0.03
Slope 0.88 1.08

Temporal Lobe R2 0.83 0.86
Intercept 0.03 -0.04

Slope 0.80 0.86
White Matter R2 0.83 0.87

Intercept 0.04 -0.03
Slope 0.73 0.98

Brainstem R2 0.83 0.87
Intercept 0.04 -0.03

Slope 0.73 0.98
White Matter + Brainstem R2 0.81 0.87

Intercept 0.03 -0.04
Slope 0.67 0.88

Threshold 0.01 R2 0.83 0.88
Intercept 0.06 -0.03

Slope 0.86 1.02
Threshold 0.05 R2 0.83 0.88

Intercept 0.06 -0.02

48



Chapter 2. Optimization of k
′

2 in SRTM2 PIB PET Studies

Slope 0.86 1.03
Threshold 0.1 R2 0.83 0.88

Intercept 0.06 -0.02
Slope 0.86 1.05

SPM R2 0.81 0.87
Intercept 0.09 -0.04

Slope 0.86 0.99
All values were statistically significant.

Figure 2.5: Scatter plot showing BPSRTM2
ND estimates (y-axis) from Threshold

0.1 (top left) and White Matter (top right), and BPSRTM
ND values (x-axis). Lines

resulting from the linear regression applied to the data are also shown, a full
line for the PIB+ group, and a dashed line for the PIB–. Results of the linear
regression are given in boxes at the bottom right corner of each plot. Bland-
Altman plot showing the difference between the values of BPNDassessed by
different SRTM2 methods (by Threshold 0.1 on the bottom left, and by White
Matter on the bottom right) from SRTM. The full line is at the mean difference
values for the group, and the dashed lines delimit the 95% agreement interval
(at mean ± 1.96 × standard deviation). Dark grey circles represent data from
the PIB– patients, and light grey, from the PIB+ subjects.
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Bias Assessment

The bias between BPSRTM
ND and BPSRTM2

ND for different methods revealed a nega-

tive trend that was proportional to BPSRTM
ND for the PIB+ patients, and showed a

more disperse distribution for the PIB– subjects (Figure 2.5, Table 2.2). Nearly

all methods resulted in a statistically significant bias in BPSRTM2
ND for the PIB–

group. For the PIB+ group, the only methods that did not result in a signifi-

cant bias were the ones based on three different thresholds, Grey Matter VOI,

and SPM (Table 2.2). A wider range was observed for the PIB+ patients (e.g.,

for the Whole Brain, -0.64 – 0.86) than for the PIB– subjects (-0.32 – 0.29,

same method). The mean bias between BPSRTM2
ND and BPSRTM

ND when using

the Threshold 0.1 method was -0.04 ± 0.17 for the PIB+ group (a bias of 2%,

slope = 0.02, intercept = -0.05), and -0.01 ± 0.07 (a bias of16%, slope = 0.16,

intercept = -0.03) for the PIB– group, and for the White Matter method, -0.15

± 0.17 (a bias of 15%, slope = -0.15, intercept = -0.05), and -0.03 ± 0.07 (a

bias of 8%, slope = 0.08, intercept = -0.04), respectively.

Ranking of the Methods

In summary, based on the results presented in the previous section, the fol-

lowing ranking of the preferred methods to estimate k
′

2 was: Threshold 0.1,

Threshold 0.05, Threshold 0.01, White Matter, White Matter + Brainstem,

Brainstem, Whole Brain, Cerebrum + Brainstem, Frontal Lobe, Grey Matter,

Parietal Lobe, SPM, Temporal Lobe.

Discussion

In this study, different approaches of estimating the optimal k
′

2 to be fixed in

SRTM2 and their impact on BPSRTM2
ND were explored. The k

′

2 estimation is

an important step in the pharmacokinetic analysis of dynamic PIB PET scans
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Chapter 2

using SRTM2, as a bias in k
′

2 affects the obtained binding potential. Although

SRTM2 has already been validated as a suitable model for PIB studies,10 the

fact that there is no well-defined receptor-rich region might lead to errors in the

estimation of BPSRTM2
ND , and an examination of the consequences of wrongly

determining k
′

2 has not yet been done.

For both PIB+ patients and PIB– subjects, the cerebellum is a region

without specific binding of Aβ tracers, so it can be used as a reference region

for the pharmacokinetic modelling of the radiotracer using SRTM2.4;10;33–35

Thus it is not expected that there will be a significant difference between

groups when estimating k
′

2, as has already been seen from previous stud-

ies.38 Therefore, it is important to consider this when selecting a method.

The main difference between groups is that the PIB+ subjects present

an accumulation of Aβ plaques on the cortex,3 and thus a higher binding of

PIB in these areas, while the PIB– subjects do not, as was seen in the his-

tograms of Figure 2.2. Because of this discrepancy, it was not a surprise that

the SPM VOI was composed mainly of grey matter voxels. Furthermore, this

distinction between k
′

2 group values is the most probable explanation for the

poor performance of grey matter (i.e., Grey Matter, Frontal, Parietal, and Tem-

poral Lobes) and SPM methods, especially in the PIB– group. This difference

between groups, which can be seen in Figure 2.2, also shows that not all brain

regions might be suitable for estimating k
′

2, as the value for this parameter de-

pends on which group the subject belongs to. This further demonstrates that,

although the theoretical assumption of SRTM2 is that k
′

2 should be constant

across the brain, it is not the case in practice.

Moreover, threshold based approaches guarantee that only voxels

with some minimal elevated level of PIB binding were included within the VOIs

used for the k
′

2 estimation. Since PIB does not have a specific target region,

these methods might be the best approaches when using SRTM2. Further-
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more, this selection of voxels may also explain why there was a smaller differ-

ence in k
′

2 between groups for these methods (Figure 2.3).

The preferred method for estimating k
′

2 should be using plasma in-

put. However, blood data is not always available, as in the case of this study,

and, therefore, there is a need for finding the best way of estimating this

parameter directly from the image since it influences the BPSRTM2
ND value. A

previous study by Price and colleagues34 estimated these parameters using

plasma input compartmental modelling, and they found a ratio of non-specific

trapping (k5

k6
) of 1.4 and an average clearance for target tissues (k2) was of

0.144. With these measurements, an k2 estimation of k
′

2 can be done using

k
′

2 = k2

1+k5/k6
, resulting in a k

′

2 of 0.055. This value is close to the median

k
′

2 value of 0.057 found in the present study. Interestingly, k
′

2 estimates using

white matter methods (i.e., White Matter, Brainstem, and White Matter + Brain-

stem) diverged the most from this expected value for both groups. Meanwhile,

grey matter methods only deviated for the PIB– group. From this observation,

it might be concluded that regions without specific binding of PIB might result

in a k
′

2 overestimation. Furthermore, PIB retention has been shown to be sim-

ilar in white matter for both AD patients and HC subjects,4 which explains the

absence of differences between groups for these methods.

The results presented in the previous section showed that an over-

estimation of k
′

2 might not be an issue as this would lead to a smaller bias in

BPSRTM2
ND than when underestimating k

′

2. Slight changes in low k
′

2 values yield

larger shifts in BPSRTM2
ND estimation, while for larger k

′

2 values, smaller shifts

in BPSRTM2
ND were observed. Because of this behaviour, it is better to impose

a lower boundary on k
′

2, to secure a smaller bias in BPSRTM2
ND . This limit could

be around 0.04, since most of the estimation across methods and subjects

were higher, and the sensitivity plot showed larger biases for k
′

2 values below

0.04 (Supplementary Figure S2.1). Because the actual k
′

2 estimation can be

substantially different between subjects, it is not recommended to fix k
′

2 to a
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single value across all subjects or to use a population based value. Based

on all results presented, a ranking of the methods was done. The method

Threshold 0.1 was the one that presented the highest correlation between

BPSRTM
ND and BPSRTM2

ND for both groups. Moreover, it did not show a significant

difference in estimated k
′

2 between groups and resulted in a median k
′

2 value

closest to the expected value, as estimated before.34 Therefore, the Threshold

0.1 method is the recommended approach for the SRTM2 voxel-based anal-

ysis of dynamic PIB PET images. While this study was done using a voxel-

based modelling approach (SRTM2), some ofthe results can be extended to

VOI-based modelling (such as regional time-activity curves (TAC)). However,

the delineation of the threshold VOIs was done using the BPSRTM
ND parametric

maps, and these maps are not available when performing TAC analysis. Thus,

in the case of VOI-based modelling, it might be optimal to select a predefined

VOI from where to estimate k
′

2. In this scenario, the White Matter VOI seems

to be the recommended region for estimating k
′

2, for the same reasons that

Threshold 0.1 was recommended for voxel-based analysis.

In this study, all analyses focused on the use of a reference tissue

approach. Previous studies have shown that there is a high correlation be-

tween BPSRTM
ND and BPND delivered by a plasma-input two-tissue compart-

ment model.10 Since plasma input data was not available for this study, no

comparison with the ground truth could be done, although there was a good

agreement between the median k
′

2 estimated from all subjects and that seen

in previous studies.10;34 Furthermore, another limitation was the lack of a mea-

sure for quantifying the accuracy of the parametric maps generated using both

SRTM and SRTM2. Moreover, this study was performed using PIB as a ra-

diotracer, but it can be assumed that the same results are applicable to other

tracers, such as [18F]florbetapir, [18F]florbetaben, and [18F]flutemetamol, since

their target is also the deposit of Aβ plaques in the brain.39 However, further

research is required to confirm this.
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In conclusion, this study aimed to assess the optimal method for de-

riving and fixing k
′

2 to measure the binding potential with SRTM2. It was found

that the different approaches tested yielded distinct k
′

2 estimates across meth-

ods and subject groups, which, in turn, affected BPSRTM2
ND estimates. In this

study, it was found that setting a threshold on BPSRTM
ND to select brain regions

or voxels to estimate k
′

2 is the best method for voxel-based pharmacokinetic

modelling of PIB PET scans. Moreover, for VOI- based analysis of the images,

a white matter volume of interest to derive k
′

2 is a good alternative.
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Supplementary Material

Table S2.1: Demographic characteristics of included subjects.

Group PIB+(n = 15) PIB-(n = 15)
Sex Male 11 10

Female 4 5
Diagnosis AD 8 0

MCI with AD pathology 7 0
MCI without AD pathology 0 4

HC 0 11
Age(y) 68.07 ± 9.80 68.13 ± 3.90

Weight (kg) 77.67 ± 10.18 78.53 ± 13.43

MMSE score 25.53 ± 2.69 28.20 ± 2.43
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Table S2.2: Description of the VOIs used for estimating k
′

2 values

Name Origin
Whole Brain All voxels on the image

Cerebrum + Brainstem All voxels of cortical and white matter tissue from the
cerebrum and the brainstem

Grey Matter All cortical tissue from the cerebrum
Frontal Lobe Superior frontal gyrus, middle frontal gyrus, inferior

frontal gyrus, precentral gyrus, straight gyrus, ante-
rior orbital gyrus, lateral orbital gyrus, medial orbital
gyrus, posterior orbital gyrus, subcallosal area, sub-
genual frontal cortex, and pre-subgenual frontal cortex

Parietal Lobe Postcentral gyrus, superior parietal gyrus, and inferio-
lateral remainder of parietal lobe

Temporal Lobe Hippocampus, amygdala, anterior temporal lobe lat-
eral part, anterior temporal lobe medial part, parahip-
pocampal and ambient gyri, superior temporal gyrus
anterior part, superior temporal gyrus posterior part,
middle and inferior temporal gyrus, fusiform gyrus,
posterior temporal lobe

White Matter All white matter tissue from the cerebrum
Brainstem VOI from the Hammer’s atlas

White Matter + Brainstem Union of white matter tissue from the cerebrum and
brainstem

Threshold Drawn by fixing a lower limit in the BPSRTM
ND paramet-

ric map and taking all voxels that were above the limit
(threshold chosen for this study: 0.01, 0.05, and 0.1)

SPM Voxels that presented statistically significant differ-
ences between PIB+ and PIB- groups using a two-
sample t-test in SPM12
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Table S2.3: Mean, standard deviation and range from estimated k
′

2 values
per group, and p-values of difference between groups.

Method PIB+ (Mean ± SD)
[Min, Max]

PIB- (Mean ± SD)
[Min, Max] p-value

Whole Brain 0.05 ± 0.01
[0.04, 0.08]

0.06 ± 0.01
[0.05, 0.07] 0.03*

Cerebrum + Brainstem 0.06 ± 0.01
[0.04, 0.09]

0.07 ± 0.01
[0.05, 0.09] 0.04*

Grey Matter 0.05 ± 0.01
[0.04, 0.08]

0.08 ± 0.02
[0.04, 0.11] <0.01*

Frontal Lobe 0.05 ± 0.01
[0.03, 0.08]

0.07 ± 0.02
[0.04, 0.13] <0.01*

Parietal Lobe 0.05 ± 0.01
[0.03, 0.09]

0.07 ± 0.02
[0.03, 0.11] 0.01*

Temporal Lobe 0.06 ± 0.01
[0.04, 0.09]

0.10 ± 0.02
[0.05, 0.13] <0.01*

White Matter 0.07 ± 0.01
[0.05, 0.10]

0.06 ± 0.01
[0.06, 0.09] 0.16

Brainstem 0.08 ± 0.01
[0.06, 0.10]

0.08 ± 0.01
[0.06, 0.09] 0.60

White Matter + Brainstem 0.07 ± 0.01
[0.05, 0.10]

0.06 ± 0.01
[0.05, 0.08] 0.20

Threshold 0.01 0.05 ± 0.01
[0.04, 0.08]

0.06 ± 0.01
[0.05, 0.07] 0.11

Threshold 0.05 0.05 ± 0.01
[0.04, 0.08]

0.06 ± 0.01
[0.05, 0.07] 0.27

Threshold 0.1 0.05 ± 0.01
[0.04, 0.08]

0.06 ± 0.01
[0.05, 0.07] 0.71

SPM 0.05 ± 0.01
[0.03, 0.08]

0.08 ± 0.02
[0.04, 0.11] <0.01*

*p < 0.05
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Figure S2.1: Plot of the absolute changes in with BPSRTM2
ND relative increment

of k
′

2. In the x-axis is the fixed value of (which varied from 0.005 to 0.09 with
a step of 0.005), and in the y-axis is the of the fixed value of a specific brain
region. The dashed line represents a possible lower threshold for estimation.
Black dots represent data from the Superior Parietal Gyrus left region (a region
with high PIB binding), in dark grey, the Inferior Frontal Gyrus right (a region
with medium binding), and in light grey, the Lateral Remainder of Occipital
Lobe right (a region with low binding of PIB).
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Chapter 3. Relative PIB-PET CBF in preference of FDG in Alzheimer

Abstract

In Alzheimer’s Disease (AD) dual-tracer positron emission tomography (PET)

studies with [18F]-2-fluoro-2-deoxy-D-glucose (FDG) and [11C]labelled Pitts-

burgh Compound B (PIB) are used to assess metabolism and cerebral amyloid-

β deposition, respectively. Regional cerebral metabolism and blood flow (rCBF)

are closely coupled, both providing an index for neuronal function. The present

study compared PIB-derived rCBF, estimated by the ratio of tracer influx in

target regions relative to reference region (R1) and early-stage PIB uptake

(ePIB), to FDG scans. Fifteen PIB positive (+) patients and fifteen PIB nega-

tive (-) subjects underwent both FDG and PIB PET scans to assess the use of

R1 and ePIB as a surrogate for FDG. First, subjects were classified based on

visual inspection of the PIB PET images. Then, discriminative performance

(PIB+ versus PIB-) of rCBF methods were compared to normalized regional

FDG uptake. Strong positive correlations were found between analyses, sug-

gesting that PIB-derived rCBF provides information that is closely related to

what can be seen on FDG scans. Yet group related differences between

method’s distributions were seen as well. Also, a better correlation with FDG

was found for R1 than for ePIB. Further studies are needed to validate the use

of R1 as an alternative for FDG studies in clinical applications.
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Introduction

Several clinical studies were performed over the last years to validate biomark-

ers for evaluating the pathological mechanisms of Alzheimer’s disease (AD). It

is important to consider that different biomarkers may point at abnormality at

particular stages of disease progression,1 thus providing varied information in

the discernment between conditions with concomitant AD pathology, such as

dementia with Lewy bodies,2 Parkinson’s disease with dementia,3 and fron-

totemporal lobar degeneration.4

Two of the main AD biomarkers are those related with the amyloid-

β (Aβ) plaques deposition in the brain, a histopathology hallmark of the AD

that has an important role in disease progression,1 and neurodegeneration

biomarkers, which reflect synaptic dysfunction and degeneration. Moreover,

the prodromal phase of AD, known as mild cognitive impairment (MCI), which

is characterized by the onset of the earliest cognitive symptoms that do not

meet dementia criteria, can present abnormal levels of these biomarkers.1

In this context, positron emission tomography (PET) is becoming part

of the clinical routine in AD, considering its ability to assess a broad range of

these biomarkers and, therefore, of functional processes related to AD patho-

physiology. PET imaging allows not only visual interpretation of the results for

direct clinical use but, more importantly, provides quantitative brain data that

may be used to further understand the pathophysiology.5

The glucose analogue PET tracer [18F]-2-fluoro-2-deoxy-D-glucose

(FDG) can be used to assess alterations in brain glucose metabolism. In this

way, clinical symptoms can optimally be linked to patterns of regionally im-

paired brain function, particularly when the symptoms cannot be explained

by anatomical magnetic resonance imaging (MRI). This makes FDG PET a

highly useful technique in the differential diagnosis of neurodegenerative dis-
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eases characterized by gradually emerging cognitive and/or motor defects.6

Being one of the most accessible PET tracers in clinical routine, FDG PET

has been extensively used in the early diagnosis and disease progression of

AD.7 However, it has become increasingly clear that AD is not expressed by

a unique clinical syndrome,8;9 emphasizing the need for pathophysiological

biomarkers, provided by e.g. [11C]labelled Pittsburgh Compound B (PIB), and
18F-florbetaben PET. Classically, FDG PET studies have revealed that glucose

metabolism is reduced in the parietal, temporal, posterior cingulate, and, less

prominently, frontal cortices of AD patients when compared to healthy con-

trols.5 At the same time, visual analysis of amyloid PET data, with PET tracers

such as PIB, provides information on the presence or absence of amyloid load

in the brain, an aspect of major relevance in clinical practice in the early stages

of AD.10 When compared to healthy controls, AD patients showed increased

PIB retention in cortical brain regions.11

While complementary FDG and PIB PET scans might be helpful to

improve diagnosis of AD, the use of different PET tracers increases costs,

patient discomfort, scanning time, and exposure to radiation.12 Therefore,

the use of a single tracer that could provide information on more than one

biomarker at the same time would be ideal. PIB PET is a well-known ra-

diotracer for amyloid deposition,11 and due to its high lipophilicity, early-stage

distribution in the brain might also be a good surrogate for brain perfusion.13;14

These images can be assessed by making the time weighted average of the

first frames of the dynamic PIB PET scan. The early frames provide an image

that shows how the uptake of the tracer starts happening in the brain, and

therefore can be used as a surrogate for brain perfusion. The time interval

taken for PIB specifically has been optimized for the best correlation with FDG

scans,15–18 but not for diagnostic purposes.

Moreover, compartmental models used for PIB PET quantification19

also provide a good estimation of the rate constant for ligand transfer from
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blood to tissue (K 1). Thus, K 1 is expected to provide a good estimation

of cerebral blood flow. An extensive study of non-invasive reference tissue

based parametric methods established that the 2-step simplified reference

tissue model (SRTM2)20 allows a fast and easy computation of high-quality

parametric images of relative tracer flow (R1).21 Since R1 represents the ratio

between K 1 from the tissue of interest and the reference region, it is probable

that R1 parametric maps generated by the SRTM2 model provide a good im-

age of relative cerebral blood flow (rCBF). Since regional glucose metabolism

assessed with FDG PET and rCBF are closely related22 in such a way that

both are tightly coupled with regional neuronal activity,23;24 it enables the iden-

tification of regionally impaired brain function.25

Therefore, the aim of the present study was to explore the use of R1,

derived from dynamic PIB PET, as a surrogate for brain glucose metabolism,

FDG PET, and then to examine if R1 estimates are more accurate than early-

stage PIB uptake. To this end, regional R1 estimates obtained from voxel-

based SRTM2 analysis of PIB PET scans were compared to the estimates of

regional relative FDG and PIB early frames uptake in the same subjects.

Materials and Methods

Subjects

Thirty subjects were selected from a larger on-going study, recruited from

2013 till 2017 at the memory clinic of the University Medical Centre of Gronin-

gen (UMCG), Groningen, The Netherlands. The subjects included patients

with either AD or MCI, and healthy controls. In all subjects, standard demen-

tia screening was performed. Multimodal neuroimaging was also performed,

including PIB and FDG PET scans, as well as T1-3D magnetic resonance

imaging (MRI). Clinical diagnosis was established by consensus in a multidis-
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ciplinary team according to the National Institute on Aging Alzheimer’s Asso-

ciation criteria (NIA-AA)26 for the AD patients, and for the MCI, the Petersen

criteria.27 Healthy subjects had no cognitive complaints, and a mini-mental

state examination (MMSE) score above 28. Subjects were then classified into

two categories based on visual inspection of the PIB PET images: "PIB+"

(i.e. patients that presented high levels of cortical PIB binding), and "PIB-"

(i.e. participants that presented low levels of cortical PIB). A summary of the

demographic characteristics is shown in Table 3.1. All subjects provided writ-

ten informed consent to participate in the study. Patients with a MMSE score

higher than 18 were considered mentally competent to give informed con-

sent. This cohort of subjects had a minimum MMSE score of 22, therefore all

subjects were considered mentally competent to give informed consent. The

study was conducted according to the Declaration of Helsinki and subsequent

revisions. Ethical approval for the whole study, including the informed consent,

was obtained from the Medical Ethical Committee of the UMCG (2014/320).

Table 3.1: Demographic summary of subjects.

Group PiB+(n = 15) PiB-(n = 15) p-value
Sex Male 10 10

Female 5 5
Diagnosis AD 8 1

MCI 7 3
HC 0 11

Age (y) 65.6 ± 6.17 68.13 ± 4.03 0.20
Weight (kg) 78.2 ± 13.48 78.2 ± 13.49 0.81
MMSE Score 25.73 ± 2.69 28.8 ± 1.42 <0.001

PET Acquisition

All subjects underwent dynamic PIB PET and a static FDG PET examination

with either a Siemens Biograph 40mCT or 64mCT PET/CT scanner (Siemens

Medical Solutions, USA). A t-test comparing data provided by the different

scanners showed that they yielded no statistically significant differences be-
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tween them. Both scans were performed under standard resting conditions

with eyes closed. The FDG PET scan was performed on the same day at

least 90 minutes after the PIB injection for most subjects, while seven sub-

jects had a delay of up to two months between scans. All subjects fasted

for at least six hours before tracer injection, and plasma glucose levels were

measured before the scan.

The PIB and FDG tracers were manufactured at the radiopharmacy

facility at the Department of Nuclear Medicine and Molecular Imaging at the

UMCG, synthesized accordingly to the Good Manufacturing Procedure, and

administered via venous cannula. The dynamic PIB PET acquisition started

at the moment of tracer injection (384 ± 48 MBq) and lasted for 60 minutes

(frames: 7 × 10 s, 3 × 30 s, 2 × 60 s, 2 × 120 s, 2 × 180 s, 5 × 300 s, and

2 × 600 s) for 17 of the 30 subjects, 70 minutes (one extra 600s frame) for 8

subjects, and 90 minutes (three 600 s frames more than the 60 minutes scan)

for 5 subjects. 20 minutes static FGD images were acquired 30 minutes after

injection (207 ± 10 MBq). List-mode data from all PET scans were recon-

structed using 3D OSEM (3 iterations and 24 subsets), point spread function

correction and time-of-flight, resulting in images with 400 × 400 × 111 matrix,

isotropic 2 mm voxels, smoothed with 2 mm Gaussian filter at Full Width and

Hal fMaximum (FWHM).

Image Processing

Image registration and data analysis were done using PMOD software pack-

age (version 3.8; PMOD Technologies LLC). First, the T1 3D MRI was nor-

malized to the Montreal Neurologic Institute space using tissue probability

maps.28 Then, the PET images were corrected for motion (in case of pres-

ence) by using the average of the first 12 frames as reference, and were

aligned to the individual MRI. The Hammers atlas29 was used to define
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anatomical brain volumes of interest (VOI), which were grouped on a total of

40 bilateral regions, with white matter separated from cortical tissue. Several

regions from the original atlas were excluded from the analysis: cerebellar

white matter, corpus callosum, third ventricle, lateral ventricle, and temporal

horn. A list of regions used in this study is presented in Supplementary Table

1. Finally, the PET images were smoothed using a Gaussian filter of6mm at

FWHM, and everything that was outside of the brain was removed from the

image.

Parametric images of rCBF (i.e., R1 images) were generated using

the PIB PET images in the individual space and the SRTM2.21 The grey matter

of the cerebellum was chosen as the reference since it is a region without

relevant specific PIB binding.11;19;30;31 To apply the model, a first estimate of

the binding potential (BPND) and efflux rate constant from the reference region

(k
′

2) was obtained using the simplified reference tissue model (SRTM).32 Then,

the k
′

2 parameter was defined as the median value from all voxels that have a

BPND value higher than 0.05. After that the k
′

2 parameter was fixed and the

SRTM2 model was applied to generate the final R1 parametric images.

To compare with the early-stage distribution, data from the early

frames of the PIB PET scans (ePIB) were generated using the time weighted

average of the frames corresponding to different time intervals: 20 s to 40 s,

20 s to 60 s, 20 s to 100 s, 20 s to 130 s, and from 1 min to 8 min. In a previous

study, it was shown that the interval from 1 to 8 minutes was the optimal inter-

val when selecting early frames of PIB data, showing the best correlation with

FDG uptake.15 However, this time interval seems to be too long and might not

be a pure measure of flow, but may already be presenting contributions from

amyloid binding. Nonetheless, this interval was also considered, along with

other earlier times that corresponded better with the influx of the tracer into

the brain. After the weighted averages were estimated, standardized uptake

values were calculated and then normalized to the values of the reference
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region (cerebellum grey matter) for the same time interval.

To compare PIB derived R1 and ePIB to FDG PET, standardized up-

take value ratios (SUVR) were generated for the FDG PET images by normal-

izing the uptake to the mean value of the cerebellum (grey matter). All images

were also transformed to atlas space for further voxel-based comparison. To

better visualize the differences between the images, the FDG SUVR images

were subtracted from the R1 and ePIB for each subject, and the mean image

of all subjects per group was generated. This was done for an easier visual

comparison voxel-by-voxel of the differences between the images.

Finally, the images were also corrected for partial volume effects us-

ing the geometric transfer matrix method33 to explore the possible impact of

brain atrophy in the results.

Statistics

A general linear model was used to explore the relationship between R1 or

ePIB (dependent variable) and FDG SUVR (independent variable) estimates

of all regions for the subjects of each group. Additionally, in order to compare

how much the suggested methods correlate, the same analysis was made

between ePIB (dependent) and R1 (independent variable). A p-value of 0.05

was used as significance threshold for all analyses.

A Bland-Altman plot was made to evaluate the agreement between

the two measurements (R1 or ePIB and SUVR). The difference between the

two was plotted against the average SUVR values per region, considering the

FDG PET measure as the reference.34 All statistical analyses were done using

Rstudio (R version 3.4.0,35 Rstudio version 1.0.143).

To compare the capacity of the methods to distinguish between PIB+

and PIB- groups, a voxel-based comparison was performed using SPM12
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(Wellcome Trust Centre for Neuroimaging, UK). A two-sample t-test between

the groups was done independently for FDG SUVR, R1, and ePIB images.

Interpretation of the resulting T-maps was done using a voxel threshold of p =

0.005 (uncorrected), and only clusters with p < 0.05 corrected for family-wise

error were considered significant.

Results

Group Differences

In general terms, the FDG SUVR images were in agreement with the literature

(Figure 3.1).5 In the images from the PIB+ group, disease patterns of regional

hypometabolism corresponded to those from literature.36 The PIB- group did

not show abnormally decreased cortical uptake. The resemblance between

the R1 and FDG SUVR images was noticeable, with similar AD specific pat-

terns in the PIB+ group. Better visual similarity between ePIB, SUVR, and R1

was only seen for later intervals of frames. Representative images for all time

intervals can be seen in Supplementary Figure 1.

The FDG SUVR values from each region across subjects were (mean

± SD) 0.96 ± 0.15 (range 0.49 – 1.44) and 1.01 ± 0.15 (0.67 – 1.42) for the

PIB+ and PIB- patients respectively. Typical regions known for reduced FDG

uptake such as the frontal and parietal lobes presented relative uptake values

of 1.01 ± 0.11 (PIB+) and 1.07 ± 0.12 (PIB-) for the frontal cortex, and of 0.99

± 0.08 and 1.10 ± 0.09 for the parietal cortex (Figure 3.2). The regions that

presented the highest FDG SUVR mean values were the putamen (1.23 ±

0.10), for the PIB+ group, and the cingulate gyrus posterior part along with the

putamen (1.26 ± 0.09) for the PIB- group. Meanwhile, the brainstem was the

region that presented the lowest values for both groups (0.72 ± 0.03 and 0.75

± 0.03 for the PIB+ and PIB- groups respectively).
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Figure 3.1: Mean images per group. Mean normalized FDG uptake im-
ages (first row), parametric images of PiB rCBF (R1; second row), and time
weighted average of early PIB frames (20 to 130 seconds, and 1 to 8 minutes;
third and fourth row, respectively) of the PIB+ group (left), and the PIB- group
(right). Shown are corresponding transaxial, and sagittal slices of the brain.
All colour scales were adjusted to the same range.

For the R1 data, the regional values were 0.88 ± 0.13 (range 0.46 –

1.27) for the PIB+ group, and 0.90 ± 0.11 (0.58 – 1.26) for the PIB-. Frontal

cortex presented uptake values of 0.90 ± 0.08 (PIB+) and 0.93 ± 0.07 (PIB-),

while for the parietal cortex, these values were 0.88 ± 0.07 and 0.93 ± 0.05,

respectively (Figure 3.2). The region that presented the higher values was, for

both groups, the Putamen (1.14 ± 0.07 for the PIB+ group and 1.13 ± 0.05 for

the PIB- group). The smallest R1 values were found on the caudate nucleus,

for both groups (0.66 ± 0.14 and 0.71 ± 0.07 respectively for the PIB+ and

PIB- groups).

The values for ePIB(20-130s) across all subjects were 0.91 ± 0.13
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(range 0.38 – 1.29) and 0.93± 0.11 (0.53 – 1.24) for the PIB+ and PIB- groups

respectively. Frontal cortex presented values of 0.96 ± 0.09 (0.65 – 1.23) for

PIB+ patients, and 0.96 ± 0.07 (0.72 – 1.17) for PIB- subjects. Meanwhile,

the parietal cortex had values of 0.89 ± 0.08 (0.73 – 1.09), and 0.93 ± 0.05

(0.83 – 1.02) for PIB+ and PIB- subjects respectively. The putamen was the

region that presented the highest values of ePIB(20-130s) (1.14 ± 0.08 for the

PIB+ group and 1.12 ± 0.06 for the PIB-). Meanwhile, the caudate nucleus

presented the lowest values (0.64 ± 0.17 and 0.69 ± 0.07 for the PIB+ group

and for the PIB- group respectively).

With the exception of the hippocampus, brainstem, and white mat-

ter, all other regions in all methods presented higher average values after the

partial volume effect correction was applied. For the FDG SUVR and the R1

methods, the thalamus also yielded lower values than the other regions. In

general, the number of regions that presented a statistically significant differ-

ence between groups was reduced. Moreover, the standard deviations of the

data increased after partial volume correction.

A summary of all results for each region of both groups can be found

in Supplementary Tables S3.2, S3.3, S3.4, S3.5, S3.6, S3.7, S3.8, and the

results from the partial volume corrected data for the FDG SUVR, R1, ePIB(20-

130s) and ePIB(1-8min) methods are shown in Supplementary Tables S3.9,

S3.10, S3.11, S3.12.
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Figure 3.2: Distribution of R1 and FDG SUVR values per region. Distribution
of individual subject’s FDG SUVR (first and fourth rows), R1 (second and fifth
rows), and ePIB(20-130s) (third and sixth rows) values per group in all VOIs.
First three rows contain the values from the PIB+ group while the last three,
from the PIB- group. Filled boxes represent regions that showed a statistical
significant difference between PIB+ and PIB- groups. The filling of the back-
ground was made to differentiate between brain areas: frontal lobe, occipital
lobe, temporal lobe, parietal lobe, central structures, insula and cingulate gyri,
posterior fossa, white matter, and grey matter of the cerebellum (reference
region), in this order.
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Difference Images

When exploring the mean difference images per group (Figure 3.3), a clear

difference was observed between PIB+ and PIB- groups. Overall, higher FDG

SUVR values were found than those of R1 and ePIB (blue colour, Figure 3.3)

especially at the parietal and frontal lobes of the PIB- subjects. Structures

such as the thalamus, brainstem, and the cerebellum showed the opposite

pattern, with higher R1 or ePIB values than FDG SUVR (red colour, Figure

3.3). The difference images for all time intervals included in this study can be

seen in Supplementary Figure S3.2.

Correlation Between Methods and SUVR

The scatter plots of rCBF estimates from R1 and FDG SUVR uptake (Figure

3.4) suggest a strong correlation between R1 and FDG SUVR values, 0.86

for the PIB+ group and 0.84 for the PIB-. In addition, FDG SUVR estimates

were highly predictive of R1, accounting for 72% (R2 = 0.72, p < 0.001, slope =

0.73, intercept = 0.18) and 67% (R2 = 0.67, p < 0.001, slope = 0.62, intercept =

0.27) of its variability, for PIB+ and PIB- respectively. While ePIB(20-130s) also

presented a good correlation when compared to FDG SUVR, of 0.79 (PIB+)

and 0.73 (PIB-), this method was not as predictive as R1, accounting for 62%

(R2 = 0.62, p < 0.001, slope = 0.73, intercept = 0.21) for the PIB+ patients,

and 54% (R2 = 0.54, p < 0.001, slope = 0.56, intercept = 0.36) for the PIB-

subjects. Supplementary Figure S3.3 depicts the same data but with subjects

divided by diagnosis instead of PIB uptake.
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Figure 3.4: Linear regression analysis for R1 and ePIB(20-130s) estimates.
Scatter plot showing regional CBF estimates from R1 parametric images (top)
and ePIB(20-130s; bottom) (y-axis), and normalized FDG FDG uptake (x-
axis). Data are arranged according to patient group: circles represent PIB+
group, and triangles PIB-. Lines resulting from the linear regression applied to
the data are also shown: a full line for the PIB+ group, and a dashed one for
PIB-. Results of the linear regression are given in boxes at the bottom right
corner.
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Bias Assessment

Moreover, the mean bias between R1 and FDG SUVR (Figure 3.5) was of

-0.08 ± 0.08 (range -0.34 – 0.13) and -0.11 ± 0.09 (-0.39 – 0.13) for the PIB+

and PIB- groups, respectively. A moderate negative trend, proportional to the

magnitude of the SUVR estimate was also observed. A linear regression from

this data showed a bias of 27% for the PIB+ group (R2 = 0.27, p < 0.001,

slope = -0.27, intercept = 0.18), and of 43% for the PIB- group (R2 = 0.43, p <

0.001, slope = -0.38, intercept = 0.27). Furthermore, ePIB(20-130s) presented

a similar negative trend, with a mean of -0.05 ± 0.09 (range -0.31 – 0.32) for

the PIB+ group, and -0.09 ± 0.10 (-0.39 – 0.30) for the PIB-. For the PIB+

patients, a bias of 19% (R2 = 0.19, p < 0.001, slope = -0.27, intercept = 0.19)

was found, while the PIB- subjects presented a bias of 42% (R2 = 0.42, p <

0.001, slope = -0.44, intercept = 0.36).

Correlation Between ePIB and R1

When comparing ePIB with R1, later time frames (20 s to 100 s, 20 s to 130 s,

and 1 min to 8 min) presented the best correlations and predictability. Results

are shown in Table 3.2. While those intervals showed no significant bias for

the PIB+ group, for the PIB- subjects, there was a slight negative bias of 4%,

3%, and 22% respectively.

Voxel-Based Comparison Between Groups

Voxel-based analysis showed statistically significant differences between sub-

ject groups in FDG SUVR and R1 images. The main discrepancies between

tracers were the size of the clusters: while FDG SUVR had larger clusters,

their main core could also be seen in R1 (Figure 3.6). When exploring the

differences between groups where PIB- subjects showed a higher flux than
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Table 3.2: Linear regression results of the analysis between ePIB and R1.

PIB+ PIB-

20-40s
R2 0.00 0.00

Intercept 0.33 1.01*
Slope 1.13 -0.07

20-60s
R2 0.03* 0.01*

Intercept 0.56* 0.83*
Slope 0.61* 0.33*

20-100s
R2 0.65* 0.55*

Intercept 0.11* 0.21*
Slope 0.95* 0.84*

20-130s
R2 0.87* 0.87*

Intercept 0.03* 0.08*
Slope 1.00* 0.93*

1-8min
R2 0.94* 0.96*

Intercept 0.04* 0.12*
Slope 0.90* 0.90*

*p < 0.05

PIB+ subjects, the clusters were present in frontal, temporal, and parietal re-

gions of both tracers. Meanwhile, when exploring the opposite differences, the

brainstem and part of the cerebellum were the only visible region.

The same analysis was done for all ePIB intervals. The shorter inter-

vals (20 s to 40 s, and 20 s to 60 s) showed no statistically significant clusters.

Meanwhile, the 20 s to 130s interval presented similar results as R1 and FDG

SUVR analysis also being able to display cluster that showed regions of PIB+

patients that had a larger perfusion than PIB- subjects. Later intervals (1 to

8 minutes) were not able to produce the same pattern of distinction between

groups (Figure 3.6).
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Figure 3.5: Bland-Altman plot. Bland-Altman plot showing the difference be-
tween the values of rCBF assessed by different methods (by R1, on the top
row, and by ePIB(20 to 130 seconds), on the bottom, estimations and from the
normalized FDG uptake). Circles represent data from the PIB+ group, while
triangles represent PIB-. The full line is at the mean difference value for all
data (not classified in groups), and the dashed lines delimit the 95% agree-
ment interval (at mean ±1.96 × standard deviation).
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Figure 3.6: SPM analysis. Maximum Intensity Projections derived from the
voxel based analysis. First row contains the images from FDG SUVR, sec-
ond row shows R1, third, ePIB(20 to 130 seconds), and fourth, ePIB(1 to 8
minutes). On the left, statistically significant regions where PIB+ group shows
higher rCBF than the PIB- group, and, on the right, statistically significant re-
gions where the PIB- group showed higher flow than the PIB+ group.
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Discussion

In this study, the possibility of using PIB R1 and ePIB as surrogates for FDG

SUVR was explored. The good agreement between measures and the re-

semblance of the images indicate that rCBF estimates from pharmacokinetic

analysis of PIB might be a good alternative to an additional FDG scan. There-

fore, a single PIB PET study might suffice to observe amyloid deposition and

assess rCBF, as a surrogate for the FDG. This approach bypasses some lim-

itations associated with PET studies and facilitates dual biomarker imaging,

as subjects only need to undergo one scan, thus reducing radiation exposure

and costs. For the estimation of the R1 in the present study, the SRTM2 model

was used since it has been previously validated as the most suitable reference

tissue model for PIB.21 Although earlier studies indicate that PIB tissue kinet-

ics are best represented by a two-tissue compartment,11 the resulting bias on

the BPND using SRTM is small.37 Optimization of k
′

2 estimation has also been

made,20;38 but it has been observed that R1 is insensitive to minor inaccura-

cies of that estimation.32 Taken together, this strongly suggests that SRTM2

might be a suitable choice for the R1 estimation.

The results presented in the previous section showed a high cor-

relation between R1 estimates and FDG SUVR values. This response was

already anticipated, as R1 has been found to be a valid marker of rCBF,25

and there is an established coupling between blood flow delivery and meta-

bolic demand,23 The high predictability of FDG SUVR by R1 (about 72%) also

indicates that R1 might be a good surrogate for FDG PET imaging.

Several studies have presented early frames from PIB2;15;16;39 and

other Aβ tracers18;40–42 as a proxy to FDG. But while their choice of time inter-

val was solely done considering the best correlation with FDG SUVR values,

this study also considered the bias between measurements and how well the

method could differentiate between the PIB+ and PIB- groups on a voxel level.
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The recommended time interval of1 to 8 minutes15 was not able to distinguish

between the PIB+ and PIB- groups, and showed a similar bias to the measure

when compared to FDG SUVR. This was of interest considering that, in a pre-

vious study,15 this time frame showed the best correlation with the FDG SUVR

values. This time interval might be too long and thus picking up some amyloid

binding. This would affect the results since it might not be a pure flow image.

Considering these results, the early frames from 1 to 8 minutes may not be

the best time interval to estimate regional flow distributions. Therefore, the

preferred time interval taken here was from 20 to 130 seconds. Although the

good resemblance of the images and the good correlation with both R1 and

FDG SUVR measures, R1 still presented better correlation with FDG SUVR

than ePIB. This might be due to the non-uniform distribution of the tracer, small

sampling window, and noise.15 Therefore, the use of a full kinetic modelling

approach might be a better approach, since it not only provides an estimation

of amyloid deposition through BPND,2 but also an estimation of rCBF through

R1.

Moreover, the voxel-based group comparison demonstrated that R1

allows identification of regions with reduced rCBF in the PIB+ group, as com-

pared with PIB-. This pattern coincided with the distribution of reduced in

glucose metabolism, although cluster sizes appear to be smaller with R1 than

with FDG SUVR (Figure 3.6). Again, these results suggest that changes in

R1 distribution between subject groups seem to approximate those of FDG

SUVR reasonably well, but possibly at the cost of lower sensitivity. Therefore,

the diagnostic performance of using R1 parametric maps as a surrogate of

FDG SUVR for diagnosis of AD will be further explored, although it can al-

ready be said that it might not be the best option for longitudinal studies due to

its lower sensitivity to small changes. This sensitivity to differences between

groups was also reduced when performing partial volume correction which is

caused by an increment in data variance. This increased variance might be
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due to a higher noise, as consequence of the correction; an increased variabil-

ity between subjects due to errors in the segmentation of tissues; or it might

be a real larger spread in values. Moreover, previous studies have found that

partial volume correction might lead to bigger bias on results,43;44 and there is

not clear consensus about its use.

Despite the fact that these findings showed a good correlation be-

tween R1 and SUVR values, some differences were also observed in the data.

The slopes of the linear regressions were smaller than one, suggesting that R1

might be less sensitive than FDG SUVR. Moreover, the bias between R1 and

FDG SUVR seems to increase with higher FDG SUVR values (Figure 3.5). In

addition, FDG SUVR values were higher than those of R1 for most of the brain

regions, with the exception of the cerebellum, brainstem, and thalamus (Fig-

ure 3.3). These regions are known to be hyperperfused due to their “potential

need for precipitous and rapid activation”.45 Therefore, R1 should not be used

for studies of changes in metabolism and pathophysiology, since it is not a true

surrogate of FDG, but it can be considered for (differential) diagnosis.

Interestingly, the degree of agreement between R1 and FDG SUVR

values seems to be different for the PIB+ and the PIB- groups. Deposition of

Aβ induces profound changes in the neurons’ metabolic phenotype24 and it is

known to relate with neurovascular decoupling, resulting in a cerebrovascular

dysfunction with a reduction of the rCBF.46 For this study, it was hypothesized

that the agreement between R1 and FDG SUVR images would be worse in the

PIB+ group, where FDG will capture not only alterations in perfusion, but also

in metabolism. However, what was found seems to be in contradiction with

this initial hypothesis. The fact that PIB+ group presented a better correlation

than the PIB-, a lower bias, and a higher predictability of FDG SUVR values

might suggest that the R1 (i.e. PIB PET) could more accurately replace FDG

PET in PIB+ subjects than in the PIB-.
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Conclusion

Phamacokinetic analysis of dynamic PIB PET studies provides high-quality

rCBF images comparable with those obtained by FDG SUVR. The high corre-

lation between R1 and normalized FDG uptake suggests that PIB PET para-

metric maps might be used as an alternative to FDG PET, and also R1 outper-

formed ePIB in this analysis. However, despite the good correlation between

R1 and SUVR, there is still a need for further prospective studies to validate

the use of R1 as an alternative of FDG SUVR for diagnostic purposes, and

to monitor the progression of AD, since the observed differences between R1

and FDG SUVR might be of importance in longitudinal studies, for example,

where small effect sizes are relevant. Nevertheless, the results presented in

this study suggest that R1 might be used as a surrogate for FDG and preferred

over ePIB for (differential) diagnosis in neurodegenerative diseases with PET

imaging.
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Supplementary Material

Table S3.1: Regions of interest. List of all regions ofinterest included and their sepa-
ration in this study.

Brain Areas Name of Region

Frontal Lobe

Superior frontal gyrus
Middle frontal gyrus
Inferior frontal gyrus
Precentral gyrus
Straight gyrus
Anterior orbital gyrus
Lateral orbital gyrus
Medial orbital gyrus
Posterior orbital gyrus
Subcallosal area
Subgenual frontal cortex
Pre-subgenual frontal cortex

Occipital Lobe
Cuneus
Lingual gyrus
Lateral remainder of occipital lobe

Temporal Lobe

Hippocampus
Amygdala
Anterior temporal lobe lateral part
Anterior temporal lobe medial part
Parahippocampal and ambient gyri
Superior temporal gyrus anterior part
Superior temporal gyrus posterior part
Middle and inferior temporal gyrus
Fusiform gyrus
Posterior temporal lobe

Parietal Lobe
Postcentral gyrus
Superior parietal gyrus
Inferiolateral remainder of parietal lobe

Central Structures

Caudate nucleus
Nucleus accumbens
Putamen
Thalamus
Pallidum
Substantia nigra

Insula and Cingulate gyri
Insula
Cingulate gyrus anterior part
Cingulate gyrus posterior part

Posterior Fossa Brainstem
Cerebellum

White Matter White matter
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Table S3.2: FDG SUVR values. FDG SUVR values (expressed as mean ± standard
deviation) for each region per subject group, and uncorrected and corrected for false
discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 1.05 ± 0.07 1.12 ± 0.08 0.02 * 0.05
Middle frontal gyrus 1.09 ± 0.09 1.21 ± 0.09 <0.01 * 0.01 *
Inferior frontal gyrus 1.10 ± 0.10 1.17 ± 0.08 0.03 * 0.07
Precentral gyrus 1.06 ± 0.08 1.08 ± 0.07 0.40 0.44
Straight gyrus 1.01 ± 0.07 1.06 ± 0.07 0.12 0.20
Anterior orbital gyrus 1.06 ± 0.06 1.14 ± 0.08 <0.01 * 0.04 *
Lateral orbital gyrus 1.04 ± 0.09 1.11 ± 0.08 0.03 * 0.07
Medial orbital gyrus 1.01 ± 0.07 1.06 ± 0.07 0.05 * 0.09
Posterior orbital gyrus 1.03 ± 0.07 1.06 ± 0.07 0.30 0.38
Subcallosal area 0.83 ± 0.08 0.86 ± 0.06 0.31 0.38
Subgenual frontal cor-
tex 0.90 ± 0.07 0.90 ± 0.05 0.66 0.68

Pre-subgenual frontal
cortex 1.04 ± 0.08 1.07 ± 0.09 0.38 0.43

Cuneus 1.16 ± 0.10 1.22 ± 0.08 0.07 0.13
Lingual gyrus 1.16 ± 0.11 1.16 ± 0.07 0.98 0.98
Lateral remainder of oc-
cipital lobe 1.01 ± 0.07 1.07 ± 0.07 0.04 * 0.08

Hippocampus 0.82 ± 0.05 0.87 ± 0.05 0.01 * 0.05 *
Amygdala 0.76 ± 0.05 0.80 ± 0.04 0.03 * 0.07
Anterior temporal lobe
lateral part 0.85 ± 0.07 0.90 ± 0.05 0.01 * 0.05 *

Anterior temporal lobe
medial part 0.78 ± 0.04 0.80 ± 0.02 0.17 0.27

Parahippocampal and
ambient gyri 0.81 ± 0.04 0.82 ± 0.04 0.23 0.34

Superior temporal gyrus
anterior part 0.83 ± 0.06 0.84 ± 0.03 0.58 0.61

Superior temporal gyrus
posterior part 0.99 ± 0.08 1.05 ± 0.06 0.03 * 0.07

Middle and inferior tem-
poral gyrus 0.92 ± 0.08 1.02 ± 0.05 <0.01 * <0.01 *

Fusiform gyrus 0.85 ± 0.05 0.87 ± 0.03 0.21 0.32
Posterior temporal lobe 0.96 ± 0.07 1.04 ± 0.05 <0.01 * <0.01 *
Postcentral gyrus 1.00 ± 0.08 1.03 ± 0.06 0.29 0.38
Superior parietal gyrus 1.02 ± 0.08 1.15 ± 0.08 <0.01 * <0.01 *
Inferiolateral remainder
of parietal lobe 0.96 ± 0.07 1.11 ± 0.07 <0.01 * <0.01 *

Caudate nucleus 0.74 ± 0.17 0.85 ± 0.12 0.05 0.09
Nucleus accumbens 1.00 ± 0.07 1.03 ± 0.10 0.33 0.39
Putamen 1.23 ± 0.10 1.26 ± 0.09 0.38 0.43
Thalamus 0.96 ± 0.09 1.03 ± 0.08 0.04 * 0.08
Pallidum 0.97 ± 0.09 1.00 ± 0.08 0.30 0.38
Substantia nigra 0.75 ± 0.05 0.83 ± 0.06 <0.01 * <0.01 *
Insula 0.99 ± 0.07 1.01 ± 0.05 0.27 0.38
Cingulate gyrus anterior
part 1.02 ± 0.08 1.05 ± 0.07 0.28 0.38

Cingulate gyrus poste-
rior part 1.11 ± 0.08 1.26 ± 0.09 <0.01 * <0.01 *

Brainstem 0.72 ± 0.03 0.75 ± 0.03 0.01 * 0.05 *
Cerebellum 1.00 ± 0.00 1.00 ± 0.00 0.04 * 0.09
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White matter 0.82 ± 0.05 0.86 ± 0.03 0.01 * 0.05 *
*p < 0.05

Table S3.3: R1 values. R1 values (expressed as mean ± standard deviation)
for each region per subject group, and uncorrected and corrected for false
discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 0.98 ± 0.06 0.92 ± 0.04 0.14 0.48
Middle frontal gyrus 0.93 ± 0.06 0.98 ± 0.05 0.02 * 0.08
Inferior frontal gyrus 0.94 ± 0.06 0.99 ± 0.04 0.01 * 0.08
Precentral gyrus 0.91 ± 0.06 0.93 ± 0.03 0.40 0.60
Straight gyrus 0.92 ± 0.07 0.94 ± 0.05 0.38 0.60
Anterior orbital gyrus 0.92 ± 0.09 0.95 ± 0.05 0.33 0.60
Lateral orbital gyrus 0.89 ± 0.10 0.93 ± 0.05 0.21 0.54
Medial orbital gyrus 0.89 ± 0.08 0.91 ± 0.04 0.40 0.60
Posterior orbital gyrus 0.93 ± 0.07 0.93 ± 0.04 0.88 0.91
Subcallosal area 0.78 ± 0.09 0.81 ± 0.06 0.25 0.57
Subgenual frontal cor-
tex 0.84 ± 0.05 0.84 ± 0.06 0.85 0.91

Pre-subgenual frontal
cortex 0.97 ± 0.06 0.97 ± 0.08 0.89 0.91

Cuneus 1.06 ± 0.08 1.10 ± 0.06 0.31 0.60
Lingual gyrus 1.08 ± 0.07 1.07 ± 0.05 0.52 0.65
Lateral remainder of oc-
cipital lobe 0.92 ± 0.08 0.93 ± 0.04 0.56 0.68

Hippocampus 0.76 ± 0.05 0.79 ± 0.04 0.05 0.20
Amygdala 0.74 ± 0.05 0.75 ± 0.02 0.19 0.54
Anterior temporal lobe
lateral part 0.76 ± 0.04 0.80 ± 0.04 0.01 * 0.08

Anterior temporal lobe
medial part 0.71 ± 0.04 0.72 ± 0.02 0.37 0.60

Parahippocampal and
ambient gyri 0.73 ± 0.05 0.73 ± 0.04 0.73 0.82

Superior temporal gyrus
anterior part 0.76 ± 0.05 0.78 ± 0.06 0.21 0.54

Superior temporal gyrus
posterior part 0.89 ± 0.06 0.96 ± 0.07 <0.01 * 0.06

Middle and inferior tem-
poral gyrus 0.83 ± 0.06 0.90 ± 0.03 <0.01 * 0.02 *

Fusiform gyrus 0.77 ± 0.06 0.78 ± 0.03 0.45 0.62
Posterior temporal lobe 0.89 ± 0.05 0.93 ± 0.03 0.01 * 0.07
Postcentral gyrus 0.87 ± 0.06 0.89 ± 0.05 0.43 0.61
Superior parietal gyrus 0.90 ± 0.08 0.95 ± 0.05 0.04 * 0.14
Inferiolateral remainder
of parietal lobe 0.86 ± 0.07 0.94 ± 0.05 <0.01 * 0.02 *

Caudate nucleus 0.66 ± 0.14 0.71 ± 0.07 0.25 0.57
Nucleus accumbens 0.92 ± 0.07 0.93 ± 0.07 0.69 0.79
Putamen 1.14 ± 0.07 1.13 ± 0.05 0.52 0.65
Thalamus 0.98 ± 0.09 1.00 ± 0.06 0.39 0.60
Pallidum 0.94 ± 0.08 0.94 ± 0.07 0.96 0.96
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Substantia nigra 0.74 ± 0.05 0.80 ± 0.06 <0.01 * 0.04 *
Insula 0.92 ± 0.06 0.93 ± 0.05 0.48 0.64
Cingulate gyrus anterior
part 0.91 ± 0.08 0.94 ± 0.06 0.33 0.60

Cingulate gyrus poste-
rior part 0.99 ± 0.08 1.07 ± 0.05 <0.01 * 0.04 *

Brainstem 0.77 ± 0.03 0.78 ± 0.02 0.20 0.54
Cerebellum 1.01 ± 0.006 1.00 ± 0.004 0.32 0.60
White matter 0.73 ± 0.05 0.74 ± 0.03 0.68 0.79
*p < 0.05

Table S3.4: ePIB(20-40s) values. ePIB(20-40s) values (expressed as mean
± standard deviation) for each region per subject group, and uncorrected and
corrected for false discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 0.63 ± 0.47 0.82 ± 0.33 0.22 0.66
Middle frontal gyrus 1.07 ± 1.22 0.61 ± 0.34 0.18 0.66
Inferior frontal gyrus 0.96 ± 0.63 0.87 ± 0.35 0.62 0.92
Precentral gyrus 0.66 ± 0.45 0.70 ± 0.34 0.80 0.92
Straight gyrus 1.31 ± 0.88 0.89 ± 0.56 0.13 0.66
Anterior orbital gyrus 0.63 ± 0.41 0.61 ± 0.34 0.88 0.93
Lateral orbital gyrus 0.72 ± 0.48 1.06 ± 0.62 0.11 0.66
Medial orbital gyrus 1.56 ± 2.13 0.79 ± 0.37 0.17 0.66
Posterior orbital gyrus 2.00 ± 1.91 1.31 ± 0.67 0.20 0.66
Subcallosal area 1.19 ± 0.91 1.04 ± 1.52 0.75 0.92
Subgenual frontal cor-
tex 2.60 ± 4.99 1.06 ± 1.40 0.26 0.66

Pre-subgenual frontal
cortex 1.23 ± 0.84 1.31 ± 1.16 0.84 0.92

Cuneus 1.78 ± 2.66 0.76 ± 0.46 0.16 0.66
Lingual gyrus 2.09 ± 4.51 0.84 ± 0.52 0.29 0.66
Lateral remainder of oc-
cipital lobe 0.89 ± 0.65 0.77 ± 0.37 0.54 0.87

Hippocampus 1.31 ± 1.35 1.01 ± 0.58 0.44 0.76
Amygdala 1.99 ± 1.62 1.31 ± 0.81 0.16 0.66
Anterior temporal lobe
lateral part 2.19 ± 4.24 1.01 ± 0.87 0.30 0.66

Anterior temporal lobe
medial part 1.50 ± 1.49 1.00 ± 0.52 0.22 0.66

Parahippocampal and
ambient gyri 1.50 ± 0.90 1.05 ± 0.60 0.11 0.66

Superior temporal gyrus
anterior part 1.53 ± 0.92 1.21 ± 0.65 0.27 0.66

Superior temporal gyrus
posterior part 1.96 ± 2.46 1.15 ± 0.59 0.23 0.66

Middle and inferior tem-
poral gyrus 1.31 ± 1.12 0.97 ± 0.48 0.29 0.66

Fusiform gyrus 1.11 ± 0.50 1.54 ± 0.72 0.83 0.92
Posterior temporal lobe 1.94 ± 3.15 0.98 ± 0.45 0.25 0.66
Postcentral gyrus 1.29 ± 2.22 0.78 ± 0.43 0.39 0.73
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Superior parietal gyrus 0.59 ± 0.34 0.61 ± 0.31 0.85 0.92
Inferiolateral remainder
of parietal lobe 0.81 ± 0.55 0.67 ± 0.33 0.40 0.73

Caudate nucleus 0.71 ± 0.55 0.68 ± 0.39 0.86 0.92
Nucleus accumbens 1.08 ± 0.89 1.18 ± 1.58 0.83 0.92
Putamen 1.51 ± 1.56 1.31 ± 0.49 0.65 0.92
Thalamus 0.79 ± 0.55 0.77 ± 0.46 0.92 0.94
Pallidum 1.15 ± 1.93 0.89 ± 0.62 0.64 0.92
Substantia nigra 2.73 ± 7.37 1.06 ± 0.88 0.39 0.73
Insula 1.84 ± 2.67 1.38 ± 0.65 0.52 0.87
Cingulate gyrus anterior
part 0.83 ± 0.64 0.78 ± 0.40 0.81 0.92

Cingulate gyrus poste-
rior part 0.86 ± 0.75 0.85 ± 0.64 0.99 0.99

Brainstem 1.15 ± 0.54 1.04 ± 0.80 0.68 0.92
Cerebellum 1.00 ± 0.00 1.00 ± 0.00 0.21 0.66
White matter 0.99 ± 0.86 0.78 ± 0.28 0.38 0.73
*p < 0.05

Table S3.5: ePIB(20-60s) values. ePIB(20-60s) values (expressed as mean
± standard deviation) for each region per subject group, and uncorrected and
corrected for false discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 0.99 ± 0.26 1.05 ± 0.20 0.46 0.90
Middle frontal gyrus 0.91 ± 0.21 0.98 ± 0.17 0.35 0.82
Inferior frontal gyrus 1.06 ± 0.21 1.17 ± 0.22 0.17 0.71
Precentral gyrus 1.04 ± 0.31 0.99 ± 0.16 0.56 0.93
Straight gyrus 1.40 ± 0.44 1.40 ± 0.32 0.96 0.96
Anterior orbital gyrus 0.96 ± 0.30 1.00 ± 0.24 0.67 0.93
Lateral orbital gyrus 0.92 ± 0.16 1.03 ± 0.23 0.16 0.71
Medial orbital gyrus 1.16 ± 0.51 1.08 ± 0.20 0.58 0.93
Posterior orbital gyrus 1.40 ± 0.46 1.37 ± 0.37 0.82 0.93
Subcallosal area 1.39 ± 0.65 1.62 ± 0.71 0.35 0.82
Subgenual frontal cor-
tex 1.39 ± 0.52 1.42 ± 0.29 0.89 0.95

Pre-subgenual frontal
cortex 1.14 ± 0.32 1.43 ± 0.43 0.04 0.52

Cuneus 1.10 ± 0.25 1.13 ± 0.15 0.66 0.93
Lingual gyrus 1.18 ± 0.26 1.15 ± 0.15 0.71 0.93
Lateral remainder of oc-
cipital lobe 0.84 ± 0.15 0.93 ± 0.16 0.14 0.71

Hippocampus 1.05 ± 0.29 1.23 ± 0.40 0.17 0.71
Amygdala 1.13 ± 0.27 1.27 ± 0.39 0.26 0.82
Anterior temporal lobe
lateral part 0.84 ± 0.21 0.88 ± 0.10 0.59 0.93

Anterior temporal lobe
medial part 0.99 ± 0.26 1.02 ± 0.18 0.70 0.93

Parahippocampal and
ambient gyri 1.26 ± 0.48 1.28 ± 0.27 0.91 0.95

Superior temporal gyrus
anterior part 1.05 ± 0.21 1.13 ± 0.28 0.37 0.82
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Superior temporal gyrus
posterior part 1.17 ± 0.29 1.27 ± 0.28 0.34 0.82

Middle and inferior tem-
poral gyrus 0.83 ± 0.11 1.00 ± 0.29 0.44 0.52

Fusiform gyrus 0.95 ± 0.27 1.00 ± 0.24 0.55 0.93
Posterior temporal lobe 0.95 ± 0.21 1.04 ± 0.24 0.32 0.82
Postcentral gyrus 1.02 ± 0.21 1.00 ± 0.22 0.84 0.93
Superior parietal gyrus 0.88 ± 0.18 0.98 ± 0.19 0.15 0.71
Inferiolateral remainder
of parietal lobe 0.93 ± 0.25 1.02 ± 0.15 0.21 0.77

Caudate nucleus 0.64 ± 0.19 0.82 ± 0.28 0.05* 0.52
Nucleus accumbens 1.34 ± 0.48 1.47 ± 0.54 0.47 0.90
Putamen 1.40 ± 0.58 1.27 ± 0.30 0.43 0.90
Thalamus 1.05 ± 0.43 1.06 ± 0.18 0.93 0.96
Pallidum 1.38 ± 1.28 1.05 ± 0.26 0.34 0.82
Substantia nigra 1.37 ± 0.83 1.05 ± 0.27 0.18 0.71
Insula 1.31 ± 0.40 1.36 ± 0.42 0.76 0.93
Cingulate gyrus anterior
part 1.26 ± 0.38 1.29 ± 0.32 0.77 0.93

Cingulate gyrus poste-
rior part 0.94 ± 0.20 1.23 ± 0.29 <0.01* 0.11

Brainstem 1.03 ± 0.25 1.04 ± 0.17 0.84 0.93
Cerebellum 1.00 ± 0.00 1.00 ± 0.00 0.77 0.93
White matter 0.81 ± 0.23 0.84 ± 0.16 0.69 0.93
*p < 0.05

Table S3.6: ePIB(20-100s) values. ePIB(20-100s) values (expressed as
mean ± standard deviation) for each region per subject group, and uncor-
rected and corrected for false discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 0.95 ± 0.08 0.95 ± 0.05 0.94 0.96
Middle frontal gyrus 0.94 ± 0.07 0.98 ± 0.05 0.07 0.26
Inferior frontal gyrus 1.01 ± 0.08 1.05 ± 0.05 0.06 0.26
Precentral gyrus 0.96 ± 0.07 0.96 ± 0.04 0.89 0.96
Straight gyrus 1.07 ± 0.10 1.07 ± 0.07 0.96 0.96
Anterior orbital gyrus 0.93 ± 0.10 0.95 ± 0.06 0.56 0.83
Lateral orbital gyrus 0.91 ± 0.10 0.96 ± 0.06 0.11 0.39
Medial orbital gyrus 0.96 ± 0.09 0.96 ± 0.06 0.89 0.96
Posterior orbital gyrus 1.07 ± 0.10 1.06 ± 0.06 0.94 0.96
Subcallosal area 1.01 ± 0.17 1.04 ± 0.24 0.66 0.91
Subgenual frontal cor-
tex 1.07 ± 0.12 1.03 ± 0.10 0.47 0.82

Pre-subgenual frontal
cortex 1.11 ± 0.10 1.10 ± 0.11 0.84 0.96

Cuneus 1.08 ± 0.10 1.12 ± 0.06 0.24 0.56
Lingual gyrus 1.11 ± 0.10 1.11 ± 0.06 0.75 0.96
Lateral remainder of oc-
cipital lobe 0.89 ± 0.10 0.93 ± 0.04 0.21 0.55

Hippocampus 0.85 ± 0.09 0.91 ± 0.07 0.02* 0.15
Amygdala 0.87 ± 0.12 0.92 ± 0.13 0.32 0.68
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Anterior temporal lobe
lateral part 0.75 ± 0.07 0.80 ± 0.07 0.06 0.26

Anterior temporal lobe
medial part 0.77 ± 0.07 0.81 ± 0.05 0.14 0.39

Parahippocampal and
ambient gyri 0.89 ± 0.10 0.91 ± 0.07 0.59 0.84

Superior temporal gyrus
anterior part 0.85 ± 0.07 0.89 ± 0.08 0.12 0.39

Superior temporal gyrus
posterior part 0.98 ± 0.09 1.06 ± 0.09 0.02* 0.15

Middle and inferior tem-
poral gyrus 0.81 ± 0.08 0.88 ± 0.05 <0.01* 0.06

Fusiform gyrus 0.79 ± 0.07 0.82 ± 0.07 0.34 0.68
Posterior temporal lobe 0.90 ± 0.07 0.95 ± 0.04 0.02* 0.15
Postcentral gyrus 0.92 ± 0.09 0.92 ± 0.06 0.87 0.96
Superior parietal gyrus 0.89 ± 0.10 0.95 ± 0.07 0.04* 0.25
Inferiolateral remainder
of parietal lobe 0.86 ± 0.08 0.96 ± 0.05 <0.01* 0.02 *

Caudate nucleus 0.94 ± 0.16 0.69 ± 0.07 0.22 0.56
Nucleus accumbens 1.07 ± 0.14 1.03 ± 0.12 0.49 0.82
Putamen 1.15 ± 0.09 1.13 ± 0.07 0.51 0.82
Thalamus 0.98 ± 0.09 1.01 ± 0.06 0.26 0.57
Pallidum 0.93 ± 0.84 0.92 ± 0.08 0.82 0.96
Substantia nigra 0.87 ± 0.10 0.89 ± 0.09 0.55 0.83
Insula 1.04 ± 0.08 1.04 ± 0.07 0.76 0.96
Cingulate gyrus anterior
part 1.05 ± 0.11 1.04 ± 0.07 0.87 0.96

Cingulate gyrus poste-
rior part 1.04 ± 0.10 1.16 ± 0.09 <0.01* 0.03 *

Brainstem 0.84 ± 0.64 0.86 ± 0.05 0.42 0.81
Cerebellum 1.00 ± 0.00 1.00 ± 0.00 0.49 0.82
White matter 0.72 ± 0.05 0.74 ± 0.03 0.13 0.39
*p < 0.05

Table S3.7: ePIB(20-130s) values. ePIB(20-130s) values (expressed as
mean ± standard deviation) for each region per subject group, and uncor-
rected and corrected for false discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 0.93 ± 0.07 0.93 ± 0.04 0.88 0.99
Middle frontal gyrus 0.94 ± 0.07 0.98 ± 0.05 0.06 0.33
Inferior frontal gyrus 0.98 ± 0.07 1.02 ± 0.04 0.09 0.38
Precentral gyrus 0.94 ± 0.07 0.94 ± 0.03 0.97 0.99
Straight gyrus 1.00 ± 0.07 0.99 ± 0.05 0.71 0.92
Anterior orbital gyrus 0.93 ± 0.09 0.94 ± 0.06 0.69 0.92
Lateral orbital gyrus 0.91 ± 0.10 0.94 ± 0.06 0.43 0.69
Medial orbital gyrus 0.93 ± 0.07 0.93 ± 0.04 0.94 0.99
Posterior orbital gyrus 1.01 ± 0.08 0.99 ± 0.04 0.49 0.75
Subcallosal area 0.90 ± 0.12 0.89 ± 0.12 0.79 0.99
Subgenual frontal cor-
tex 0.96 ± 0.09 0.93 ± 0.06 0.28 0.68

Pre-subgenual frontal
cortex 1.06 ± 0.09 1.02 ± 0.09 0.28 0.68
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Cuneus 1.08 ± 0.10 1.11 ± 0.06 0.42 0.69
Lingual gyrus 1.10 ± 0.09 1.09 ± 0.05 0.60 0.82
Lateral remainder of oc-
cipital lobe 0.91 ± 0.09 0.93 ± 0.04 0.41 0.69

Hippocampus 0.81 ± 0.06 0.85 ± 0.04 0.03 0.22
Amygdala 0.80 ± 0.08 0.82 ± 0.07 0.35 0.68
Anterior temporal lobe
lateral part 0.75 ± 0.06 0.79 ± 0.06 0.12 0.44

Anterior temporal lobe
medial part 0.74 ± 0.06 0.76 ± 0.03 0.34 0.68

Parahippocampal and
ambient gyri 0.82 ± 0.07 0.81 ± 0.04 0.92 0.99

Superior temporal gyrus
anterior part 0.80 ± 0.06 0.83 ± 0.07 0.32 0.68

Superior temporal gyrus
posterior part 0.94 ± 0.08 1.00 ± 0.08 0.03* 0.22

Middle and inferior tem-
poral gyrus 0.82 ± 0.07 0.88 ± 0.04 <0.01* 0.09

Fusiform gyrus 0.78 ± 0.06 0.79 ± 0.04 0.58 0.82
Posterior temporal lobe 0.89 ± 0.06 0.93 ± 0.03 0.03* 0.22
Postcentral gyrus 0.90 ± 0.07 0.90 ± 0.05 0.98 0.99
Superior parietal gyrus 0.90 ± 0.09 0.95 ± 0.05 0.07 0.35
Inferiolateral remainder
of parietal lobe 0.86 ± 0.07 0.95 ± 0.05 <0.01* 0.03 *

Caudate nucleus 0.64 ± 0.17 0.69 ± 0.07 0.35 0.68
Nucleus accumbens 1.00 ± 0.11 0.95 ± 0.09 0.18 0.61
Putamen 1.14 ± 0.08 1.12 ± 0.06 0.34 0.68
Thalamus 0.98 ± 0.10 1.01 ± 0.06 0.37 0.68
Pallidum 0.92 ± 0.09 0.92 ± 0.07 0.93 0.99
Substantia nigra 0.81 ± 0.08 0.84 ± 0.05 0.37 0.68
Insula 0.98 ± 0.07 0.98 ± 0.06 0.94 0.99
Cingulate gyrus anterior
part 0.99 ± 0.10 0.99 ± 0.06 0.83 0.99

Cingulate gyrus poste-
rior part 1.03 ± 0.08 1.11 ± 0.06 <0.01* 0.09

Brainstem 0.80 ± 0.04 0.82 ± 0.02 0.12 0.44
Cerebellum 1.00 ± 0.00 1.00 ± 0.00 0.51 0.75
White matter 0.72 ± 0.05 0.74 ± 0.03 0.28 0.68
*p < 0.05

Table S3.8: ePIB(1-8min) values. ePIB(1-8min) values (expressed as mean
± standard deviation) for each region per subject group, and uncorrected and
corrected for false discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 0.98 ± 0.07 0.93 ± 0.04 0.02* 0.11
Middle frontal gyrus 1.02 ± 0.07 0.99 ± 0.04 0.09 0.27
Inferior frontal gyrus 1.02 ± 0.07 0.99 ± 0.04 0.17 0.37
Precentral gyrus 0.97 ± 0.06 0.95 ± 0.03 0.14 0.36
Straight gyrus 1.01 ± 0.09 0.96 ± 0.05 0.06 0.23
Anterior orbital gyrus 1.01 ± 0.10 0.97 ± 0.04 0.14 0.36
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Lateral orbital gyrus 0.96 ± 0.10 0.93 ± 0.05 0.35 0.52
Medial orbital gyrus 0.97 ± 0.09 0.93 ± 0.04 0.08 0.27
Posterior orbital gyrus 1.01 ± 0.08 0.96 ± 0.04 0.02* 0.11
Subcallosal area 0.85 ± 0.10 0.83 ± 0.05 0.54 0.67
Subgenual frontal cor-
tex 0.93 ± 0.06 0.87 ± 0.05 <0.01* 0.07

Pre-subgenual frontal
cortex 1.06 ± 0.07 0.99 ± 0.06 <0.01* 0.07

Cuneus 1.10 ± 0.09 1.01 ± 0.06 0.45 0.62
Lingual gyrus 1.01 ± 0.07 1.06 ± 0.04 0.02* 0.11
Lateral remainder of oc-
cipital lobe 0.98 ± 0.07 0.96 ± 0.04 0.30 0.47

Hippocampus 0.81 ± 0.05 0.84 ± 0.04 0.19 0.37
Amygdala 0.79 ± 0.05 0.80 ± 0.02 0.64 0.73
Anterior temporal lobe
lateral part 0.83 ± 0.05 0.83 ± 0.05 0.85 0.92

Anterior temporal lobe
medial part 0.77 ± 0.04 0.76 ± 0.02 0.34 0.52

Parahippocampal and
ambient gyri 0.79 ± 0.05 0.77 ± 0.04 0.22 0.42

Superior temporal gyrus
anterior part 0.83 ± 0.05 0.81 ± 0.05 0.30 0.47

Superior temporal gyrus
posterior part 0.97 ±0.07 0.97 ± 0.05 0.95 0.95

Middle and inferior tem-
poral gyrus 0.92 ± 0.06 0.93 ± 0.03 0.64 0.73

Fusiform gyrus 0.84 ± 0.07 0.82 ± 0.03 0.49 0.64
Posterior temporal lobe 0.97 ± 0.06 0.95 ± 0.03 0.47 0.63
Postcentral gyrus 0.93 ± 0.06 0.91 ± 0.04 0.16 0.37
Superior parietal gyrus 0.99 ± 0.09 0.96 ± 0.05 0.24 0.44
Inferiolateral remainder
of parietal lobe 0.95 ± 0.07 0.95 ± 0.04 0.91 0.95

Caudate nucleus 0.70 ± 0.12 0.72 ± 0.08 0.72 0.80
Nucleus accumbens 1.00 ± 0.08 0.95 ± 0.06 0.06 0.23
Putamen 1.04 ± 0.08 1.17 ± 0.05 <0.01* 0.07
Thalamus 1.04 ± 0.11 1.05 ± 0.06 0.93 0.95
Pallidum 1.03 ± 0.07 1.02 ± 0.07 0.55 0.67
Substantia nigra 0.81 ± 0.06 0.88 ± 0.06 <0.01* 0.07
Insula 1.00 ± 0.07 0.96 ± 0.05 0.13 0.36
Cingulate gyrus anterior
part 1.00 ± 0.09 0.95 ± 0.05 0.08 0.27

Cingulate gyrus poste-
rior part 1.09 ± 0.09 1.07 ± 0.05 0.44 0.62

Brainstem 0.82 ± 0.03 0.85 ± 0.02 <0.01* 0.07
Cerebellum 1.00 ± 0.00 1.00 ± 0.00 0.15 0.36
White matter 0.81 ± 0.05 0.80 ± 0.03 0.29 0.47
*p < 0.05
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Table S3.9: FDG SUVR partial volume corrected values. FDG SUVR values
corrected for partial volume effects (expressed as mean ± standard deviation)
for each region per subject group, and uncorrected and corrected for false
discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 1.47 ± 0.14 1.53 ± 0.10 0.17 0.48
Middle frontal gyrus 1.49 ± 0.13 1.60 ± 0.09 0.01* 0.08
Inferior frontal gyrus 1.48 ± 0.16 1.53 ± 0.10 0.34 0.54
Precentral gyrus 1.70 ± 0.27 1.66 ± 0.12 0.58 0.62
Straight gyrus 1.29 ± 0.09 1.27 ± 0.09 0.59 0.62
Anterior orbital gyrus 1.41 ± 0.13 1.48 ± 0.10 0.11 0.38
Lateral orbital gyrus 1.41 ± 0.20 1.50 ± 0.14 0.19 0.48
Medial orbital gyrus 1.35 ± 0.14 1.40 ± 0.10 0.26 0.50
Posterior orbital gyrus 1.24 ± 0.12 1.27 ± 0.08 0.55 0.62
Subcallosal area 1.18 ± 0.19 1.17 ± 0.10 0.80 0.82
Subgenual frontal cor-
tex 1.00 ± 0.08 0.91 ± 0.08 <0.01* 0.03*

Pre-subgenual frontal
cortex 0.99 ± 0.17 0.95 ± 0.13 0.44 0.57

Cuneus 1.59 ± 0.21 1.64 ± 0.08 0.43 0.57
Lingual gyrus 1.45 ± 0.23 1.40 ± 0.09 0.51 0.60
Lateral remainder of oc-
cipital lobe 1.35 ± 0.15 1.40 ± 0.08 0.25 0.50

Hippocampus 0.73 ± 0.06 0.78 ± 0.07 0.03 0.15
Amygdala 0.77 ± 0.06 0.80 ± 0.06 0.10 0.38
Anterior temporal lobe
lateral part 1.07 ± 0.12 1.11 ± 0.08 0.40 0.56

Anterior temporal lobe
medial part 0.94 ± 0.06 0.92 ± 0.04 0.48 0.60

Parahippocampal and
ambient gyri 0.95 ± 0.06 0.97 ± 0.07 0.41 0.56

Superior temporal gyrus
anterior part 1.10 ± 0.11 1.08 ± 0.04 0.33 0.54

Superior temporal gyrus
posterior part 1.36 ± 0.19 1.40 ± 0.10 0.58 0.62

Middle and inferior tem-
poral gyrus 1.15 ± 0.13 1.25 ± 0.06 0.01* 0.07

Fusiform gyrus 0.94 ± 0.06 0.92 ± 0.05 0.22 0.50
Posterior temporal lobe 1.11 ± 0.09 1.17 ± 0.06 0.03* 0.15
Postcentral gyrus 1.67 ± 0.20 1.64 ± 0.08 0.51 0.60
Superior parietal gyrus 1.46 ± 0.12 1.61 ± 0.09 <0.01* 0.01*
Inferiolateral remainder
of parietal lobe 1.31 ± 0.10 1.46 ± 0.08 <0.01* <0.01*

Caudate nucleus 0.83 ± 0.28 0.93 ± 0.18 0.25 0.50
Nucleus accumbens 1.22 ± 0.15 1.29 ± 0.23 0.39 0.56
Putamen 1.25 ± 0.13 1.32 ± 0.12 0.17 0.47
Thalamus 0.98 ± 0.10 1.02 ± 0.10 0.24 0.50
Pallidum 0.93 ± 0.13 0.97 ± 0.10 0.35 0.54
Substantia nigra 0.82 ± 0.20 1.02 ± 0.18 0.01* 0.06
Insula 0.99 ± 0.08 0.99 ± 0.07 0.94 0.94
Cingulate gyrus anterior
part 1.21 ± 0.11 1.17 ± 0.07 0.28 0.50

Cingulate gyrus poste-
rior part 1.36 ± 0.10 1.47 ± 0.10 <0.01* 0.04*
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Brainstem 0.67 ± 0.04 0.69 ± 0.04 0.13 0.42
Cerebellum 1.00 ± 0.00 1.00 ± 0.00 0.31 0.54
*p < 0.05

Table S3.10: Table. R1 partial volume corrected values. R1 values corrected
for partial volume effects (expressed as mean ± standard deviation) for each
region per subject group, and uncorrected and corrected for false discovery
rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 1.24 ± 0.09 1.24 ± 0.08 0.85 0.97
Middle frontal gyrus 1.25 ± 0.08 1.28 ± 0.09 0.36 0.76
Inferior frontal gyrus 1.25 ± 0.08 1.28 ± 0.08 0.51 0.92
Precentral gyrus 1.45 ± 0.15 1.42 ± 0.09 0.58 0.92
Straight gyrus 1.19 ± 0.12 1.14 ± 0.07 0.19 0.66
Anterior orbital gyrus 1.20 ± 0.14 1.21 ± 0.09 0.94 0.98
Lateral orbital gyrus 1.19 ± 0.18 1.23 ± 0.11 0.49 0.92
Medial orbital gyrus 1.17 ± 0.12 1.17 ± 0.10 0.90 0.98
Posterior orbital gyrus 1.13 ± 0.09 1.12 ± 0.08 0.62 0.92
Subcallosal area 1.15 ± 0.25 1.27 ± 0.25 0.21 0.66
Subgenual frontal cor-
tex 0.98 ± 0.12 0.87 ± 0.10 <0.01 * 0.19

Pre-subgenual frontal
cortex 0.99 ± 0.14 0.89 ± 0.15 0.08 0.66

Cuneus 1.15 ± 0.16 1.48 ± 0.12 0.95 0.98
Lingual gyrus 1.37 ± 0.16 1.29 ± 0.10 0.12 0.66
Lateral remainder of oc-
cipital lobe 1.23 ± 0.14 1.21 ± 0.10 0.79 0.97

Hippocampus 0.69 ± 0.07 0.72 ± 0.07 0.25 0.66
Amygdala 0.78 ± 0.05 0.78 ± 0.06 0.81 0.97
Anterior temporal lobe
lateral part 0.96 ± 0.07 0.96 ± 0.08 0.85 0.97

Anterior temporal lobe
medial part 0.84 ± 0.05 0.82 ± 0.07 0.14 0.66

Parahippocampal and
ambient gyri 0.86 ± 0.91 0.82 ± 0.08 0.24 0.66

Superior temporal gyrus
anterior part 1.00 ± 0.11 1.01 ± 0.09 0.94 0.98

Superior temporal gyrus
posterior part 1.24 ± 0.14 1.30 ± 0.15 0.27 0.66

Middle and inferior tem-
poral gyrus 1.03 ± 0.08 1.08 ± 0.04 0.07 0.66

Fusiform gyrus 0.83 ± 0.07 0.82 ± 0.06 0.58 0.92
Posterior temporal lobe 1.02 ± 0.06 1.03 ± 0.06 0.66 0.92
Postcentral gyrus 1.42 ± 0.11 1.41 ± 0.12 0.66 0.92
Superior parietal gyrus 1.28 ± 0.11 1.31 ± 0.08 0.29 0.66
Inferiolateral remainder
of parietal lobe 1.72 ± 0.09 1.21 ± 0.10 0.28 0.66

Caudate nucleus 0.66 ± 0.27 0.75 ± 0.14 0.29 0.66
Nucleus accumbens 1.16 ± 0.13 1.16 ± 0.17 0.98 0.99
Putamen 1.17 ± 0.09 1.16 ± 0.08 0.67 0.92
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Thalamus 0.97 ± 0.14 0.99 ± 0.10 0.58 0.92
Pallidum 0.94 ± 0.10 0.95 ± 0.11 0.76 0.97
Substantia nigra 0.67 ± 0.17 0.86 ± 0.19 <0.01 * 0.19
Insula 0.93 ± 0.06 0.92 ± 0..7 0.69 0.91
Cingulate gyrus anterior
part 1.11 ± 0.10 1.07 ± 0.08 0.20 0.65

Cingulate gyrus poste-
rior part 1.23 ± 0.68 1.24 ± 0.52 0.63 0.91

Brainstem 0.69 ± 0.03 0.71 ± 0.04 0.16 0.66
Cerebellum 0.99 ± 0.00 0.99 ± 0.01 0.18 0.66
*p < 0.05

Table S3.11: ePIB(10-130s) partial volume corrected values. ePIB(20-130s)
values corrected for partial volume effects (expressed as mean ± standard
deviation) for each region per subject group, and uncorrected and corrected
for false discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 1.30 ± 0.10 1.27 ± 0.09 0.29 0.72
Middle frontal gyrus 1.27 ± 0.08 1.28 ± 0.10 0.75 0.90
Inferior frontal gyrus 1.33 ± 0.09 1.33 ± 0.10 0.96 0.99
Precentral gyrus 1.52 ± 0.18 1.46 ± 0.10 0.21 0.66
Straight gyrus 1.31 ± 0.10 1.22 ± 0.08 0.01 0.23
Anterior orbital gyrus 1.22 ± 0.13 1.20 ± 0.10 0.64 0.90
Lateral orbital gyrus 1.23 ± 0.19 1.25 ± 0.12 0.75 0.90
Medial orbital gyrus 1.23 ± 0.11 1.21 ± 0.10 0.65 0.90
Posterior orbital gyrus 1.28 ± 0.09 1.23 ± 0.09 0.16 0.59
Subcallosal area 1.47 ± 0.38 1.61 ± 0.72 0.51 0.82
Subgenual frontal cor-
tex 1.20 ± 0.15 1.02 ± 0.11 <0.01 * 0.05 *

Pre-subgenual frontal
cortex 1.12 ± 0.17 0.96 ± 0.19 0.02 * 0.25

Cuneus 1.53 ± 0.18 1.51 ± 0.13 0.76 0.90
Lingual gyrus 1.42 ± 0.18 1.34 ± 0.11 0.16 0.59
Lateral remainder of oc-
cipital lobe 1.22 ± 0.16 1.22 ± 0.10 0.99 0.99

Hippocampus 0.72 ± 0.08 0.77 ± 0.08 0.08 0.59
Amygdala 0.87 ± 0.09 0.89 ± 0.13 0.69 0.90
Anterior temporal lobe
lateral part 0.95 ± 0.09 0.95 ± 0.11 0.95 0.99

Anterior temporal lobe
medial part 0.91 ± 0.06 0.90 ± 0.03 0.42 0.79

Parahippocampal and
ambient gyri 1.05 ± 0.12 1.01 ± 0.09 0.33 0.73

Superior temporal gyrus
anterior part 1.09 ± 0.13 1.09 ± 0.11 0.98 0.99

Superior temporal gyrus
posterior part 1.34 ± 0.18 1.38 ± 0.18 0.54 0.84

Middle and inferior tem-
poral gyrus 1.02 ± 0.10 1.07 ± 0.06 0.11 0.59

Fusiform gyrus 0.85 ± 0.09 0.83 ± 0.07 0.47 0.79
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Posterior temporal lobe 1.05 ± 0.07 1.05 ± 0.06 0.81 0.92
Postcentral gyrus 1.51 ± 0.14 1.43 ± 0.13 0.14 0.59
Superior parietal gyrus 1.28 ± 0.12 1.31 ± 0.08 0.43 0.79
Inferiolateral remainder
of parietal lobe 1.18 ± 0.10 1.23 ± 0.10 0.17 0.59

Caudate nucleus 0.67 ± 0.24 0.73 ± 0.11 0.41 0.79
Nucleus accumbens 1.27 ± 0.21 1.16 ± 0.24 0.18 0.59
Putamen 1.16 ± 0.09 1.15 ± 0.08 0.77 0.90
Thalamus 0.98 ± 0.13 1.01 ± 0.08 0.43 0.79
Pallidum 0.95 ± 0.14 0.95 ± 0.12 0.96 0.99
Substantia nigra 0.87 ± 0.18 0.91 ± 0.18 0.46 0.79
Insula 1.03 ± 0.08 1.00 ± 0.09 0.30 0.72
Cingulate gyrus anterior
part 1.25 ± 0.12 1.15 ± 0.09 0.02 * 0.23

Cingulate gyrus poste-
rior part 1.29 ± 0.06 1.30 ± 0.07 0.72 0.90

Brainstem 0.76 ± 0.04 0.78 ± 0.04 0.15 0.59
Cerebellum 1.00 ± 0.00 1.00 ± 0.00 0.27 0.72
White matter 0.31 ± 0.03 0.33 ± 0.05 0.25 0.72
*p < 0.05

Table S3.12: ePIB(1-8min) partial volume corrected values. ePIB(1-8min)
values corrected for partial volume effects (expressed as mean ± standard
deviation) for each region per subject group, and uncorrected and corrected
for false discovery rate p-values from the t-test.

Region PIB+ PIB- p-valueunc p-valueFDR

Superior frontal gyrus 1.36 ± 0.11 1.25 ± 0.08 <0.01 * 0.02 *
Middle frontal gyrus 1.39 ± 0.10 1.28 ± 0.09 <0.01 * 0.02 *
Inferior frontal gyrus 1.37 ± 0.10 1.28 ± 0.08 0.01 * 0.02 *
Precentral gyrus 1.53 ± 0.17 1.43 ± 0.09 0.07 0.13
Straight gyrus 1.31 ± 0.15 1.16 ± 0.06 0.02 * 0.01 *
Anterior orbital gyrus 1.33 ± 0.15 1.23 ± 0.08 0.04 * 0.07
Lateral orbital gyrus 1.30 ± 0.20 1.24 ± 0.11 0.38 0.46
Medial orbital gyrus 1.29 ± 0.15 1.21 ± 0.09 0.07 0.13
Posterior orbital gyrus 1.23 ± 0.10 1.14 ± 0.08 0.01 * 0.04 *
Subcallosal area 1.24 ± 0.29 1.29 ± 0.21 0.61 0.70
Subgenual frontal cor-
tex 1.10 ± 0.15 0.92 ± 0.11 <0.01 * 0.01 *

Pre-subgenual frontal
cortex 1.12 ± 0.15 0.93 ± 0.12 <0.01 * 0.01 *

Cuneus 1.52 ± 0.15 1.45 ± 0.10 0.16 0.22
Lingual gyrus 1.40 ± 0.13 1.28 ± 0.09 0.01 * 0.02 *
Lateral remainder of oc-
cipital lobe 1.31 ± 0.13 1.24 ± 0.09 0.10 0.18

Hippocampus 0.74 ± 0.08 0.77 ± 0.07 0.34 0.42
Amygdala 0.85 ± 0.06 0.84 ± 0.05 0.81 0.87
Anterior temporal lobe
lateral part 1.06 ± 0.09 1.01 ± 0.08 0.16 0.22

Anterior temporal lobe
medial part 0.93 ± 0.06 0.88 ± 0.03 <0.01 * 0.02 *
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Parahippocampal and
ambient gyri 0.93 ± 0.09 0.88 ± 0.07 0.13 0.21

Superior temporal gyrus
anterior part 1.11 ± 0.12 1.05 ± 0.09 0.14 0.22

Superior temporal gyrus
posterior part 1.35 ± 0.13 1.30 ± 0.12 0.27 0.35

Middle and inferior tem-
poral gyrus 1.15 ± 0.10 1.12 ± 0.04 0.21 0.27

Fusiform gyrus 0.92 ± 0.10 0.88 ± 0.05 0.15 0.22
Posterior temporal lobe 1.13 ± 0.07 1.06 ± 0.05 0.01 * 0.03 *
Postcentral gyrus 1.52 ± 0.13 1.41 ± 0.11 0.02 * 0.06
Superior parietal gyrus 1.43 ± 0.13 1.32 ± 0.08 0.01 * 0.04 *
Inferiolateral remainder
of parietal lobe 1.31 ± 0.11 1.23 ± 0.09 0.03 * 0.07

Caudate nucleus 0.74 ± 0.28 0.76 ± 0.12 0.78 0.87
Nucleus accumbens 1.29 ± 0.13 1.21 ± 0.14 0.13 0.21
Putamen 1.27 ± 0.10 1.19 ± 0.08 0.02 * 0.05
Thalamus 1.05 ± 0.16 1.04 ± 0.09 0.95 0.97
Pallidum 1.05 ± 0.10 1.05 ± 0.11 0.97 0.97
Substantia nigra 0.75 ± 0.19 0.97 ± 0.20 <0.01 * 0.02 *
Insula 1.03 ± 0.07 0.97 ± 0.07 0.03 * 0.07
Cingulate gyrus anterior
part 1.24 ± 0.10 1.10 ± 0.07 <0.01 * <0.01 *

Cingulate gyrus poste-
rior part 1.36 ± 0.08 1.24 ± 0.06 <0.01 * <0.01 *

Brainstem 0.77 ± 0.03 0.80 ± 0.03 0.07 0.13
Cerebellum 1.00 ± 0.01 1.00 ± 0.01 0.55 0.64
White matter 0.40 ± 0.04 0.40 ± 0.04 0.86 0.91
*p < 0.05
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Figure S3.1: Representative studies. Representative images of normalized
FDG uptake images (first row), parametric images of PiB rCBF (R1; second
row), and all time weighted average of early PIB frames (20 to 40 seconds on
the third row, 20 to 60 seconds on the fourth, 20 to 100 seconds on the fifth, 20
to 130 seconds on the sixth, and 1 to 8 minutes on the seventh row) of a PIB+
patient (left), and a PIB- subject (right). Shown are corresponding transaxial,
and sagittal slices of the brain. All colour scales were adjusted to the same
range.
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Figure S3.2: Mean difference images per group. Mean difference images per
groups comparing normalized FDG uptake and R1 parametric maps (R1 –
SUVR; first row), and for all ePIB time intervals: 20 to 40 seconds (second
row), 20 to 60 seconds (third row), 20 to 100 seconds (fourth row), 20 to 130
seconds (fifth row), and 1 to 8 minutes (sixth row). On the left, the mean dif-
ference image for the PIB+ group can be seen, and on the right, the PIB-. The
closer the rCBF and SUVR estimates, the more white the voxel appears. Neg-
ative values correspond to voxels where the SUVR voxel presented a higher
value than the R11 or ePIB.

112



Chapter 3. Relative PIB-PET CBF in preference of FDG in Alzheimer

Figure S3.3: Linear regression of subjects separated by diagnosis. Scatter
plot showing regional CBF estimates from R1 parametric images (top) and
ePIB(20-130s; bottom) (y-axis), and normalized FDG uptake (x-axis). Data
are arranged according to subject diagnosis: red points rep- resent AD pa-
tients, green points represent the HC subjects, and blue points represent MCI
participants. Lines resulting from the linear regression applied to the data are
also shown: a full line for the AD group, a dashed one for HC subjects, and a
dot and dash line for the MCI participants. Results of the linear regression are
given in boxes at the bottom right corner.
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Figure S3.4: SPM analysis of all methods. Maximum Intensity Projections de-
rived from the voxel based analysis. The rows contain, in order from top to bot-
tom, FDG SUVR, R1, ePIB(20-40s), ePIB(20-60s), ePIB(20-100s), ePIB(20-
130s), and ePIB(1-8min). On the left, statistically significant regions where
PIB+ group shows higher rCBF than the PIB- group, and, on the right, statis-
tically significant regions where the PIB- group showed higher flow than the
PIB+ group.
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Chapter 4. PIB-PET CBF instead of FDG in automated tools for AD studies

Abstract

Background

In clinical practice, visual assessment of glucose metabolism images is often

used for the diagnosis of Alzheimer’s disease (AD) through [18F]-2-fluoro-2-

deoxy-D-glucose (FDG) positron emission tomography (PET) scans. How-

ever, visual assessment of the characteristic AD hypometabolic pattern relies

on the expertise of the reader. Therefore, user-independent pipelines are pre-

ferred to evaluate the images and to classify the subjects. Moreover, glucose

consumption is highly correlated with cerebral perfusion. Regional cerebral

blood flow (rCBF) images can be derived from dynamic [11C]labelled Pitts-

burgh Compound B PET scans, which are also used for the assessment of

the deposition of amyloid-β plaques on the brain, a fundamental characteristic

of AD. The aim of this study was to explore whether these rCBF PIB images

could be used for diagnostic purposes through the PMOD Alzheimer’s Dis-

crimination Tool.

Results

Both tracer relative cerebral flow (R1) and early PIB (ePIB) (20–130s) uptake

presented a good correlation when compared to FDG standardized uptake

value ratio (SUVR), while ePIB(1–8min) showed a worse correlation. All re-

ceiver operating characteristic curves exhibited a similar shape, with high area

under the curve values, and no statistically significant differences were found

between curves. However, R1 and ePIB(1–8min) had the highest sensitivity,

while FDG SUVR had the highest specificity.
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Conclusion

rCBF images were suggested to be a good surrogate for FDG scans for diag-

nostic purposes considering an adjusted threshold value.
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Background

Positron emission tomography (PET) imaging improves the diagnosis of

Alzheimer’s disease (AD) due to the broad range of functional processes it

assesses.1 One of the most common radiotracers for PET scans, both in the

clinic and in research, is [18F]-2-fluoro-2-deoxy-D-glucose (FDG). This radio-

tracer evaluates the metabolism in the brain by measuring glucose consump-

tion, allowing for the recognition of specific disease patterns. AD is character-

ized by a hypometabolic pattern that includes regions such as the precuneus,

posterior cingulate cortex, posterior temporoparietal cortex, and medial tem-

poral lobe.2 The identification of the hypometabolic pattern caused by the dis-

ease is of great importance for clinicians during the diagnostic process. An-

other advantage of using FDG-PET is that it is sensitive to changes in the

early stages of the disease, even in patients without clinical symptoms of de-

mentia.3–5 However, visual reading of the FDG-PET images relies on the ex-

perience of the reader,2;6 Therefore, different methods of user-independent

analyses have been developed to assist in the interpretation of the scans.7–9

Previous studies have shown a link between glucose consumption

and regional cerebral blood flow (rCBF): blood delivery across the brain in-

creases with metabolic demand.10;11 This link might allow the use of rCBF

images for the classification of AD patients since regions that have the glu-

cose consumption affected might also be hypoperfused. These rCBF images

can be derived from standardized uptake value ratio (SUVR) of radiotracers

that measure the flow in the brain, such as [15O]Water,12 the weighted aver-

age of the initial frames of a dynamic scan,13–15 or through pharmacokinetic

modelling.16–18

A radiotracer that is commonly used in AD trials and in the clinic is

[11C]labeled Pittsburgh Compound B (PIB). PET scans with PIB allow the clin-

ician to assess the deposition of amyloid-β (Aβ) plaques in the brain. There-
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fore, FDG and PIB images provide complementary information that improve

the diagnosis of AD.1;19 Yet, dual-tracer studies can be expensive and increase

patient discomfort and exposure to radiation.17;20 Hence, the use of a single

tracer to assess both Aβ deposits and the hypometabolism pattern in the brain

at the same time would be ideal. In this respect, using both the tracer’s bind-

ing potential and parametric images of relative tracer flow (R1) might provide

such complementary image information concerning Aβ deposition and rCBF,

respectively.

Since PIB possesses high lipophilicity,21 it meets the prerequisite to

provide rCBF images that might be a good surrogate for FDG. This hypothesis

has already been explored in previous studies, which compared FDG scans

to PIB images generated through pharmacokinetic modelling,16–18;22 and a

time-weighted average of the first frames of a dynamic PIB scan.13;22–25

A commonly known tool for the automated discrimination of AD pa-

tients is PMOD Alzheimer’s Discrimination Tool (PALZ). The user provides

PALZ with the FDG images of a subject, which is compared to a database

of healthy controls. PALZ estimates how different is the metabolism pattern

of the provided image from a group of typical healthy subjects,6 and gives a

score that helps to determine whether the subject presents an abnormal scan.

Although this automated discrimination tool was designed for FDG, rCBF im-

ages might provide similar results due to the high correlation between images.

The aim of this study was to explore whether rCBF images, derived

from dynamic PIB scans, could be used for the diagnosis of AD using the

PALZ tool from PMOD. To this end, R1 and summed early frame images were

generated and used as input images in PALZ. The results were then compared

to the results from the FDG scans. Correlations between scores and new

thresholds for classifying AD patients were drawn for each method.
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Materials and Methods

Subjects

A cohort of fifty-two subjects was drawn from a larger ongoing study at the

memory clinic of the University Medical Center Groningen (UMCG), Gronin-

gen, The Netherlands. All subjects gave their written informed consent to

participate in the study, which was approved by the Medical Ethical Commit-

tee of the UMCG (2014/320). The study was conducted in agreement with the

Declaration of Helsinki and subsequent revisions.

The subjects were first diagnosed by consensus of a multidisciplinary

team based on clinical assessment following the guidelines of the National

Institute on Aging Alzheimer’s Association criteria (NIA-AA)26 for the AD pa-

tients, and on the Petersen criteria27 for the MCI patients. Healthy subjects

presented no cognitive complaints and a mini-mental state exam score higher

than 28. Then, all subjects underwent two PET scans and a T1-3D magnetic

resonance imaging (MRI). After this, clinical diagnoses were reconsidered un-

der the National Institute on Aging and the Alzheimer’s Association Research

Framework.28 Subjects were then reclassified as AD, MCI+ (mild cognitive

impairment with Aβ deposition), MCI- (mild cognitive impairment or other de-

mentia without Aβ deposition), or healthy controls (HC). Positivity or negativity

regarding Aβ deposition was done by consensus of visual inspection by ex-

perts. A summary of the demographic characteristics is shown in Table 4.1.

Table 4.1: Demographic characteristics of subjects.

AD (n = 15) MCI+ (n = 11) MCI- (n = 10) HC (n = 16)
Sex

Male 9 7 8 11
Female 6 4 2 5

Age (years) 65 ± 8 65 ± 5 67 ± 9 69 ± 5
MMSE Score 25 ± 3 27 ± 2 24 ± 7 30 ± 1
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PET Acquisition

All subjects underwent a static FDG-PET and a dynamic PIB-PET examina-

tion. Scans were performed with either a Siemens Biograph 40mCT or 64mCT

scanner (Siemens Medical Solution, USA). Since both systems are of the

same vendor and of the same generation, the acquisition and reconstruction

protocols were harmonized, and the calibration of the systems was equally

done; no difference between data provided by the different scanners was ex-

pected. Nonetheless, a t-test comparing the results provided by the different

scanners showed that there were no statistically significant differences be-

tween them. Patients were in standard resting conditions with eyes closed dur-

ing the scans. The radiotracers were synthesized at the radiopharmacy facility

at the Nuclear Medicine and Molecular Imaging department at the UMCG, ac-

cording to Good Manufacturing Practice, and were administered via venous

cannula. The subjects had both scans performed on the same month, with

the FDG taking place at least 90 min after PIB injection, with the exception of

five subjects, who had a delay of up to 4 months between scans.

The dynamic PIB-PET acquisitions started 10 s before tracer injec-

tion (375 ± 50 MBq) and lasted at least 60 min (frames: 7 × 10 s, 3 × 30

s, 2 × 60 s, 2 × 120 s, 2 × 180 s, 5 × 300 s, and 2 × 600 s). The static

FDG-PET scans were acquired 30 min after injection (203 ± 8) and lasted for

20 min. All subjects were fasted for at least 6 h before injection, and glucose

levels in plasma were measured before the scan, and the PET scan was only

performed if glucose levels were lower than 7 mmol/l.29 All PET images were

reconstructed from list-mode data using 3D OSEM (3 iterations and 24 sub-

sets), point spread function correction, and time-of-flight. The resulting images

had a matrix of 400 × 400 × 111, with isotropic 2-mm voxels, and smoothed

2-mm Gaussian filter at full width and half maximum (FWHM).
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Image Processing

The PMOD software package (version 3.8; PMOD Technologies LLC) was

used for image registration and data analysis. The MRI scans were normal-

ized to the Montreal Neurological Institute (MNI) space using tissue probability

maps.30 The PIB-PET images were first corrected for motion (in case of any)

using the averaged first 13 frames as reference and then aligned to the in-

dividual MRI. The Hammers atlas31 was used to draw the volume of interest

(VOI) of the grey matter from the cerebellum. All PET images were smoothed

using a 6-mm Gaussian filter at FWHM, and all voxels outside of the brain

were masked.

The R1 parametric images were generated by pharmacokinetic mod-

elling on a voxel level of the PIB-PET scans in individual space. The simplified

reference tissue model 2 (SRTM2)32 was chosen for this analysis,33 with the

grey matter from the cerebellum as the reference tissue.34–37 A first estimate

of the binding potential (BPND) was done using the simplified reference tis-

sue (SRTM),38 so the efflux parameter of the reference region (k
′

2) could be

fixed. This parameter was taken as the median value from all voxels with a

BPND higher than 0.05. Then, SRTM2 was applied with a restriction on the

range of the apparent efflux rate constant values, with a minimum of 0.01 and

a maximum of 0.03, and 80 basis functions to generate the final R1 parametric

maps.

The early-stage PIB (ePIB) distribution images were generated using

the time-weighted average of the frames corresponding to the intervals of 20

to 130 s and 1 to 8 min. These intervals were chosen because previous stud-

ies have found that 20 to 130 s was the best interval to discriminate between

patients and healthy subjects,22 and 1 to 8 min have shown the best corre-

lation with FDG scans.24 Then, the standardized uptake value ratios (SUVR)

were calculated by dividing each voxel of the image by the ratio of the injected
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dose and body weight of the subject and normalizing to the average value of

the reference region (i.e. grey matter of the cerebellum).

To compare with the FDG-PET images, the FDG SUVR images were

generated in the same manner as the ePIB SUVR, also using the grey matter

of the cerebellum as the reference region.

For each subject, an FDG SUVR, R1, ePIB(20–130s), and

ePIB(1–8min) were generated and evaluated by PALZ (v3.9, PMOD Technolo-

gies LLC), which gave a PETSCORES per image for each method according to

how much the regions typically affected by AD deviated from what is expected

of a healthy person. An overview of the steps taken for analysing the images

is provided in the Supplementary Material.

Statistical Analysis

An ANOVA per method was performed to check if the groups presented signif-

icantly different PETSCORE for each method. Then, a pairwise t-test was done

to compare the significance between groups within methods. For this test, the

p-values were adjusted for multiple comparisons using the Holm method.39

A general linear model was used to explore the relationship between

the PETSCORES of each PIB-derived image (independent variable) and the

FDG SUVR (dependent variable) for all subjects. A p-value of 0.05 was used

as a significance threshold for all analyses. No correction for multiple compar-

isons was made.

A Bland-Altman plot was made to evaluate the agreement between

the PETSCORES measured by PIB-derived methods and FDG SUVR. The dif-

ference between scores was plotted against the FDG SUVR PETSCORES, since

these scores were considered the reference values.40 Furthermore, linear re-

gressions were made to assess the bias of each rCBF measure compared to
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the FDG SUVR PETSCORES.

Receiver-operating characteristic (ROC) curves were plotted to esti-

mate the sensitivity and specificity of each method using Youden’s method,41

using only the PETSCORES from the AD and HC groups, since PALZ was de-

veloped to differentiate AD from healthy subjects, and not between different

types of dementia. DeLong’s test was applied to find if there was a correlation

between the rCBF and FDG SUVR curves.42 All results were analysed using

RStudio (version 1.1.456, R version 3.5.143).

Results

PETSCORES

In general terms, the FDG SUVR images were in agreement with the pattern

expected from the literature (Figure 4.1), showing a hypometabolic pattern for

the AD group, while the HC subjects presented no abnormal cortical uptake

of the tracers. The resemblance between the R1 and ePIB when compared to

the FDG SUVR was also notable, with similar AD patterns of decreased flow

on the parietal lobe, for example.

The distribution of the PETSCORES for each method for all subjects

is shown in Figure 4.2. In general, all methods presented a statistically sig-

nificant difference between groups (p < 0.05). All methods were also able to

differentiate between the AD and HC groups, but none of them was capable

of distinguishing between MCI+ and MCI-. While the FDG SUVR was able to

show a statistically significant difference between the HC and both MCI+ and

MCI- groups, of the rCBF methods, only R1 presented a significant difference

between the HC and MCI+ groups. Means, standard deviations, and range of

the scores of all groups for all methods can be seen in Supplementary Table

S4.1.
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Figure 4.1: Representative studies. Transaxial slices of the brain are shown.
From left to right: FDG SUVR images, R1 parametric maps, ePIB(20–130s),
and ePIB(1–8min) images. On the first row, images from an AD patient; on
the second, an MCI+ subject; on the third, an MCI- subject; and at the bottom,
an HC subject. All colour scales are adjusted to the same range.

Correlation of scores from FDG SUVR, R1, and ePIB

The scatter plots of the scores given to the FDG SUVR images suggest a high

correlation with the images provided by the rCBF images (Figure 4.3). R1

presented a correlation of 0.90 with the FDG SUVR, which was the highest

correlation across all rCBF methods. The scores from FDG SUVR were highly

predictive of the ones from R1, accounting for 81% of variability (R2 = 0.81, p

< 0.001, intercept = 0.90, slope = 0.74). The scores from ePIB (20–130 s)

also presented a high correlation as compared to the ones from FDG SUVR

(0.87), but the predictability of the method was lower, 74% (R2 = 0.74, p <

0.001, intercept = 1.20, slope = 0.71). While ePIB (1–8 min) PETSCORES also

presented a high correlation as compared to the ones from FDG SUVR, of
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Figure 4.2: Distribution of PETSCORES per method. Distribution of subjects’
PETSCORES from FDG SUVR, R1,ePIB(20–130s), and ePIB(1–8min) respec-
tively from left to right. Darkest grey boxes represent data from the AD group;
dark grey represents MCI+ subjects; light grey represents MCI-;and white rep-
resents HC. A dashed line at PETSCORES = 1 represents the threshold from
PALZ for the classification of AD patients. The stars represent the differences
between the groups that are statistically significant.

0.82, this method was not as predictive as the other two, accounting for 66%

of the variability only (R2 = 0.66, p < 0.001, intercept = 0.83, slope = 0.55).
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Figure 4.3: Scatter and Bland-Altman plots. Scatter plots (first column) show-
ing PETSCORES from R1 parametric maps (top), ePIB(20–130s) (middle), and
ePIB(1–8min) images (bottom) (y-axis), and from FDG SUVR (x-axis). The
dashed lines display the identity line. Results of the linear regression are
given in boxes at the bottom right corner. Bland-Altman plots (second col-
umn) showing the difference between the PETSCORES provided by R1 (top),
ePIB(20–130s) (middle), and ePIB(1–8min) and FDG SUVR. The full line is
at the mean difference value for all scores, and the dashed lines delimit the
95% agreement interval (at mean ± 1.96 × standard deviation). Data are
arranged according to subject group: circles represent the AD, triangles the
MCI+, squares the MCI-, and cross the HC group.
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Bias Assessment

The bias found between FDG SUVR and rCBF PETSCORES was monophasic

for the R1 and ePIB(20–130s) methods, meaning that, in general, they over-

estimated the PETSCORES, of 26% for the R1 (slope = -0.26, intercept = 0.9),

and 29% for the ePIB(20–130s) (slope = -0.29, intercept = 1.20). Meanwhile,

the ePIB(1-8min) method presented a biphasic relationship (slope = -0.45,

intercept = 0.83): it overestimates the PETSCORES of the HC group by approxi-

mately 50% while underestimating the AD group by nearly 19%. In summary,

the R1 method presented the smallest bias of all methods and this bias was

larger for the HC subjects than for the AD patients (Figure 4.3).44;45

ROC Curves

With the ROC curves (Figure 4.4), it was possible to find a new PETSCORE

threshold for classifying the subjects as AD or HC for each of the rCBF meth-

ods. The optimal threshold for the best differentiation of the groups was of 2.22

for the R1 method, with a sensitivity of 0.87 and a specificity of 1. The second

highest threshold was 2.08, from the ePIB(20–130s) method, with a sensitiv-

ity of 0.93 and a specificity of 0.94. The ePIB(1–8min) method resulted in a

threshold of 1.50 for differentiating the groups, with a sensitivity of 0.93 and a

specificity of 0.81. The ROC curves also showed that the area under the curve

was high for all methods, the highest being for the FDG SUVR (0.99), followed

by ePIB(20–130s) (0.94), R1 (0.92), and ePIB(1–8min) (0.89). No statistically

significant differences were found between the rCBF and FDG SUVR curves.
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Figure 4.4: ROC plots. ROC plot with the curves of FDG SUVR (solid line),
R1 (dashed line), ePIB(20–130s) (dotted line), and ePIB(1–8min) (dot dashed
line).

Discussion

The aim of this study was to use rCBF images derived from PIB-PET scans as

a surrogate for FDG through an automated discrimination tool. The tool used

in this work work was PALZ, from PMOD Technologies. PALZ gives the images

a PETSCORE and classifies the subjects as AD or not based on a threshold of

1. This tool uses FDG-PET scans for the diagnosis of the subjects, but since

metabolism and blood flow in the brain are highly correlated,10 this tool might

also be used to distinguish between groups using rCBF images. Furthermore,

the most recent guidelines for AD studies require Aβ imaging for the diagnosis

of AD.46 Therefore, the use of PIB- derived rCBF images in place of FDG

scans, since PIB is already used for Aβ imaging, might be of advantage since

it reduces costs and patient discomfort and exposure to radiation.

The distribution of the PETSCORES showed a clear distinction between
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methods, with the FDG SUVR PETSCORES being smaller than the ones from

rCBF images, especially for the HC group (Figure 4.2). It can also be seen

that FDG SUVR, R1, and ePIB(20–130s) PETSCORES presented a clearer dis-

tinction between groups than ePIB(1–8min). This suggests that ePIB(1–8min)

might not be an optimal method to diagnose patients, as it has already been

observed in a previous study.22 No significant distinction was found between

MCI+ and MCI- groups, which was expected since PALZ was not developed

to differentiate between diseases, but only to distinguish the AD patients from

the HC subjects.

Overall, the high correlation between PETSCORES provided by differ-

ent methods indicates that rCBF images might be a good surrogate to FDG

SUVR images. However, the slopes and intercepts of the linear regressions

suggest that the threshold should be adjusted depending on the method used

to generate the images. Furthermore, the bias between scores was different

depending on the group, with a smaller bias for the AD patients than for the

HC subjects. This difference might be related to the fact that rCBF images

have a better correlation with FDG SUVR in patients with more binding of PIB

than in subjects with no specific binding in cortical matter, which is the case

for the HC subjects.22

Moreover, in a comparison of each of the rCBF methods individually

with FDG SUVR, R1 seemed to outperform both ePIB methods. The higher

correlation and small bias from this method lead to the conclusion that the

R1 images might be the method of preference to substitute FDG-PET scans

when an automated tool to differentiate subjects is used, as was suggested by

previous studies.22;23

Additionally, due to their high sensitivity and the fact that its ROC

curve was not significantly different from those seen with FDG SUVR, rCBF

images with an adjusted threshold are able to make a satisfactory distinction
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between groups for diagnostic purposes. The different thresholds found for

each rCBF method suggest that, although they measure the same parameter,

they do not yield the same results. This might be due to the fact that ePIB

methods might be affected by some tracer binding already early after tracer

administration, while R1 is a measure of only flow relative to that of the cere-

bellum. Furthermore, it is important to mention that the same data was used

to estimate the new threshold for classification of subjects and to estimate its

performance, which might have led to overfitting. Therefore, the area under

the ROC curve may provide a better performance estimate than the sensitivity

and specificity results.

Although the results presented in the previous section show a good

correlation between rCBF and FDG SUVR, these results should be taken with

caution. PALZ pipeline (Supplementary Material) includes comparing the input

image with a database of FDG scans of healthy volunteers, which might have

declined the precision of the resulting rCBF scores. Therefore, even though

the PALZ works for rCBF images given an adjusted threshold, the classifica-

tion of the images could be improved by providing a tracer-specific database

of HC subjects. Furthermore, the introduction of the MCI+ and MCI- groups

might have affected the results. This is due to the fact that PALZ is designed

and validated only for the differentiation of AD patients from HC, as mentioned

above. But previous studies have shown that PALZ is more sensitive to dis-

ease progression than are clinical tests in the MCI group.2;47 For this reason,

the MCI group was also included in this analysis. Moreover, there is still a need

of longitudinal studies to assess changes in R1 with the disease progression,

since R1 has shown not to be as sensitive as FDG in scenarios where small

effect sizes are relevant. Furthermore, a limited number of subjects for setting

the new threshold were used in this study; an increased number of patients

could improve the accuracy of the threshold. In addition, the diagnosis of

the patients was done based on the visual assessment of the images, which
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might have introduced some bias in the performance of PALZ, overestimating

the performance of the tool.

Conclusion

The present study had the goal of using PIB-derived rCBF images as a surro-

gate for FDG-PET scans to classify subjects as AD patients or healthy individ-

uals using the tool PALZ. The various methods of generating the rCBF method

resulted in different PETSCORES for the images and, therefore, distinct correla-

tions with FDG scores and thresholds for classifying the subjects. The results

presented here suggest that R1 parametric maps might be the best approach

to generate rCBF images for diagnostic purposes provided that the threshold

for classification is adjusted. Further research should focus on exploring how

PETSCORES correlate with disease progression in longitudinal studies.
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Supplementary Material

PALZ Pipeline

PALZ is a tool that implements the method developed by Herholz and col-

leagues7 to aid the diagnosis of AD patients based on the metabolic pattern

present on FDG PET scans. This tool has been tested and validated using

a multicentre database. It starts by normalizing the provided image to the

standard PET template provided by SPM99 software (Wellcome Trust Cen-

tre for Neuroimaging, UK), and then smoothes the images using a 12-mm

Gaussian filter FWHM. The next step is to overlay a predefined mask (which

contains regions from the brain that have the glucose metabolism preserved

in AD, such as midbrain, putamen, insula, and sensorimotor and visual cor-

tex), and normalize the voxel values within this mask to an average intensity

of 1. Then, using a two-sample t-test, PALZ compares the values from the

provided image to the values from a database of 49 HC from different centres,

generating the t-values for each voxel. Next, PALZ sums the t-values of vox-

els with an age-adjusted p < 0.05 (uncorrected) within a pre-defined AD mask

(temporoparietal cortex, posterior cingulate, precuneus, and frontal associa-

tion cortex), resulting in the t-sum of the subject. This value is then compared

to the upper 95% confidence limit of an independent database of healthy sub-

jects (equals to 11089). Finally, the tool calculates a PET score for the image

using the following equation:

PETSCORE =

(
tsum
11089

+ 1

)
.

The threshold of the PETSCORE for the subject to be classified as AD

is 1. All HC are expected to present scores lower than the threshold.
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Table S4.1: Mean ± SD and range [minimum – maximum] of all methods per
group.

Group FDG R1 ePIB(20-130s) ePIB(1-8min)

AD Mean ± SD 2.50 ± 0.71 2.70 ± 0.73 2.93 ± 0.71 2.10 ± 0.77
Range [1.04 – 4.21] [0.86 – 3.92] [1.04 – 4.14] [0.37 – 3.61]

MCI+ Mean ± SD 1.42 ± 0.68 1.96 ± 0.55 2.19 ± 0.69 1.50 ± 0.51
Range [0.45 – 2.60] [1.24 – 2.75] [0.57 – 3.06] [0.61 – 2.19]

MCI- Mean ± SD 1.25 ± 0.80 1.86 ± 0.67 2.20 ± 0.64 1.60 ± 0.60
Range [0.06 – 2.46] [0.46 – 2.80] [0.69 – 3.03] [0.28 – 2.50]

HC Mean ± SD 0.64 ± 0.32 1.36 ± 0.41 1.61 ± 0.41 1.29 ± 0.32
Range [0.14 – 1.43] [0.69 – 2.03] [1.01 – 2.21] [0.82 – 1.88]
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Chapter 5. SMM/PCA applied to quantitative maps

Abstract

Scaled subprofile model using principal component analysis is a multivariate

analysis technique used, mainly in [18F]-2-fluoro-2-deoxy-D-glucose (FDG)

PET studies, for the generation of disease-specific metabolic patterns (DP)

that may aid with the classification of subjects with neurological disorders,

like Alzhei-mer’s disease (AD). The aim of this study was to explore the fea-

sibility of using quantitative parametric images for this type of analysis, with

dynamic [11C]labelled Pittsburgh Compound B (PIB) PET data as an exam-

ple. Therefore, 15 AD and 15 healthy control subjects were used to generate

four AD-DPs using relative cerebral blood flow (R1), binding potential (BPND)

and SUVR images derived from dynamic PIB and static FDG-PET studies.

Furthermore, 49 subjects with a variety of neurodegenerative cognitive dis-

orders were tested against these DPs. The AD-DP was characterized by a

reduction in the frontal, parietal, and temporal lobes voxel values for R1 and

SUVR-FDG DPs; and by a general increase of values in cortical areas for

BPND and SUVR-PIB DPs. In conclusion, the results suggest that the com-

bination of parametric images derived from a single dynamic scan might be a

good alternative for subject classification instead of using 2 independent PET

studies.

143



Chapter 5

Introduction

Proper interpretation of positron emission tomography (PET) scans is impor-

tant for clinical diagnosis, and to monitor disease progression and response

to treatment.1 This interpretations is often made through visual inspection of

the images or by means of semi-quantitative approaches such as standard-

ized uptake values (SUV) or a ratio (SUVR), when there is a reference region

without specific binding of the tracer. However, these measurements have

proven to be deceiving in some cases. For example, visual assessment re-

lies on the reader’s expertise and is prone to inter-reader disagreement.2;3

Meanwhile, semi-quantitative methods might result in an incorrect estimation

of tracer binding, since they fail to capture the complex exchange of influx,

retention, and clearance of the radiotracer between plasma and tissue of in-

terest.4 Previous studies, such as longitudinal measurements of amyloid load

in Alzheimer’s disease (AD) patients5 and neurokinin-1 receptor status af-

ter the administration of an agonist,6 have illustrated the difference between

measuring tracer uptake semi-quantitatively and measuring a pathophysio-

logic process quantitatively.4 For this, and to obtain an optimal quantification

of the (patho)physiology under study, it is necessary to decompose the PET

signal into its different components, or kinetic ‘states’,7 for example, in a com-

partment that expresses tracer concentration that is specifically bound to the

target and a separate compartment with free tracer in tissue.8 These quan-

titative metrics can be obtained applying pharmacokinetic modelling to PET

data. Furthermore, pharmacokinetic models can be applied to the whole PET

dataset at a voxel-level, resulting in high-quality parametric images that can

be used to perform a visual assessment, with the potential to reduce misclas-

sification and improve the inter-reader agreement, and to accurately quantify

tracer uptake.1;9;10

In the case of AD, current research guidelines require the assess-
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ment of abnormal deposits of amyloid-β (Aβ), scattered through brain grey

matter,11 for the classification of a patient in the so-called ‘Alzheimer spec-

trum’.12 This can be done in vivo, for example, by the use of [11C]labelled

Pittsburgh Compound B (PIB) PET scans. The quantification of these Aβ de-

posits can be obtained by means of pharmacokinetic modelling of the tracer

using the simplified reference tissue model 2 (SRTM2),13;14 which provides a

measure of Aβ load through binding potential (BPND), as well as information

on regional cerebral blood flow (rCBF) through the relative tracer flow param-

eter (R1).9;15–17 Previous studies have shown that rCBF is closely related to

glucose metabolism measured with [18F]-2-fluoro-2-deoxy-D-glucose (FDG)

PET,18 another PET radiotracer used routinely for the classification of AD pa-

tients and, therefore, has been suggested as an alternative to performing two

scans.9;15;16 This approach is of great interest since it might reduce patient

discomfort, exposure to radiation, and study costs. Therefore, pharmacoki-

netic modelling of dynamic PIB PET scans might provide information closely

related to data generated by static FDG and static amyloid PET scans, with

the further advantage of using quantitative data.

Accurate detection at the initial stages or at risk of developing neuro-

logical diseases is of major importance to develop new therapeutic strategies

that aim at preventing disease progression.19;20 To better understand the un-

derlying pathophysiology in AD and its progression over time, several research

groups rely on the use of mass univariate statistical techniques for image data

analysis, such as statistical parametric mapping (SPM). While these methods

are useful to identify differences between groups, they might not have suffi-

cient power to explore some of the subtle brain alterations that frequently occur

in neurological disorders.21 Therefore, other multivariate approaches for anal-

ysis of functional brain images are gaining interest, such as graph theory,22;23

dynamic causal modelling,24 and scaled subprofile model.25–27

More specifically, the voxel-based scaled subprofile model analysis
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based on principal component analysis (SSM/PCA) is a technique that is able

to generate disease-related patterns Furthermore, it quantifies the disease

expression of a new subject’s image compared to this pattern by giving a

score,21;28 which can be used to assess how much the patient expresses the

pattern of the disease or not. This technique has been applied mostly to FDG

PET scans25;27;29–31 and especially in Parkinson’s disease.26;32;33 Nonethe-

less, images provided by different radiotracers have been used as input for

SSM/PCA type of analysis,34;35 and studies involving other neurological dis-

orders, such as AD, have been explored.19;29;36 However, to the knowledge of

the authors, only images that show the semi-quantitative total uptake of the

tracer have been used in this type of analysis. Parametric images derived

from pharmacokinetic analysis of dynamic PET scans might provide more ac-

curate depictions of the disease.10 Moreover, the use of combined parametric

datasets from a single dynamic PET study for the classification of AD patients

using SSM/PCA has not yet been described.

In this study, the feasibility of using parametric images derived from

pharmacokinetic modelling as input for SSM/PCA analysis was explored, with

a single dynamic PIB PET scan as an example. Results provided using these

quantitative parametric images were compared to those obtained from the

semi-quantitative SUVR images of independent PIB and FDG PET studies to

investigate their level of agreement.

Materials and Methods

Subjects

A cohort of 79 subjects was drawn from a larger ongoing study at the Memory

Clinic of the University Medical Center Groningen (UMCG), Groningen, The

Netherlands. Subjects were selected based on their clinical diagnosis revised

146



Chapter 5. SMM/PCA applied to quantitative maps

after PET imaging, which will be further explained in this section. All subjects

gave their written informed consent to participate in the study, which was ap-

proved by the Medical Ethical Committee of the UMCG (2014/320). Standard

dementia screening was performed for all subjects, including the mini-mental

state examination (MMSE).37 A minimum MMSE score of 18 was considered

for subjects to be mentally competent to give their consent to participate in the

study. The minimum MMSE score for this cohort was 19. Healthy control (HC)

volunteers presented MMSE scores above 28 and no cognitive complaints.

The study was conducted in agreement with the Declaration of Helsinki and

subsequent revisions.

Multimodal neuroimaging was performed, including PIB and FDG

PET, and T1-3D magnetic resonance imaging (MRI), for all included patients

and control subjects. Patients were diagnosed by consensus in a multidisci-

plinary team based on clinical assessment according to the guidelines of the

National Institute on Aging Alzheimer’s criteria (NIA-AA)38 for the AD patients,

on the Petersen criteria39 for the mild cognitive impairment (MCI) subjects, on

the Third Report of the dementia with Lewy bodies (DLB) consortium40 for the

DLB patients, and on all the variants of frontal temporal dementia (FTD)41–43

for the FTD patients. Next, patients’ diagnoses were reconsidered by a review

board of experienced neurologists and nuclear medicine physicians also tak-

ing into account visual assessment of the PET and MRI images acquired: AD

diagnosis was based on the National Institute on Aging and the Alzheimer’s

Association Research Framework;12 MCI subjects were divided into MCI+ or

MCI-, according to whether the subjects presented Aβ deposition in grey mat-

ter brain tissue or not, based on visual inspection of the PIB PET scans. Table

5.1 presents a summary of the demographic characteristic of all subjects.
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Table 5.1: Demographic characteristics of subjects included in this study. The
reported p-values resulted from an ANOVA comparing the groups. (AD =
Alzheimer’s Disease, MCI+ = Mild Cognitive Impairment with Aβ deposition,
MCI- = Mild Cognitive Impairment without Aβ deposition, HC = Healthy Con-
trol, FTD = Frontal Temporal Dementia, DLB = Dementia with Lewy Bodies,
MMSE = Mini-Mental State Examination, n = number of subjects)

AD
(n = 24)

MCI+
(n = 14)

MCI-
(n = 12)

HC
(n = 18)

FTD
(n = 5)

DLB
(n = 6) p-value

Sex Male 16 7 10 13 3 3
Female 8 7 2 5 2 3

Age
(years)

67 ± 7 66 ± 5 65 ± 9 68 ± 4 69 ± 6 70 ± 8 0.5

MMSE
Score

24 ± 3 27 ± 2 27 ± 2 30 ± 1 28 ± 2 23 ± 4 <0.01

PET Acquisition

All subjects underwent a dynamic PIB PET and a static FDG PET scans. PET

was acquired using either a Siemens Biograph 40mCT or 64mCT scanner

(Siemens Medical Solution, USA) that were harmonized regarding their per-

formance and reconstructions. There were no statistically significant differ-

ences between data acquired from different scanners.9;16 Radiotracers were

synthesized at the department of Nuclear Medicine and Molecular Imaging of

the UMCG, according to Good Manufacturing Practice, and were administered

via a venous cannula. Both scans were performed under standard resting con-

ditions with eyes closed. All PET images were reconstructed from list-mode

data using 3D OSEM (3 iterations and 24 subsets), point spread function cor-

rection, and time-of-flight. The resulting images had a matrix of 400 × 400

× 111, with isotropic 2 mm voxels, and smoothed 2-mm Gaussian filter at full

width and half maximum (FWHM).

Dynamic PIB PET acquisition started 10 seconds before injection

(379 ± 51 MBq) and lasted at least 60 minutes (frames: 7 × 10 s, 3 × 30

s, 2 × 60 s, 2 × 120 s, 2 × 180 s, 5 × 300 s, and 2 × 600 s). The static
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FDG PET images started 30 minutes after tracer injection (203 ± 7 MBq),

lasted for 20 minutes, and were preferably performed on the same day, with

the FDG PET scan occurring at least 90 minutes after PIB injection. However,

23 subjects had a delay, ranging from 1 to 5 months between scans. This

delay showed no effect on the resulting scores.

Image Processing

Image registration and data analysis were performed using PMOD (version

3.8; PMOD Technologies LLC). Firstly, the T1-3D images were spatially nor-

malized to the Montreal Neurologic Institute (MNI) space using three tissue

probability maps.44 Secondly, the dynamic PIB PET images were corrected

for motion, using the average of its first 12 frames as reference. Thirdly, the

motion corrected PIB and the FDG PET scans were aligned to the individual’s

MRI, and then transformed to the MNI space using the parameters obtained

with the T1-3D image. The Hammers atlas45 was used to draw a volume of

interest (VOI) containing only the grey matter of the cerebellum. Finally, all

images were smoothed using a 6-mm Gaussian filter at FWHM and all voxels

outside the brain were masked out of the image.

R1 and BPND parametric images were generated using pharmacoki-

netic modelling of the dynamic PIB PET images using SRTM246 in a voxel-

based approach.14 The grey matter of the cerebellum VOI was used as the

reference region due to the absence of specific binding of the radiotracer in

this tissue.47–50 This frequently used model is based on a two-step approach:

firstly an estimation of R1, BPND, and k
′

2 is done using the simplified refer-

ence tissue model (SRTM);1 secondly, the k
′

2 parameter is fixed as the me-

dian value of all voxels that presented a BPND estimation of 0.5 or above;13

and then, the model is fitted again using the results from the first run as input,

generating the final R1 and BPND parametric maps.
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To compare with R1 and BPND from dynamic PIB PET studies, SUVR

images were generated for FDG as well as for PIB PET scans. To this end, the

dynamic PIB PET scans were converted into static images by averaging the

frames that corresponded to uptake times of 40 to 60 minutes. Voxel values

were divided by the average value of the grey matter of the cerebellum.

Scale Subprofile Modelling/Principal Component Analysis

SSM/PCA was applied to each set of parametric images (quantitative set of

R1 and BPND, and a semi-quantitative of FDG-SUVR, and PIB-SUVR) using

in-house software implementing the SSM/PCA procedure based on a previ-

ously published study25 and validated against this original work.19 A whole

brain mask was applied to remove voxels outside the brain. Therefore, this

analysis was restricted to only voxels within the brain. In addition, a value

of 0.001 was set as a threshold for minimum voxel value in all images. This

step ensured that regions where the pharmacokinetic modelling might have

failed due to the lack of specifically bound PIB PET signal would not affect the

analysis. This corresponded to a range between 16% and 48% of brain voxels

that were mainly in the ventricles and remaining voxels outside the brain, such

as veins, from the BPND images. FDG-SUVR, PIB-SUVR, and R1 images

were not affected by this threshold. Intensity normalization was not performed

because all parametric images are quantitative and, by definition, already nor-

malized to the reference region. Then, an offset was removed from the data

by subtracting the mean value across HC subjects, per voxel. Next, a princi-

pal component analysis (PCA) was performed and the principal components

(PC) were ranked accordingly to their explained variance of the data. The

set of PCs that combined explained at least 50% of all data variance were

selected.25 A stepwise forward combination method was used to create a pat-

tern; the pattern with the lowest Akaike information criteria (AIC) was chosen

as the final disease-related pattern (DP). Each subject received a score by
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taking the inner product of the DP and the subject’s image, which reflected

how much their PET scan resembled the DP. Furthermore, a leave-one-out

cross validation (LOOCV) was performed to verify the stability of the DPs in

this study. For each subject left out, a new DP was generated using the re-

maining subjects and the left-out subject received a new score based on this

DP.

For the generation of the DP, 15 HC subjects and 15 AD patients were

randomly selected. The same set of subjects was used for the construction

of the DP for each image type. The remaining subjects (9 AD, 14 MCI+, 12

MCI-, 5 FTD and 6 DLB patients, and 3 HC subjects) were tested against the

generated DP and received a score of their resemblance to the AD-DP. All final

scores were standardized to a Z-score using the mean and standard deviation

of the HC group based on the combined LOOCV and the test scores.

The DP generated by the R1 maps were compared to the one from

FDG-SUVR and BPND DP, to PIB-SUVR DP using joint histograms with a

base 10 logarithmic amplitude scale. Correlation between the DPs was further

explored using a linear regression model. In these comparisons, the quantita-

tive parametric maps were considered the independent variable and the semi-

quantitative SUVR images, the dependent. This configuration allowed for an

exploration of how much the metabolism explains the regional blood flow, and

how much of the PIB uptake is reflected in the binding of the tracer.

Statistical Analysis of the Scores

Receiver-operating characteristic (ROC) curves were created to find a score

threshold that would best differentiate HC from AD subjects with the high-

est sensitivity and specificity based on Youden’s method.51 This analysis was

done using the LOOCV scores of the AD and HC subjects used for generat-

ing the pattern. With the remaining 9 AD patients and 3 HC subjects’ scores,
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sensitivity and specificity of these thresholds were tested.

An ANOVA per method was performed to explore whether the scores

of the groups of patients with different diagnoses were significantly distinct.

The p-values were adjusted for multiple comparisons using the Tukey method.

The difference between group means and the standard error of the mean

(SEM) will be reported along with the p-value. All analyses were performed

using RStudio (version 1.1.463, R version 3.5.2).52 A corrected p-value of 0.05

was used as significance threshold for all analyses.

Results

Disease Patterns

The DPs contained voxel values that showed the differences between AD pa-

tients and HC subjects (Figure 5.1). DP voxels with negative values indicated

regions where there was a decrease in the parameter (e.g. R1 or SUVR) for

AD patients compared to the HC group and vice versa for the positive values.

The magnitude of the DP voxel value reflects greater differences in uptake or

kinetic parameter values between groups: the larger the value, the more the

region is affected by the disease.

R1 Disease Pattern

When deriving the DP for the R1 images, it was found that the first six PCs

together accounted for 53.26% of the explained variance of the data. The final

disease pattern was generated using a linear combination of components 1

and 3, which provided the best distinction between the AD patients and the

HC subjects and together explained 26.91% of the variance. The AD pattern

generated was characterized by decreased perfusion in the parietal, temporal,
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Figure 5.1: Disease Patterns and Histograms. On the first column, DPs re-
sulted from the comparison between HC subjects and AD patients for (a) R1,
(c) FDG-SUVR, (e) BPND, and (g) PIB-SUVR. Negative voxel values corre-
spond to blue pixels, while positive voxels values are depicted in red. The
whiter the voxel colour, the closer to zero its value. All colour scales were
adjusted to the same range. The second column shows the corresponding
histograms of the DPs (b) R1, (d) FDG-SUVR, (f) BPND, and (h) PIB-SUVR.
The ranges of the histograms were adjusted to the same values so that it is
easier to compare R1 and FDG-SUVR DP counts, and BPND with PIB-SUVR.

153



Chapter 5

and frontal lobes, while there was an increase in perfusion in the white matter

and grey matter of the cerebellum (Figure 5.1a). The histogram of the image

(Figure 5.1b) showed a unimodal distribution of voxel values, slightly skewed

to the left.

Metabolism FDG-SUVR Disease Pattern

When deriving the DP for FDG-SUVR images, it was found that the first five

components together accounted for 55.62% of the explained variance of the

data. The final disease pattern was generated using the first component alone,

which provided the best distinction between AD patients and HC subjects and

explained 20.98% of the variance. The metabolic AD pattern visually resem-

bled the R1 DP, with a large decrease of metabolism in the parietal and frontal

lobes (Figure 5.1c). The histogram of this image (Figure 5.1d) also showed a

unimodal distribution moderately skewed to the left.

Amyloid BPND Disease Pattern

The first component accounted for 58.12% of the explained variance of the

PIB BPND data. Therefore, the final DP was composed of this component

alone. This pattern was characterized by a general increase of amyloid depo-

sition in brain grey matter of AD patients in comparison to HC subjects (Figure

5.1e). Furthermore, a reduction in deposition can be seen in the occipital lobe.

The histogram of this image’s voxel values (Figure 5.1f) shows a multimodal

distribution that is skewed to the right.

Amyloid PIB-SUVR Disease Pattern

The first component alone accounted for 61.01% of the explained variance of

the data. Consequently, the final DP was composed of this single component.
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This pattern was marked by an increase of Aβ deposition in grey matter all over

the brain of AD patients when compared to HC subjects, while a decrease can

be observed in white matter (Figure 5.1g). The histogram of the voxel values

from this image (Figure 5.1h) presented a bimodal distribution skewed to the

right.

Joint Histograms of the Disease Patterns

Figure 5.2 top shows the joint histogram of the FDG-SUVR DP versus the

R1 DP, and shows a high correlation between the two patterns, of 0.76. In

addition, the FDG-SUVR DP presented a good predictability of the R1 DP,

accounting for 58% of the variability (slope = 0.75, intercept = 0, R2 = 0.58,

p < 0.001). Meanwhile, Figure 5.2 bottom shows the joint histogram of the

PIB-SUVR DP versus the BPND DP, which shows an even higher correlation

between the patterns, of 0.92. The PIB-SUVR DP accounted for 86% of the

variance of the BPND DP (slope = 0.9, intercept = 0, R2 = 0.86, p > 0.001).

Threshold Score

Using the ROC curves, it was possible to derive an SSM/PCA score threshold

for classifying AD versus HC. For the R1 parametric images, this threshold

was of 0.01 (specificity = 1, sensitivity = 0.9) and had an area under the curve

(AUC) of 0.81. FDG-SUVR threshold score was of 1.3 (specificity = 0.75,

sensitivity = 1) and had an AUC of 0.91. Furthermore, BPND resulted in a

threshold score of 3.59 (specificity = 0.6, sensitivity = 1) with an AUC of 1. Fi-

nally, the threshold score for PIB-SUVR was 3.225 (specificity = 0.6, sensitivity

= 1), with an AUC of 1.

155



Chapter 5

Figure 5.2: Joint histograms of the Disease Patterns. Joint histograms of
the FDG-SUVR and R1 (top) and (bottom) PIB-SUVR and BPND DPs. The
dashed line corresponds to the identity line, and the solid line, to the linear
regression of the data from the DPs. The bin counts are displayed in base 10
logarithmic scale.
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Distribution of Scores

The distribution of the scores given to each subjects’ images is shown in Fig-

ure 5.3. In general, all images showed a statistically significant difference in

the SSM/PCA scores between groups (ANOVA, p < 0.05). After correcting for

multiple comparisons, the R1 scores (Figure 5.3, top left) were significantly dif-

ferent between AD and MCI+ (difference between groups: 1.36, SEM of 0.35,

p < 0.01), MCI- (1.32, 0.40, p = 0.01), and HC (1.58, 0.33, p < 0.01) groups.

The FDG-SUVR scores (Figure 5.3, top right) from the AD group were sig-

nificantly different from the MCI+ (1.28, 0.39, p = 0.2), MCI- (1.63, 0.43, p <

0.01), and HC (2.27, 0.36, p < 0.01) groups, but not for the DLB and FTD; the

HC group was significantly different from the DLB (-2.28, 0.54, p < 0.01) and

FTD (-1.98, 0.58, p = 0.01) scores. The AD and MCI+ groups presented no

significant difference between each other in the BPND (Figure 5.3, bottom left)

and PIB SUVR (Figure 5.3, bottom right) scores, however, they were distinct

from all the remaining groups. For the BPND, the difference for the AD group

mean with the MCI- was of 6.87, and the SEM 0.82; with the HC was 7.92,

0.68; with DLB, of 7.70, 0.99; and with FTD, of 7.64, 1.07. Meanwhile, the

MCI+ group had a difference of 7.64 and SEM of 0.90 with the mean score of

the MCI- group; of 8.70 and 0.77 with the HC; of 8.47 and 1.06 with the DLB;

and of 8.46 and 1.13 with the FTD. These comparisons resulted in a p < 0.01.

For the amyloid scores, the AD group was significantly different from the MCI-

(6.52, 0.78, p < 0.01), HC (7.40, 0.65, p < 0.01), DLB (7.26, 0.95, p < 0.01),

and FTD (8.2, 1.02, p < 0.01). The MCI+ group was also significantly different

from the MCI- (7.24, 0.86, p < 0.01), HC (8.12, 0.74, p < 0.01), DLB (7.98,

1.01, p < 0.01), and FTD (8.20, 1.08, p < 0.01). Means, standard deviations,

and range of the scores for all groups in all methods can be found in Table 2.
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Figure 5.3: Distribution of Scores per Diagnosis. Distribution of the subjects’
Z-scores from R1 (top left), FDG-SUVR (top right), BPND (bottom left), and
PIB-SUVR (bottom right). Boxes represent the interquartile range of score
distribution; the horizontal line, the median score per group; the whiskers ex-
pand up to 1.5 times the interquartile range; and the remaining black dots
correspond to outliers. Coloured circles represent the subject scores within
the groups. Red boxes and circles represent scored from AD patients; blue
represents the MCI+ group; green represents the MCI-; purple, the HC group;
orange shows the DLB subjects; and in yellow, the FTD subject scores. The
dashed lines correspond to the threshold for classifying subjects as AD. The
stars represent the differences between the groups that are statistically signif-
icant.
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Table 5.2: Mean, SD, and range of scores per diagnosis for each type of
image used in the analysis.

Image Diagnosis Mean SD Range
R1 AD 1.58 1.21 [-1.69; 3.95]

MCI+ 0.21 1.05 [-1.21; 1.82]
MCI- 0.25 1.13 [-1.08; 2.13]
HC 0.00 1.00 [-1.52; 2.39]
DLB 1.02 0.61 [0.29; 2.00]
FTD 1.07 0.40 [0.59; 1.69]

FDG-SUVR AD 2.27 1.21 [-0.10;5.79]
MCI+ 0.99 0.99 [-0.78; 3.17]
MCI- 0.65 1.74 [-2.47; 3.32]
HC 0.00 1.00 [-1.35; 2.65]
DLB 2.28 0.68 [1.41; 3.21]
FTD 1.98 0.40 [1.49; 2.57]

BPND AD 7.92 2.88 [-0.08; 12.30]
MCI+ 8.70 2.80 [4.09; 14.01]
MCI- 1.06 1.44 [-0.40; 4.43]
HC 0.00 1.00 [-1.49; 2.41]
DLB 0.23 0.90 [-0.63; 1.56]
FTD 0.24 0.90 [-0.50; 1.75]

PIB-SUVR AD 7.40 2.88 [-0.08; 12.30]
MCI+ 8.12 2.80 [4.09; 14.01]
MCI- 0.89 1.44 [-0.40; 4.43]
HC 0.00 1.00 [-1.49; 2.41]
DLB 0.14 0.90 [-0.63; 1.56]
FTD -0.08 0.90 [-0.50; 1.75]
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Discussion

The primary aim of this study was to explore the feasibility of using quantita-

tive PET pharmacokinetic parametric images as input for SSM/PCA analysis,

using as an example the images derived from dynamic PIB PET scans. A

secondary aim was to explore to what extent results obtained with these im-

ages correlated with the ones obtained using semi-quantitative SUVR images,

which are more common in the clinical setting. The SSM/PCA technique al-

lows the generation of a characteristic DP that can be used to test new sub-

jects and derive a score, which reflects their similarity with the DP and could

potentially be used for clinical assessment. So far, this approach has been

used mainly for FDG PET scans.19;25;29;31;53 However, quantitative pharma-

cokinetic parametric images of other radiotracers might be used as an input

for this analysis as well, with the advantage of providing additional and more

accurate information than semi-quantitative images. Multiple parametric im-

ages derived from a single dynamic PET scan provide more information (flow

and uptake) than a single static scan.4 Hence a single dynamic scan might

reduce the need of a second FDG PET study.

Both R1 and FDG-SUVR DPs presented a general cortical decrease

in flow and metabolism, respectively, in AD patients when compared to HC

subjects. Since flow and metabolism are related,18 similarity between the two

patterns was expected. Yet some differences between the two were observed

in the brainstem, thalamus, cerebellum, and occipital lobe. Hyperperfusion is

known to occur in these first three regions,54 and they were, therefore, more

positively expressed in the R1 DP than in the FDG-SUVR DP. This effect has

been observed before when comparing regional metabolic and flow values;9

these regions presented higher average flow values than metabolic uptake.

In contrast, the occipital lobe showed the opposite effect: it was more pro-

nounced in the metabolism than in the flow pattern. AD is a disease known
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not to affect the occipital lobe in most of patients and, therefore, it might be

assumed that the metabolism of this brain region is not strongly altered in this

disease.

Both BPND and PIB-SUVR DPs showed a general increase in tracer

binding in cortical grey matter. The patterns reflect what is already known

about the differences between AD and HC: that the first shows a large amyloid

deposition across brain cortex in comparison with the latter. It is interesting to

notice that some regions, such as the parietal, temporal and frontal lobes,

seem to show more Aβ deposition than others.55 These regions have been

shown to be the first ones to be affected by Aβ deposits and, therefore, present

higher deposition in later stages of the disease.56 Furthermore, the occipital

lobe seems to be much less affected by amyloid plaques than the rest of the

cortical matter, as was also seen in the flow and metabolism patterns.9 The

shape of the joint histogram comparing the BPND and PIB-SUVR DPs shows

the similarity of the two patterns.

The distribution of HC score in Figure 5.3 suggests that the reduction

in flow of healthy elderly subjects is smaller than the reduction in metabolism,

making the distinction between HC and AD subjects less sensitive. This is

consistent with the smaller spread of scores for R1 when compared to FDG-

SUVR. Moreover, the same figure shows that the DLB and FTD subjects ob-

tain similar scores to AD patients both in metabolism and flow (even if they are

known not to have the same pattern57), but not in BPND and PIB-SUVR. This

suggests that the combined information provided through BPND and R1 from

a single dynamic scan will be sufficient to distinguish AD patients not only from

HC subjects, but also from subjects with other neurodegenerative disorders.

Figure 5.3 shows that most MCI+ subjects have a score above the AD clas-

sification threshold for R1, FDG-SUVR, BPND, and PIB-SUVR. Since MCI+

is part of the Alzheimer spectrum and is a prodromal stage of of Alzheimer

(in fact, these patients are classified as MCI due to AD), it could be specu-
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lated that these subjects are more likely to convert than other patients from

the same group. However, to confirm such an affirmation, a follow up study of

these patients is needed.

The use of a single tracer study to assess both amyloid deposition

(through BPND or SUVR) and rCBF is a strong advantage of using pharma-

cokinetic modelling of dynamic PIB PET scans. For initial differential diag-

nosis, the use of flow with BPND from a single dynamic study might suffice,

allowing for a reduction in patient radiation exposure and discomfort, study

cost, and visits. Despite the high AUC for the distinction between AD and HC

subjects using R1, rCBF might be less sensitive to small changes than those

seen with FDG.9 Therefore, if there is still doubt about a subject’s diagno-

sis based on R1 and BPND, a PET scan using FDG may be considered for

confirmation. Finally, SSM/PCA can be used to test a single subject against

a characteristic pattern which allows its use in the clinic and can reduce the

variability of visual reads, which are dependent on reader’s experience.58

In this study, all analyses were performed using PIB as a radiotracer.

Nonetheless, it can be assumed that similar results may be found for other

amyloid tracers, such as [18F]florbetapir, [18F]florbetaben, and

[18F]flutemetamol, since the target for tracer binding is the same.59 Further

research to validate parametric maps derived from dynamic [18F]labelled amy-

loid tracers are still required. Moreover, this study was done with a modest

sample of subjects, which might have limited the accuracy of the specificity

and sensitivity of the DPs. Still, very promising results were found, justifying

further exploration of SSM/PCA for other amyloid tracers and for other dis-

eases. Furthermore, it might be interesting to use a longitudinal dataset to

evaluate its ability to measure disease progression and to predict conversion

to AD for patients at high risk (MCI+). Additional research is needed to evalu-

ate the use of R1 parametric images as these might not be sensitive enough

to detect small changes during a follow-up of a patient.9;16 Moreover, all im-
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ages were only tested against an AD DP. It might be interesting to generate a

DP for each of the diseases, so that the image of a subject can be compared

to all of them. This could potentially help with the differential diagnosis of a

patient in a clinical setting. However, the dataset of this study did not have

enough subjects to generate a DP per disease and, therefore, this should be

explored by another study.

In conclusion, R1 and BPND parametric images can be used as in-

put for an SSM/PCA analysis using pharmacokinetic modelling of a single

dynamic PIB PET scans using classification of AD and HC as a case control

task. The DPs generated by these images provided a good classification and

offered complementary information for differentiation of other neurodegenera-

tive disorders than could be achieved with a single FDG PET scan only.
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Chapter 6. AD rCBF Disease Pattern

Abstract

[18F]-2-fluoro-2-deoxy-D-glucose (FDG) PET is an important tool for the iden-

tification of Alzheimer’s disease (AD) patients through the characteristic neu-

rodegeneration pattern that these patients present. Regional cerebral blood

flow (rCBF) images derived from dynamic [11C]labelled Pittsburgh Compound

B (PIB) have been shown to present a similar pattern as FDG. Moreover,

multivariate analysis techniques, such as scaled subprofile modelling using

principal component analysis (SSM/PCA), may be used to generate disease-

specific patterns (DP) that may aid in the classification of subjects. Therefore,

the aim of this study was to compare rCBF AD-DPs with FDG AD-DP and their

respective performances. To this end, 15 AD and 16 healthy control (HC) sub-

jects were used to generate four AD-DP: one based on relative cerebral trace

blood (R1), two on time-weighted average of initial frame intervals (ePIB), and

one on FDG images. Furthermore, 21 subjects diagnosed with mild cognitive

impairment were tested against these AD-DPs. In general, the rCBF and FDG

AD-DPs were characterized by a reduction in cortical frontal, temporal, and

parietal lobes. In conclusion, rCBF images provide a good surrogate for FDG

PET scans for the identification of AD patients through SSM/PCA.

173



Chapter 6

Introduction

Alzheimer’s disease (AD) is the most common cause of dementia in the el-

derly population, and it is characterized by a reduction of metabolism in the

parietal, frontal, and temporal lobes.1 These changes can be assessed in vivo

in patients with the use of 2-[18F]-fluoro-2-deoxy-D-glucose (FDG) positron

emission tomography (PET) imaging, a radioactive glucose analogue wildly

used in neuroimaging studies. Since AD affects the brain in such a particular

manner, FDG PET images may help with the identification of this disease.2

However, the most distinct aspect of AD is the deposition of amyloid-

β (Aβ) plaques in the brain of patients.3 These deposits can be visualised in

vivo through PET radiotracers designed to bind to Aβ, such as [11C]-labelled

Pittsburgh Compound B (PIB).4 Combined, FDG and PIB offer unique informa-

tion for the correct classification of AD patients from other neurodegenerative

diseases. Nevertheless, dual-tracer studies are expensive, increase patient

discomfort and exposure to radiation. Therefore, the use of a single-tracer

PET image that could characterize more than one aspect of a disease is of

interest.

Earlier studies have already shown that brain metabolism and re-

gional cerebral blood flow (rCBF) are associated.5 Since then, several studies

have explored to what extent this association runs, both in general and specif-

ically in AD.6–8 Moreover, rCBF values derived from dynamic PIB PET scans

have already been shown to be well correlated with FDG, both through para-

metric images of relative cerebral tracer flow (R1) and weighted average of the

initial frames of the PIB scan (ePIB).9–16

While most of the previous studies comparing metabolism and rCBF

measures were performed based on regional uptake values,12;17–19 not many

investigations have been performed in AD population on a voxel level using
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rCBF images derived from dynamic PET scans.20;21 Scale Subprofile Mod-

elling using Principal Component Analysis (SSM/PCA) is a network analysis

technique that combines information from a group of patients and healthy vol-

unteers to generate an image that characterizes the tracer or biomarker spe-

cific disease pattern.22;23 This generated pattern can then be used to test new

subjects and give them a score that represents how much they express this

characteristic pattern in their images. Moreover, one of the advantages of this

type of technique is that it is independent of the user’s assessment of sub-

ject classification, which relies on the reader’s experience and can introduce

variability in classification.1;24;25

The aim of this study was to explore the use of rCBF images derived

from dynamic PIB PET studies as input for an SSM/PCA analysis and then

compare the results with the ones obtained from FDG PET scans. To this

end, R1 and ePIB images of two different (early) time intervals were generated

and analysed. Then, correlations between characteristic disease patterns and

subject’s scores obtained by the rCBF images were compared to those from

FDG images.

Materials and Methods

Subjects, PET Acquisition, and Image Processing

A cohort of fifty-two subjects was drawn from a large on-going study at the

memory clinic of the University Medical Center Groningen (UMCG), Gronin-

gen, The Netherlands. All subjects gave their written informed consent to

participate in the study. This study was approved by the Medical Ethical Com-

mittee of the UMCG (2014/320) and was conducted in agreement with the

Declaration of Helsinki and subsequent revisions. Of all subjects, 15 were di-

agnosed as AD, 11 as Mild Cognitive Impairment due to AD (MCI+), 10 as MCI
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non-due to AD (MCI-), and 16 healthy controls (HC). Each subject underwent

two PET scans: a static FDG and a dynamic PIB. From the FDG PET scan,

a standardized uptake value normalized by cerebellar uptake (SUVR) image

was generated. From the dynamic PIB PET scan, three rCBF images were

generated, namely R1 by pharmacokinetic modelling of the dynamic scan,

and 2 SUVR images by taking the time-weighted average of the initial frame

intervals, i.e. ePIB(20-120s) and ePIB(1-8min). Therefore, each subject had

a set of four images. Further details on tracer synthesis, PET experimen-

tal design, subject demographics, and image processing are described else-

where.13;26

Scale Subprofile Modelling using Principal Component Anal-
ysis

SSM/PCA was applied using an in-house software based on the work of Spet-

sieris and colleagues23 adapted for the use of quantitative images derived

from pharmacokinetic modelling.21 In summary, spatially normalized images

of 15 AD patients and 16 HC subjects were masked so that only brain data

were further used in the analysis. Data were centred per subject and then

the average of the HC subject per voxel was subtracted. PCA was applied

and components that combined explained at least 50% of data variance were

selected. Finally, a stepwise forward regression was performed for the selec-

tion of the principal components and then combined, using a weighted sum of

each component, to generate a final image that represents the disease-related

AD pattern (AD-DP). A leave-one-out cross validation (LOOCV) approach was

used to verify the stability of the AD-DP. All subject’s image received a score

by the inner product of the image against the AD-DP. For the subjects that

were used to generate the AD-DP, the LOOCV score was taken to reduce any

possible bias. Finally, the scores were standardized to a Z-score using the

mean standard deviation of the LOOCV HC group.
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Comparison Between Disease Patterns

To explore the differences and similarities between the rCBF AD-DPs and the

FDG AD-DP, joint histograms were plotted in a base 10 logarithmic amplitude

scale. To better quantify these relationships, a linear regression was used to

explore the correlations. In these comparisons, the FDG AD-DP was consid-

ered the dependent variable while the rCBF patterns, the independent, as it

was done before for the scores. This configuration allows for an investigation

of how the regional cerebral blood flow is explained by the metabolism. A

p-value of 0.05 was used as a significance threshold for all evaluations.

Statistical Analysis of Scores

Receiver operating characteristic (ROC) curves were generated using the

scores from AD and HC groups to find the optimal threshold for classifying

subjects based on Youden’s method.27 To avoid a possible bias of using the

same scores from the subjects that were used to generate the disease pattern,

this analysis was performed using only the LOOCV scores.

An ANOVA per image type was performed to test if scores from dif-

ferent groups of subjects were significantly different from each other. The p-

values were then corrected for multiple comparisons using Tukey’s approach.

A general linear model was used to explore the relationship between

the scores from the rCBF AD-DPs (independent variable) and the ones from

the FDG AD-DP (dependent variable) for all subjects. Pearson correlation

coefficients were also computed to explore the interrelationship between met-

abolic and rCBF scores. Furthermore, a Bland-Altman plot was used to eval-

uate the agreement between metabolic and rCBF scores. The agreement

interval was calculated as 1.96 × standard deviation. Moreover, linear regres-

sions were made to assess the bias of each rCBF score compared to the FDG
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scores. All results were analysed using RStudio (version 1.2.5033, R version

3.6.3)28.

Results

Description of Disease Patterns

Overall, the FDG, R1, and ePIB(20-130s) AD-DP (Figure 6.1) agreed with the

expected AD patterns of previous studies, presenting a general cortical de-

creased metabolism in patients when compared to HC subjects. However, the

ePIB(1-8min) images resulted in an AD-DP that resembles more a pattern of

amyloid deposition21 than the one expected for metabolism or rCBF. This pat-

tern was characterized by a generalized increase of signal in the grey matter

of AD patients when compared to HC subjects. Table 6.1 contains the details

of the principal components used to generate the final disease patterns.
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Figure 6.1: Disease Patterns. AD-DPs results from the comparison between
HC and AD patients for FDG (first row), R1 (second row), ePIB(20-130s) (third
row), and ePIB(1-8min) (fourth row). Blue colour corresponds to negative vox-
els and red, to positive. The closer to white the colour, the closer to zero the
voxel value is. All colour scales were adjusted to the same range.

Table 6.1: Composition of principal components (PC) in the disease pattern
(DP) of each imaging method.

Included PCs PCs in DP Variance explained by DP (%)
FDG 5 1 24.2
R1 6 1, 2 30.5

ePIB(20-130s) 7 1, 2, 3 33.8
ePIB(1-8min) 4 1 29.1
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Joint Histograms

Figure 6.2 shows the joint histograms comparing the FDG AD-DP with the

R1 (Figure 6.2, top), ePIB(20-130s) (Figure 6.2, middle), and ePIB(1-8min)

(Figure 6.2, bottom) DPs. These results suggest a high correlation between

R1 and FDG AD-DPs, with FDG metabolism accounting for 69% of variability

(R2 = 0.69, p < 0.01, slope = 0.81, intercept = -0.03). Meanwhile, the FDG

metabolic pattern accounted for only 35% of the variability of the ePIB(20-

130s) AD-DP (R2 = 0.35, p < 0.01, slope = 0.59, intercept = 0) and 12% of

the variance of the ePIB(1-8min) AD-DP (R2 = 0.12, p < 0.01, slope = 0.35,

intercept = 0).

ROC Curves

Figure 6.3 shows the ROC curves used to define the threshold that classifies

subjects as AD patients or HC subjects. For the FDG images, the optimal

threshold found was 1.1 with an area under the curve (AUC) of 0.93. Mean-

while, all rCBF methods resulted in a similar AUC. R1 presented an AUC,

of 0.86, with a threshold for classification of 0.35. Then, ePIB(20-130s) had

a threshold of 0.69 and an AUC of 0.85. Finally, ePIB(1-8min) resulted in a

threshold of 0.58 and an AUC of 0.85.
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Figure 6.2: Joint Histograms of the Disease Patterns. Joint histograms of the
FDG and R1(top), ePIB(20-130s) (middle), and ePIB(1-8min) (bottom) DPs.
The dashed line corresponds to the identity, and the solid line, to the linear
regression of the data from the DPs. The bin counts are displayed in base 10
logarithmic amplitude scale.
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Figure 6.3: ROC Plots. ROC plot with the curves of FDG (solid black line),
R1 (dashed red), ePIB(20-130s) (dotted blue), and ePIB(1-8min) (dot-dashed
green).

Distribution of Scores

Figure 6.4 depicts the distribution of scores for each subject for all methods

used in this analysis. In general, the AD group of patients showed a higher

score than the other groups, followed by the MCI+ subjects. The resemblance

between group scores distributions of rCBF and FDG methods was also no-

table.

In general, all image methods presented a statistically significant dif-

ferent distribution of scores between groups (ANOVA, p < 0.05). After correc-

tion for multiple comparisons, FDG scores (Figure 6.4, top left) were signif-

icantly different between AD and MCI+ (difference between groups: 1.48 ±

0.47, p = 0.02), MCI- (1.53 ± 0.50, p = 0.02), and HC (2.31 ± 0.43, p < 0.01)

groups. Meanwhile, the rCBF methods only presented statistically significant

differences between the AD and HC groups. R1 (Figure 6.4, top right) showed

a difference of means of 1.16 ± 0.34 (p < 0.01); ePIB(20-13s) (Figure 6.4, bot-
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Figure 6.4: Distribution of Scores per Method. Distribution of the subjects’
normalized scores from FDG (top left), R1 (top right), ePIB(20-130s) (bot-
tom left), and ePIB(1-8min) (bottom right). Boxes represent the interquartile
range of distribution, with the median per group showing as a full line, the
whiskers expanding up to 1.5 times the interquartile range, and the outliers
are presented as black dots. Coloured circles represent individual subjects’
scores within the groups. AD patients are depicted in red, MCI+, in blue; MCI-
, in green; and HC subjects, in purple. The dashed lines correspond to the
threshold for classifying subjects as AD patients, and the stars represent the
differences between groups that are statistically significant.

tom left) of 1.11± 0.33 (p < 0.01); and ePIB(1-8min) (Figure 6.4, bottom right),

0.77 ± 0.28 (p = 0.04). Mean, standard deviation, standard error of the mean,

and range of scores for all groups of subjects for each method can be seen in

Supplementary Table S6.1.

183



Chapter 6

Correlation Between rCBF and Metabolism Scores

The scatter plots presented in the left column of Figure 6.5 suggest a moderate

correlation between the FDG and R1 scores, and a low correlation with the

remaining rCBF methods. FDG scores were moderately predictive of the R1

scores (R2 = 0.58, p < 0.01, slope = 0.53, intercept = -0.05), while ePIB(20-

130s) scores presented a weak correlation (R2 = 0.34, p < 0.01, slope = 0.41,

intercept = 0.07), and ePIB(1-8min) showed the smallest correlation (R2 =

0.24, p < 0.01, slope = 0.28, intercept = 0.13).

Bias Assessment

The bias found between the FDG and rCBF scores presented a linear relation-

ship (Figure 6.5, right column): while the lower scores were overestimated, the

higher rCBF scores were underestimated when compared to FDG. Linear re-

gressions of Bland-Altman plots resulted in a slope of -0.47 and an intercept of

-0.05 for R1; -0.59 and 0.07 for ePIB(20-130s); and -0.72 and 0.13 for ePIB(1-

8min).29

Discussion

The aim of this study was to investigate the use of rCBF images derived from

dynamic PIB PET scans as an alternative for FDG through an SSM/PCA anal-

ysis for classifying AD patients versus HC subjects. SSM/PCA generates a

characteristic AD-DP based on a group of patients and HC subjects. Addi-

tionally, it provides a subject score that shows to what extent this pattern is

expressed in an individual subject. The metabolic pattern generated by FDG

images has been pointed out as an appropriate tool for identifying AD pa-

tients.2;21;22 Due to the correlation between metabolism and blood flow,5 a

similar characteristic AD pattern was expected from rCBF images.21 Further-
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Figure 6.5: Scatter and Bland-Altman Plots. Scatter plots (left column) of
scores from R1 parametric images (top), ePIB(20-130s) (middle), and ePIB(1-
8min) (bottom) images (y-axis), compared to FDG (x-axis). The dashed line
represents the identity. Results from the linear regression applied to the data
are shown in the upper left corner of the plots and as a solid line through the
data points. Bland-Altman plots (right column) show the difference between
the scores provided by R1 (top), ePIB(20-130s) (middle), and ePIB(1-8min)
(bottom) and FDG. The solid line is at the average difference between the
scores and the dashed lines delimit the limits of agreement of the 95% interval
(at mean ± 1.96 × standard deviation). Data points are coloured according to
group: in red, the AD patients; in blue, the MCI+; in green, the MCI-; and in
purple, the HC subjects.
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more, the 2018 guidelines for classifying AD patients in research studies rec-

ommend amyloid imaging for diagnosis confirmation.3 Finally, rCBF measures

have been shown to correlate, at least partially, with cognitive impairment in

AD patients,30 increasing the importance of these images in AD classification.

Therefore, the use of amyloid-derived rCBF images as a proxy for an FDG

scan is an attractive alternative that may reduce study costs, decrease patient

discomfort and minimize radiation exposure because both rCBF and specific

binding information can be driven from a single dynamic PET scan.

The generated DPs presented a cortical decrease in flow (R1 and

ePIB(20-130s)) and metabolism (FDG) in AD patients when compared to HC

subjects. As previously mentioned, this similarity between patterns was ex-

pected due to the existent relationship between metabolism and blood flow.5;12

Still, some differences between the patterns were found in regions that are

already known to be hyperperfused, which is consistent with previously pub-

lished results.12;21;31 However, the most interesting point to observe from this

analysis is the difference in pattern from the ePIB(1-8min) as compared to the

other methods (Figure 6.1). This time interval between 1 and 8 minutes has

been recommended as the best time interval, based on the correlation of its

regional values and those of FDG images.16 However, the generated AD-DP

in this study shows a pattern more closely related to the amyloid deposition

pattern of AD patients, which showed increased signal in grey matter cortical

regions.21 This result is consistent with the hypothesis that this time interval

is too long and the signal is already affected by Aβ binding, resulting in an

image that does not reflect purely rCBF.12 Therefore, for the remaining of this

discussion, ePIB(1-8min) data will no longer be addressed.

The distribution presented in Figure 6.4 showed that all methods pre-

sented significantly different scores between the AD and HC groups. How-

ever, only FDG was capable of distinguishing the group of AD patients from

MCI+ and MCI- subjects. Even though MCI+ is also known as ‘MCI due to
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Alzheimer’, no method was able to generate subject scores that were statis-

tically different between MCI+ and MCI- or HC groups. This could be due

to the fact that rCBF images are less sensitive to subtle changes than met-

abolic scans12 and, therefore, metabolism images might be able to capture

subtle changes that are not reflected by rCBF. However, a larger dataset of pa-

tients might increase the stability of the DP, which may allow for these subtler

changes to be captured. Other automated methods for image assessment for

AD classification have shown to be more sensitive to assess disease progres-

sion of MCI patients.1;32 Therefore, these patients were added to this analysis

to evaluate the use of the SSM/PCA technique to evaluate their AD-DP ex-

pression.

Moreover, Figure 6.4, in combination with Figure 6.5, shows a smaller

range of rCBF scores when compared to metabolism. This suggests that the

reduction in FDG uptake in AD patients is greater than the reduction in R1

and ePIB(20-130s) when compared to HC subjects. Therefore, the AD-DP ex-

pression through the subject scores results in smaller values for rCBF meth-

ods and ensues a greater bias for larger scores when compared with FDG.

Moreover, the more extensive range of scores shown in Figure 6.4, the higher

AUC, and the largest correlation to metabolism scores indicate that R1 might

be the most suited rCBF method for generating an AD-DP through SSM/PCA

as a proxy for FDG scans.

Although the results presented in the previous sections suggest a

good correlation of AD-DPs and subject scores between rCBF and FDG,

it is important to mention that, from a physiological point of view, there is

no perfect equivalence between them. However, these results sustain the

use of SSM/PCA as a classification technique to be used not only with FDG

PET scans and AD, but also for other types of images and diseases. Fur-

thermore, this analysis was performed using PIB as a radiotracer, but simi-

lar results can be expected for other [18F]labelled amyloid radiotracers such
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as [18F]florbetapir, [18F]florbetaben, and [18F]flutemetamol.33 Yet, further re-

search is necessary to confirm this. Moreover, this study was performed on

a small sample of subjects. Larger cohorts, such as the ones obtained by

combining data from multiple centres, might yield more accurate results by

providing a more stable pattern. In addition, longitudinal datasets might be

useful for analysing the efficiency of SSM/PCA in predicting the conversion of

MCI subjects to AD. Finally, SSM/PCA might be an interesting technique to

be further explored for the identification of patients both in the clinic and in re-

search settings, since it allows for testing of new subjects that are not related

to the ones used to generate the DP.

Conclusion

The aim of this study was to explore whether rCBF images derived from dy-

namic PIB PET scans can be used as an alternative for an FDG PET scan

for the identification of AD patients using SSM/PCA as the image analysis

technique. From the different approaches to generate the rCBF images, R1

parametric maps have shown the best correlation with FDG and the best clas-

sification ability between groups. This suggests that R1 parametric maps can

be an alternative for an FDG PET scan for diagnostic purposes when using

SSM/PCA.
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Supplementary Material

Table S6.1: Number of subjects (N), mean, standard deviation (SD), standard
error of the mean (SEM), and range of scores per diagnosis for each type of
image used in the analysis.

Image Diagnosis N Mean SD SEM Range

FDG

AD 15 2.31 1.29 0.33 [-0.88, 4.91]
MCI+ 11 0.83 0.62 0.19 [-0.42, 1.60]
MCI- 10 0.77 1.76 0.59 [-2.68, 3.69]
HC 16 0.00 1.00 0.25 [-1.74, 2.02]

R1

AD 15 1.62 1.00 0.26 [-1.80, 2.72]
MCI+ 11 0.50 0.57 0.17 [-0.39, 1.28]
MCI- 10 0.24 1.05 0.35 [-1.07, 2.46]
HC 16 0.00 1.00 0.25 [-1.81, 2.56]

ePIB(20-130s)

AD 15 1.11 1.21 0.31 [-2.59, 2.63]
MCI+ 11 0.547 0.49 0.15 [-0.34, 1.34]
MCI- 10 0.184 0.52 0.17 [-0.66, 0.98]
HC 16 0.00 1.00 0.25 [-2.17, 2.89]

ePIB(1-8min)

AD 15 0.77 0.69 0.18 [-1.29, 2.09]
MCI+ 11 0.48 0.72 0.22 [-0.94, 1.52]
MCI- 10 0.45 0.55 0.25 [-0.36, 1.28]
HC 16 0.00 1.00 0.18 [-2.07, 1.51]
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Chapter 7. Summary

Positron Emission Tomography (PET) is a molecular imaging tech-

nique that allows for the visualization and quantification of (patho)physiological

processes in vivo. The latter is an important feature that is often overlooked in

the clinical routine and research, where visual inspection or semi-quantitative

approaches are mostly applied. Nonetheless, pharmacokinetic analysis of dy-

namic PET studies can provide quantitative parametric images, methods that

offer more precise information on specific tracer binding than what can be

obtained by visual assessment or semi-quantitative approaches. In addition,

these methods can more specifically characterize underlying (patho)physiolog-

ical processes as well as provide additional quantitative parameters that might

be affected in specific conditions and/or diseases.

Particularly in the field of Alzheimer’s disease (AD), the quantitative

aspects of amyloid PET imaging remain largely unexplored. As the most com-

mon form of dementia, AD is characterized by the deposition of amyloid-β (Aβ)

plaques in grey matter, as well as by reduced brain metabolism in temporo-

parietal and frontal lobes. Both aspects of this disease can be visualized

through PET imaging using, for example, respectively, [11C]labelled Pittsburgh

Compound B (PIB) and [18F]-2-fluoro-2-deoxy-D-glucose (FDG) radiotracers.

Generally, images provided by these tracers are used for visual reading, as

the clinical use of PET is to determine the underlying pathology within the

context of differential diagnosis of neurodegenerative disorders. However, as

it starts being used more frequently in research, disease-modifying trials, and

in earlier stages of the disease in the clinic, quantitative information becomes

more relevant and there are a number of opportunities for the use of available

quantitative methods.

While quantitative models such as the simplified reference tissue

model 2 (SRTM2) have been previously validated for the analysis of PIB scans,

accurate parameter estimation remains a challenge. Chapter 2 specifically

focused on the estimation of the clearance rate of the reference tissue (k
′

2)
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parameter when using SRTM2 in dynamic PIB PET scans. A suboptimal de-

termination of this parameter may result in the inaccurate estimation of binding

potential (BPND), which is frequently the main parameter of interest in these

studies. However, even though many studies have already applied this model

to the data, there is no consensus on how to best estimate k
′

2. For that pur-

pose, a cohort of thirty subjects was divided into PIB+ and PIB- groups based

on whether they presented high PIB signal in cortical areas or white matter,

respectively. Thirteen volumes of interest (VOIs) were defined for the selection

of voxels to estimate k
′

2: the whole brain, five combinations of grey and white

matter, three anatomical regions based on areas of known AD-related hy-

pometabolism, one based on the main differences between groups, and three

using different minimum BPND value thresholds. A first SRTM estimation of

k
′

2 is done for all brain voxels and, then, the median value from each of these

VOIs is taken for a final BPND estimation using SRTM2. These final BPND

estimates were compared to BPND estimations from the original SRTM model

fits, since the latter has been previously validated against the standard refer-

ence model for PIB, i.e. the 2-compartmental model with plasma input. Due

to the lack of statistical differences in k
′

2 estimation between subject groups

and higher BPND correlations between SRTM and SRTM2 estimations, a 0.1

threshold value was found to be the best method to estimate k
′

2. However, this

method is not viable when performing pharmacokinetic modelling based on a

VOI approach, as information at the voxel level is not obtained to apply such

a threshold. Thus, in this case, the use of white matter region for the estima-

tion of the k
′

2 parameter was found to be the best alternative for this modelling

method. The findings of this chapter were subsequently used for the rest of the

thesis, where the BPND threshold approach was used during the voxel-based

pharmacokinetic modelling (SRTM2) of dynamic PIB PET scans.

In addition to BPND, SRTM2 is an advantageous model in that it also

provides a parametric image for the relative tracer influx (R1), which can serve
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as a proxy to regional cerebral blood flow (rCBF). In addition, when dynamic

PET scans are performed, the early frames of the scan have also been sug-

gested to reflect rCBF. Interestingly, rCBF has been demonstrated to closely

relate with brain metabolism, a process that has also been implicated in AD

and is usually assessed by FDG scans. While PIB and FDG scans offer com-

plementary information for subject diagnosis, dual-tracer studies are more ex-

pensive and increase patient discomfort, scanning time, and exposure to radi-

ation. Therefore, if rCBF and FDG measures are comparable, the first may be

used as an alternative for FDG clinical and research studies.

Considering this opportunity, Chapter 3 aimed at exploring more

thoroughly the relationship between rCBF and metabolism by comparing (semi-

)quantitative rCBF and semi-quantitative FDG PET measures. Two approaches

were used to generate rCBF images: the R1 parameter obtained from SRTM2

and the SUVR of the time-weighted average from the initial (early) frames of

the dynamic PIB PET scan (ePIB). Five different time intervals were consid-

ered for this study: 20 s to 40 s, 20 s to 60 s, 20 s to 100 s, 20 s to 130

s, and 1 min to 8 min. While the first two time intervals were found to be

too noisy and presented close to no relationship with metabolism measures,

ePIB(20-130s) and ePIB(1-8min) had the highest resemblance to FDG SUVR

images. Nonetheless, quantitative R1 parametric images presented, in gen-

eral, a better correlation with FDG SUVR and should, therefore, be preferred

over semi-quantitative ePIB for (differential) diagnosis of neurodegenerative

disorders as an alternative to an FDG PET scan.

The subsequent chapters were focused on more automated

approaches for classification of scans in clinical practice. Generally, PET

scans are only visually assessed in a clinical setting, supporting (differential)

diagnosis by visually detecting patterns of radiotracer uptake. However, this

type of analysis relies on the reader’s expertise and sometimes results in a low

agreement between readers. Therefore, automated discrimination tools may
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support the identification of specific diseases. In this context and considering

the correlations between rCBF and FDG found in Chapter 3, Chapter 4 as-

sessed the ability of PMOD’s Alzheimer’s discrimination tool (PALZ) to classify

(semi-)quantitative rCBF images. The PALZ tool was developed to provide

physicians with an automated score for FDG scans of patients, comparing

them to a dataset of healthy control (HC) subjects. It analyses specific brain

regions that are known to have their metabolism affected in AD, and it pro-

vides the tested subject with a unique score which, when above the threshold

of 1, indicates that the scan is considered to have an ‘abnormal’ FDG pattern,

meaning that its pattern more closely resembles that of a typical AD patient

than that of a HC subject. While this tool was originally developed for FDG im-

ages, it was hypothesized that rCBF images would perform equally well in this

analysis. Therefore, a cohort of fifty-two subjects was included in this study,

including subjects with a diagnosis of AD or mild cognitive impairment (MCI),

and HC subjects. All included subjects had FDG SUVR, R1, ePIB(20-130s),

and ePIB(1-8min) images generated. A good correlation between rCBF and

FDG scores was found. However, a new threshold for AD classification had

to be estimated for each rCBF method using receiver operating characteristic

curves. With this new threshold, AD discrimination performance of rCBF im-

ages using the PALZ tool was comparable to FDG’s. As was seen in Chapter

3, R1 images outperformed ePIB approaches by showing better score corre-

lations with FDG and higher sensitivity in AD patient identification based on

PALZ score.

While PALZ’s workflow focuses specifically on the AD metabolic pat-

tern, alternative methods such as the scaled subprofile model using principal

component analysis (SSM/PCA) can generate disease-specific patterns (DPs)

for any disorder and radiotracer. From its development until current uses, this

technique mainly focuses on semi-quantitative FDG PET scans. However,

more disease-specific DPs may be generated through quantitative images.
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Therefore, Chapter 5 explored the feasibility of SSM/PCA to generate DPs

from quantitative parametric images, using amyloid PET scans as an exam-

ple. To this end, quantitative (R1 and BPND) and semi-quantitative (FDG and

PIB(40-60min) SUVR) images from fifteen AD patients and fifteen HC sub-

jects were used to generate DPs. The obtained patterns were in line with the

distinctive characteristics of AD, where both R1 and FDG DPs showed a re-

duction in cerebral blood flow/metabolism, respectively, in frontal, temporal,

and parietal lobes, and both BPND and PIB DPs presented a general increase

of Aβ plaques in grey matter. Then, forty-nine subjects with a variety of di-

agnoses (AD, MCI, frontotemporal dementia, dementia with Lewy bodies, and

HC) were used to test the capability of these patterns to identify AD pathophys-

iological changes. The inner product between subject’s image and DP results

in a score that reflects how much their images resemble the AD pattern. Based

on these scores, it was found that the combination of quantitative parametric

images derived from a single dynamic PIB PET scan were sufficient to prop-

erly characterize the AD pattern and identify possible patients. Therefore, this

approach provides further support to the use of a dynamic amyloid PET image

as an alternative to performing two independent static PET scans, one using

FDG and another using PIB as a radiotracer.

Lastly, with the adapted version of the SSM/PCA workflow introduced

in Chapter 5, Chapter 6 thoroughly compared the results from

(semi-)quantitative rCBF approaches with FDG SUVR for the identification

of AD, as was performed in Chapters 3 and 4. One of the advantages of

SSM/PCA is that the rCBF images can be compared to rCBF-specific DPs,

while PALZ compared them with a database of HC FDG images. Fifteen

AD patients and sixteen HC subjects were used to generate FDG SUVR,

R1, ePIB(20-130s), and ePIB(1-8min) DPs. The first three DPs resulted in

a similar pattern, equivalent to what was found in Chapter 5 for metabolism

and rCBF, while ePIB(1-8min) showed a pattern that resembled the Aβ pat-
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tern also found in Chapter 5. Although this time interval has been previously

recommended by literature as the best time interval, it was found that this in-

terval is too long and might be already be affected by specific binding to Aβ

deposition. As in the previous chapters, quantitative R1 images resulted in

a better correlation with FDG SUVR scores and a larger difference between

AD and HC scores, outperforming semi-quantitative rCBF approaches in the

discrimination of AD patients.

The use of quantitative PET images could improve diagnostic per-

formance of PET studies for dementia patients not only in research settings,

but also in clinical practice. However, as shown in Chapter 2, the selection of

model settings for the pharmacokinetic modelling of dynamic PET scans influ-

ences the final quantitative parametric images and, thus, should be made with

caution. Furthermore, Chapters 3, 4, and 6 showed that rCBF images are a

good alternative to FDG SUVR images both when looking at regional values

and through automated assessment of scans. Chapter 5 demonstrated that

data analysis techniques can be adapted for the use of quantitative paramet-

ric images rather than semi-quantitative approaches. In summary, quantitative

parametric images derived from pharmacokinetic modelling of dynamic PET

scans offer complementary information that usually requires more than a static

PET scan to be obtained. In the context of AD, for example, the use of two

static scans, one for the evaluation of brain metabolism (FDG) and another for

Aβ deposit assessment (such as PIB), can be replaced in research or clinical

routine by a single dynamic PET scan using an Aβ radiotracer, thereby reduc-

ing radiation exposure and improving patient comfort (i.e. only one visit to the

PET imaging centre is required).
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Positron Emissie Tomografie (PET) is een moleculaire

beeldvormende techniek waarmee (patho)fysiologische processen in vivo te

gevisualiseerd en gekwantificeerd kunnen worden. Dit laatste is een belangri-

jke eigenschap die vaak over het hoofd wordt gezien in de klinische routine

en in onderzoek, waarbij meestal visuele inspectie of semi-kwantitatieve be-

naderingen worden toegepast. Toch kan de farmacokinetische analyse van

dynamische PET-studies kwantitatieve parametrische beelden opleveren, die

meer precieze informatie bieden over specifieke tracerbinding dan wat kan

worden verkregen door visuele beoordeling of semi-kwantitatieve benaderin-

gen. Bovendien kunnen deze methoden meer specifiek de onderliggende

(patho)fysiologische processen karakteriseren en bijkomende kwantitatieve

parameters opleveren die bij specifieke aandoeningen en/of ziekten kunnen

worden beïnvloed.

Met name op het gebied van de ziekte van Alzheimer (AD) blijven

de kwantitatieve aspecten van de PET-beeldvorming van amyloïde nog gro-

tendeels onverkend. Als meest voorkomende vorm van dementie wordt AD

gekenmerkt door de afzetting van amyloïde-β (Aβ plaques in grijze stof, alsook

door een verminderd hersenmetabolisme in temporo-pariëtale en frontale

kwabben. Beide aspecten van deze ziekte kunnen worden gevisualiseerd

door middel van PET-beeldvorming met behulp van respectievelijk

[11C]-gelabelde Pittsburgh Compound B (PIB) en [18F]-2-fluoro-2-deoxy-D-

glucose (FDG) radiotracers. Over het algemeen worden de beelden van deze

tracers gebruikt voor visuele inspectie, aangezien het klinisch gebruik van PET

bedoeld is om de onderliggende pathologie te bepalen in het kader van de dif-

ferentiële diagnose van neurodegeneratieve aandoeningen. Aangezien het

echter steeds vaker gebruikt wordt in onderzoek, in ziekteveranderende stud-

ies en in vroege stadia van de ziekte in de kliniek, wordt de kwantitatieve

informatie relevanter en zijn er een aantal mogelijkheden voor het gebruik van

de beschikbare kwantitatieve methoden.
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Hoewel kwantitatieve modellen zoals het versimpelde referentieweef-

sel model 2 (SRTM2) al eerder zijn gevalideerd voor de analyse van PIB-

scans, blijft een nauwkeurige parameterschatting een uitdaging. Hoofdstuk

2 richtte zich specifiek op de schatting van de klaringssnelheid van het refer-

entieweefsel (k
′

2) bij gebruik van SRTM2 in dynamische PIB PET-scans. Een

suboptimale bepaling van deze parameter kan leiden tot een onnauwkeurige

schatting van de bindingspotentiaal (BPND), wat vaak de belangrijkste param-

eter is die in deze studies van belang is. Hoewel veel studies dit model al op

de gegevens hebben toegepast, bestaat er echter geen consensus over hoe

k
′

2 het best kan worden ingeschat. Daartoe werd een cohort van dertig proef-

personen verdeeld in PIB+ en PIB- groepen op basis van de aanwezigheid

van een hoog PIB-signaal in respectievelijk corticale gebieden of witte stof. Er

werden dertien interessegebieden (VOI’s) gedefinieerd voor de selectie van

voxels om k
′

2 te schatten: het hele brein, vijf combinaties van grijze en witte

stof, drie anatomische gebieden gebaseerd op gebieden van bekende AD-

gebonden hypometabolisme, één gebaseerd op de belangrijkste verschillen

tussen groepen, en drie met verschillende minimum drempels voor BPND. Een

eerste SRTM-schatting van k
′

2 wordt gedaan voor alle hersenvoxels en ver-

volgens wordt de mediaanwaarde van elk van deze VOI’s genomen voor een

definitieve BPND-schatting met behulp van SRTM2. Deze definitieve BPND-

schattingen werden vergeleken met BPND-schattingen van het oorspronkelijke

SRTM-model, aangezien dit laatste model eerder is gevalideerd ten opzichte

van het standaardreferentiemodel voor PIB, namelijk het

2-compartimentmodel met plasma-input. Door het ontbreken van statistische

verschillen in de schatting van k
′

2 tussen groepen proefpersonen en hogere

BPND-correlaties tussen SRTM- en SRTM2-schattingen, bleek een drempel-

waarde van 0,1 de beste methode om k
′

2 te schatten. Deze methode is echter

niet bruikbaar bij het uitvoeren van farmacokinetische modellering op basis

van een VOI-benadering, aangezien er geen informatie op voxelniveau wordt

verkregen om een dergelijke drempelwaarde toe te passen. In dit geval bleek
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het gebruik van het witte-stofgebied voor de schatting van de parameter k
′

2

dan ook het beste alternatief voor deze modelleringsmethode. De bevindin-

gen van dit hoofdstuk zijn vervolgens gebruikt voor de rest van het proefschrift,

waarbij de BPND-drempelbenadering is gebruikt bij de voxel-gebaseerde far-

macokinetische modellering (SRTM2) van dynamische PIB PET scans.

Naast BPND is SRTM2 een geschikt model omdat het ook een

parametrisch beeld geeft van de relatieve tracerinstroom (R1), die kan dienen

als een proxy voor de regionale cerebrale bloedstroom (rCBF). Daarnaast is

het gesuggereerd dat bij dynamische PET-scans ook de vroege frames de

rCBF reflecteren. Interessant genoeg is aangetoond dat rCBF nauw samen-

hangt met het hersenmetabolisme, een proces dat ook betrokken is bij AD

en dat meestal wordt bepaald met behulp van FDG-scans. Hoewel PIB- en

FDG-scans aanvullende informatie bieden voor de diagnose van de proef-

personen, zijn dual-tracer studies duurder en verhogen ze het ongemak voor

de patiënt, de scantijd en de blootstelling aan straling. Als rCBF- en FDG-

metingen vergelijkbaar zijn, kan rCBF daarom mogelijk worden gebruikt als

alternatief voor FDG-klinische en onderzoeksstudies.

Met het oog op deze opportuniteit werd in Hoofdstuk 3 de relatie

tussen rCBF en het metabolisme verder onderzocht door (semi-)kwantitatieve

rCBF- en semi-kwantitatieve FDG-PET-metingen met elkaar te vergelijken.

Twee benaderingen werden gebruikt om rCBF-beelden te genereren: de R1

parameter verkregen uit SRTM2 en de SUVR van het tijdgewogen gemiddelde

uit de initiële (vroege) frames van de dynamische PIB PET-scan (ePIB). Voor

deze studie werden vijf verschillende tijdsintervallen overwogen: 20 s tot 40

s, 20 s tot 60 s, 20 s tot 100 s, 20 s tot 130 s, en 1 min tot 8 min. Ter-

wijl de eerste twee tijdsintervallen te veel ruis bevatten en bijna geen verband

hielden met metabolisme-maatregelen, vertoonden ePIB(20-130s) en ePIB(1-

8min) de grootste gelijkenis met FDG SUVR-beelden. Desalniettemin lieten

de kwantitatieve R1 parametrische beelden over het algemeen een betere cor-
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relatie met FDG SUVR zien en verdienden daarom de voorkeur boven semi-

kwantitatieve ePIB voor de (differentiële) diagnose van neurodegeneratieve

aandoeningen als alternatief voor een FDG PET-scan.

De volgende hoofdstukken waren gericht op een meer geautoma-

tiseerde aanpak van de classificatie van scans in de klinische praktijk. Over

het algemeen worden PET-scans alleen visueel beoordeeld in een klinische

setting, waarbij de (differentiële) diagnose wordt ondersteund door het visueel

detecteren van patronen van opname van radiotracers. Dit type analyse is

echter afhankelijk van de expertise van de beoordelaar en leidt soms tot een

lage overeenkomst tussen verschillende beoordelaars. Daarom zouden geau-

tomatiseerde discriminatie-instrumenten de identificatie van specifieke ziek-

ten kunnen ondersteunen. In deze context en gezien de correlaties tussen

rCBF en FDG die in Hoofdstuk 3 zijn gevonden, is in Hoofdstuk 4 bepaald

of PMOD’s Alzheimer’s discrimination tool (PALZ) (semi-)kwantitatieve rCBF-

beelden kon classificeren. De PALZ-tool is ontwikkeld om artsen te voorzien

van een geautomatiseerde score voor FDG-scans van patiënten, door ze te

vergelijken met een dataset van gezonde controlepersonen (HC). Het analy-

seert specifieke hersengebieden waarvan bekend is dat het metabolisme is

aangetast in AD, en het geeft de geteste persoon een unieke score die, wan-

neer deze boven de drempel van 1 ligt, aangeeft dat de scan wordt beschouwd

als een ’abnormaal’ FDG-patroon, wat betekent dat het patroon ervan meer li-

jkt op dat van een typische AD-patiënt dan op dat van een HC-patiënt. Hoewel

dit instrument oorspronkelijk is ontwikkeld voor FDG-beelden, werd veronder-

steld dat rCBF-beelden in deze analyse even goed zouden presteren. Daarom

werd een cohort van tweeënvijftig proefpersonen in deze studie opgenomen,

waaronder proefpersonen met een diagnose van AD of licht cognitieve stoor-

nis (MCI), en HC-proefpersonen. Bij alle proefpersonen werden FDG SUVR,

R1, ePIB(20-130s) en ePIB(1-8min) beelden gegenereerd. Er werd een goede

correlatie gevonden tussen rCBF- en FDG-scores. Er moest echter een
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nieuwe drempelwaarde voor de AD-classificatie worden geschat voor elke

rCBF-methode met behulp van een zogenoemde receiver operating character-

istics (ROC) curve. Met deze nieuwe drempelwaarde was de AD-

discriminatieprestatie van rCBF-beelden met behulp van de PALZ-tool vergeli-

jkbaar met die van FDG. Zoals te zien was in hoofdstuk 3, presteerden de

R1-beelden beter dan de ePIB-benaderingen door betere correlaties van de

scores met FDG en een hogere gevoeligheid voor AD-patiënten identificatie

op basis van de PALZ-score.

Terwijl PALZ’s workflow zich specifiek richt op het AD metabole pa-

troon, kunnen alternatieve methoden zoals het geschaalde subprofielmodel

met behulp van hoofdcomponentenanalyse (SSM/PCA) ziektespecifieke pa-

tronen (DP’s) genereren voor elke aandoening en radiotracer. Vanaf de on-

twikkeling tot aan het huidige gebruik richt deze techniek zich vooral op semi-

kwantitatieve FDG PET-scans. Er zouden echter meer ziektespecifieke DPs

kunnen worden gegenereerd door middel van kwantitatieve beelden. Daarom

is in Hoofdstuk 5 de haalbaarheid van SSM/PCA onderzocht om DP’s te

genereren uit kwantitatieve parametrische beelden, met als voorbeeld amy-

loïde PET-scans. Hiertoe werden kwantitatieve (R1 en BPND) en semi-

kwantitatieve (FDG en PIB(40-60min) SUVR) beelden van vijftien AD-patiënten

en vijftien HC-proefpersonen gebruikt om DPs te genereren. De verkregen

patronen waren in lijn met de onderscheidende kenmerken van AD, waarbij

zowel R1 als FDG DPs een vermindering van, respectievelijk, de cerebrale

bloedstroom en metabolisme lieten zien in frontale, temporale en pariëtale

kwabben, en zowel BPND als PIB DPs presenteerden een algemene toe-

name van Aβ plaques in grijze stof. Vervolgens werden negenenveertig proef-

personen met verschillende diagnoses (AD, MCI, frontotemporale dementie,

dementie met Lewy body, en HC) gebruikt om te bepalen of deze patronen

geschikt waren om AD pathofysiologische veranderingen te identificeren. Het

innerlijke product tussen het beeld van de proefpersoon en DP resulteert in
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een score die weergeeft hoezeer hun beelden lijken op het AD-patroon. Op

basis van deze scores werd vastgesteld dat de combinatie van kwantitatieve

parametrische beelden afgeleid van een enkele dynamische PIB PET-scan

voldoende was om het AD-patroon goed te karakteriseren en mogelijke patiën-

ten te identificeren. Daarom biedt deze aanpak verdere ondersteuning voor

het gebruik van een dynamisch amyloïde PET-beeld als alternatief voor het

uitvoeren van twee onafhankelijke statische PET-scans, een met FDG en een

andere met PIB als radiotracer.

Ten slotte zijn met de aangepaste versie van de SSM/PCA-workflow

uit Hoofdstuk 5, in Hoofdstuk 6, de resultaten van de (semi-)kwantitatieve

rCBF-benaderingen grondig vergeleken met FDG SUVR voor de identificatie

van de AD, zoals in de Hoofdstukken 3 en 4 is gebeurd. Een van de vo-

ordelen van SSM/PCA is dat de rCBF-beelden kunnen worden vergeleken

met rCBF-specifieke DP’s, terwijl PALZ ze vergeleek met een database van

HC FDG-beelden. Vijftien AD-patiënten en zestien HC-proefpersonen werden

gebruikt om FDG SUVR, R1, ePIB(20-130s) en ePIB(1-8min) DPs te gener-

eren. De eerste drie DP’s resulteerden in een vergelijkbaar patroon, gelijk aan

wat werd gevonden in Hoofdstuk 5 voor metabolisme en rCBF, terwijl ePIB(1-

8min) een patroon vertoonde dat leek op het Aβ-patroon dat ook in Hoofdstuk

5 werd gevonden. Hoewel dit tijdsinterval eerder door de literatuur werd aan-

bevolen als het beste tijdsinterval, bleek dit interval te lang te zijn en mogelijk

al beïnvloed te worden door specifieke binding aan Aβ depositie. Net als in

de voorgaande hoofdstukken resulteerden kwantitatieve R1-beelden in een

betere correlatie met FDG SUVR-scores en een groter verschil tussen AD- en

HC-scores, en het dus beter doen dan semi-kwantitatieve rCBF-benaderingen

voor de discriminatie van AD-patiënten.

Het gebruik van kwantitatieve PET-beelden zou de diagnostische

prestaties van PET-studies voor dementiepatiënten kunnen verbeteren, niet

alleen in een wetenschappelijke setting, maar ook in de klinische praktijk.
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Echter, zoals aangetoond in Hoofdstuk 2, heeft de selectie van modelinstellin-

gen voor de farmacokinetische modellering van dynamische PET-scans in-

vloed op de uiteindelijke kwantitatieve parametrische beelden en moet er dus

voorzichtig mee worden omgesprongen. Verder blijkt uit de Hoofdstukken 3,

4 en 6 dat rCBF-beelden een goed alternatief zijn voor FDG SUVR-beelden,

zowel voor het kijken naar regionale waarden als voor geautomatiseerde beo-

ordeling van scans. Hoofdstuk 5 toonde aan dat data-analysetechnieken kun-

nen worden aangepast voor het gebruik van kwantitatieve parametrische

beelden in plaats van semi-kwantitatieve benaderingen. Samenvattend, kwan-

titatieve parametrische beelden afgeleid van farmacokinetische modellering

van dynamische PET-scans bieden aanvullende informatie, wat meestal meer

vereist dan een statische PET-scan. In het kader van AD kan bijvoorbeeld

het gebruik van twee statische scans, één voor de evaluatie van het hersen-

metabolisme (FDG) en één voor de evaluatie van de afzetting (zoals PIB), in

de onderzoeks- of klinische routine vervangen worden door één dynamische

PET-scan met behulp van een Aβ-radiotracer, waardoor de blootstelling aan

straling wordt verminderd en het comfort van de patiënt wordt verbeterd (d.w.z.

er is slechts één bezoek aan het PET-beeldcentrum nodig).
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The quantitative nature of PET is an important feature that has fallen

into disuse. Therefore, the main aim of this thesis was to explore the use

of quantitative parametric images derived from pharmacokinetic modelling in

neuroimaging PET studies with a focus on Alzheimer’s disease (AD). These

results were compared with those obtained using the most common semi-

quantitative methods. This thesis was divided into three parts. The first part

concerns improvements in parameter estimation for pharmacokinetic mod-

elling studies involving [11C]labelled Pittsburgh Compound B (PIB) PET (Chap-

ter 2), which is frequently used for the assessment of amyloid-β (Aβ) brain de-

positions in AD. In the second part, the use of quantitative parametric images

as a surrogate for semi-quantitative [18F]-2-fluoro-2-deoxy-D-glucose (FDG)

PET scans was explored on a region of interest-based approach (Chapter

3), and by an automated tool for classifying AD patients (Chapter 4). Finally,

in the third part, the same quantitative parametric images were used to con-

struct brain disease patterns using Scaled Subprofile Modelling using Principal

Component Analysis (SSM/PCA) (Chapter 5). Furthermore, a comparison of

(semi-)quantitative regional cerebral blood flow (rCBF) and semi-quantitative

FDG disease patterns was performed (Chapter 6).

The current chapter discusses the relationship between the results

described in previous chapters and future directions. Moreover, it will address

the possible impact on research practices and clinical routine.

Kinetic Modelling Parameter Estimation for Radio-
tracers

PIB was one of the first amyloid PET tracers to be introduced in clinical rou-

tine and it remains the gold standard imaging method until this day.1 The first

article describing its kinetic modelling was published in 2005 by Price and

colleagues.2 Since then, other studies have tried to make the need for ar-
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terial sampling obsolete by using reference tissue models.3–6 Although the

simplified reference tissue model 2 (SRTM2) has been identified as the best

parametric model for PIB studies,5 different research experiments have used

different approaches to estimate the efflux from the reference region parame-

ter (k
′

2),7–9 which is an important step when applying this model. Therefore,

in Chapter 2, a study was performed to evaluate the effects of an incorrect k
′

2

on the estimation of binding potential (BPND) using SRTM2. This model uses

k
′

2 parameter resulting from a first estimation using SRTM for a more precise

estimation of BPND and R1. This k
′

2 estimation can be done in different ways,

but it was found that setting a threshold on BPND from SRTM for the selec-

tion of voxels to be used for the estimation was the least biased method to

generate quantitative parametric images.

Because of the high quality of quantitative parametric images, there

is an increasing necessity in using them for monitoring disease progression

and therapy response.10 Unfortunately, there is no universal model that may

fit all radiotracers, and different tracers behave in different ways. Therefore, it

is necessary to identify the pharmacokinetic model that best describes tracer

kinetics for every new radiotracer. Furthermore, there is a clear benefit in

using simplified semi-quantitative methods, which may decrease study costs

and patient discomfort. However, these methods must always be validated

using more complex, fully quantitative approaches.10

As an example, SRTM2 was originally developed for modelling ra-

diotracers that target neuroreceptors.11;12 This model is frequently used with

radiotracers with a brain region with very high uptake, and this is the region

expected to be most suitable for estimating the k
′

2 parameter. However, the

deposition of Aβ is diffuse in brain grey matter of patients, so that there is no

well-defined anatomical region with higher uptake. Moreover, subjects without

Aβ deposits, such as (the majority of) healthy subjects, only show non-specific

binding in white matter. Therefore, it is not a simple task to decide on a method
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or a brain region for the estimation of k
′

2 of all subjects since using regions (or

subjects) without high uptake introduce noise to the calculations, defeating

the purpose of using STRM2. This point was also addressed in Chapter 2,

where it was found that using the white matter of the brain is the preferred

approach to estimate k
′

2 when performing volume of interest-based pharma-

cokinetic modelling. White matter is known to present higher PET signal than

grey matter in healthy subjects due to non-specific binding and, therefore, may

reduce noise in the estimation of the k
′

2 parameter.13

Possible Applications of Parametric Quantitative
Images in Clinical and Research Routines

Radiotracers are developed to visualize (patho)physiological functions in vivo.

Their most frequent use in clinical routine is for visual assessment of PET

images. However, quantitative parametric images derived from pharmacoki-

netic modelling, besides being used for quantification of tracer uptake, may

also be used for visual assessment. For example, receptor binding images,

such as BPND and distribution volume ratio (DVR), reflect tracer binding in a

more precise and specific way than images obtained using semi-quantitative

standardized uptake value ratio (SUVR).10

The work by Collij and colleagues14 has shown that BPND images

of [18F]flutemetamol reduce misclassification and improve inter-reader agree-

ment when performing visual assessment of images from patients with low

Aβ burden when compared to SUVR. This study also indicated that no ad-

ditional training is required for experts performing the readings. Similar work

with BPND images derived from PIB PET scans is ongoing at the UMCG and

preliminary results point in this direction. This project included images derived

from the approaches presented in Chapter 2 and uses the same cohort of sub-

jects included in all chapters of this thesis. Not only BPND parametric images
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were included, but also R1 (relative delivery compared with the reference tis-

sue) images. Consequently, this assessment might consolidate the proposal

of using quantitative parametric images in clinical routine, also for visual image

assessment in case of PET studies in neurodegenerative diseases.

Pharmacokinetic modelling results in more than one quantitative pa-

rameter, which can be linked to various functions that are responsible for total

uptake in tissue. For instance, rCBF is known to be connected to metabolic ac-

tivity in the brain.15 Metabolism can be imaged using FDG PET, which is con-

sidered to be a marker for neurodegeneration. Therefore, quantitative para-

metric images that represent blood flow, such as the relative tracer flow R1,

may show neuronal dysfunction in the same way as FDG PET. This relation-

ship was explored per brain region in Chapter 3. The high correlation between

both measures suggests that R1, derived from dynamic PIB scans, might be

an alternative for FDG to identify subjects in the AD spectrum. Furthermore,

it was observed that changes in metabolism relative to the reference region

were greater than changes in R1, and that patients with Aβ deposition (i.e. in

the AD spectrum) present a better correlation between these measures than

subjects without it. Nevertheless, some regions such as the brainstem, which

are connected to the ‘fight or flight response’ in the brain, are known to show

higher perfusion rates.16 Results observed in Chapter 3 were consistent with

previous literature.16 These hyperperfused regions may be further considered

for differential diagnosis as well by focusing on the differences between healthy

volunteers and AD subjects. Moreover, these images may be used not only for

visual assessment, but also to quantify differences in uptake or relative flow,

in particular to monitor effects of therapeutic interventions. This could lead to

a better selection of subjects for clinical trials or a more precise evaluation of

treatment. Furthermore, other kinetic parameters that result from kinetic mod-

elling of dynamic PET scans might also be interesting not only for AD studies,

but also for other neurological disorders and/or radiotracers.
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Automated Assessment of Images

Although frequently used in the clinic and for subject selection in trials, visual

assessment of images relies on reader’s expertise and is, therefore, prone

to inter-reader disagreement.17;18 To overcome this potential problem, auto-

mated pipelines for image assessment have been designed, such as the ones

presented in Chapters 4 and 5.

Chapter 4 used PMOD’s Alzheimer’s Discrimination Tool (PALZ).

This tool compares FDG uptake from specific brain regions that are espe-

cially affected by AD with values from a database of healthy control subjects,

resulting in a specific score for each patient scan. This score reflects whether

the subject’s image is considered normal or abnormal when compared to the

reference dataset. This chapter showed good results for classifying AD pa-

tients when (semi-)quantitative rCBF parametric images were compared with

the FDG database from PALZ, once more illustrating the similarity between

perfusion and metabolism patterns. Although the values of the area under the

curve of the receiver operator characteristic curves for rCBF images were high

(above 0.9), it can be speculated that better results could be achieved if they

were compared to a database of normal R1 or early PIB frames images. In

addition, quantitative R1 rCBF images outperformed semi-quantitative early

PIB frames for the classification of AD patients using PALZ.

In principle, the same idea behind PALZ could also be applied to

other neurological disorders and radiotracers. For example, dementia with

Lewy Bodies (DLB) is characterized by a reduction in metabolic activity in the

occipital, parietotemporal, and frontal regions of the brain.19 If a similar ap-

proach is used for these regions instead of the characteristic AD regions, the

tested subjects may be given a score for DLB classification. Moreover, since

each radiotracer displays a different (patho)physiological feature, the same

pipeline can be adapted to focus more on those regions where the main differ-
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ences between a patient group and healthy control subjects may be present.

For instance, Aβ deposits in AD patients are known to be present in grey mat-

ter, while, in general, healthy subjects display tracer uptake in white matter. A

comparison of grey matter uptake between the groups might prove enough to

identify subject with these deposits.

Chapter 5 focused on the adaptation of the SSM/PCA method, so

that quantitative PET images could be used as input. It was shown that not

only FDG and R1 images could be used for differentiating AD patients from

other neurological disorders, but also that AD classification improved by the

addition of a second image that provides more information about the subject.

Furthermore, the most valuable take-home message from this chapter is that

information regarding Aβ deposition and relative rCBF can be obtained by

a single dynamic PET scan in combination with pharmacokinetic modelling.

In addition, Chapter 6 showed that (semi-)quantitative rCBF images produce

very similar results to those obtained from metabolic images. Apart from in-

vestigating the classification performance of AD patients, this chapter also ex-

plored the differences and similarities between (semi-)quantitative rCBF and

semi-quantitative FDG patterns. Similar results to those obtained in Chapter

3 were found. Furthermore, it also showed that the quantitative R1 pattern

is more closely related to the semi-quantitative metabolic pattern and outper-

formed the semi-quantitative rCBF patterns in AD patient classification. Al-

though all these results were focused on identifying AD patients using images

derived from dynamic PIB PET scans, the same method could be applied to

different neurological disorders and radiotracers.

In addition to the approaches presented in this thesis, other meth-

ods for single subject assessment have already been developed.20;21 Unfor-

tunately, since FDG is the most widely used PET tracer, most of these tech-

niques have been investigated for this tracer. Nonetheless, most of these

approaches can be translated to other radiotracers and even to quantitative
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images derived from dynamic PET scans with only small adjustments. There-

fore, all these techniques have the potential to improve patient diagnosis in a

clinical setting. Finally, drug development trials can greatly benefit from these

methods by more objectively selecting subjects.

Further Usage of SSM/PCA Technique in Alzheimer’s
Disease

Although the first studies applying SSM/PCA date back as far as 1987,22 the

work from Spetsieris and colleagues23 details the approach that most cur-

rent investigations use. Since then, this technique has mainly been used

on datasets of Parkinson’s disease patients.24 Nevertheless, other patholo-

gies have also been explored, such as AD,19;25 rapid eye movement sleep

behaviour disorder,26;27 and spinocerebellar ataxia type 3.28 Still, there are

plenty of opportunities to explore other datasets using these techniques.

For example, Chapter 5 established that combining metabolic with

Aβ pattern information can improve differential diagnoses, i.e. that it can distin-

guish AD from other neurological disorders. It would be interesting to assess

whether this combined information could also be used for a better prediction

of Mild Cognitive Impairment (MCI) subjects who may convert to AD, or even

to assess its ability for early detection of subjects that do not show any clinical

signs of the disease yet.

Moreover, this technique might provide benefits in supporting drug

development studies. As an example, anti-amyloid drug trials have failed to

show effectiveness29 and this could be due to inadequate assessment of

disease progression (which is mainly performed using visual assessment or

semi-quantitative measures) or inadequate selection of subjects.30 As previ-

ously mentioned, automated tools using multivariate analysis techniques such
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as SSM/PCA could offer a more sensitive and objective evaluation of the im-

ages from which these trials might benefit. In addition, the use of quantitative

images may further improve the accuracy of these estimates. Finally, a char-

acteristic placebo-response network has already been found in drug trials for

Parkinson’s disease,24 which may be of importance for more accurate inter-

pretation of drug trial findings.

SSM/PCA is a network analysis technique that shows a characteris-

tic pattern for a neurological disorder depending on the input images being

used. Studies conducted in different centres and with different cohorts of

Parkinson’s disease patients have found similar results.31 Furthermore, this

technique also has proven its value in longitudinal settings and, therefore, the

use of SSM/PCA as a network biomarker has been suggested for Parkinson’s

trials.24 Hence, these results support the further use of this technique for other

disorders that affect the brain. Moreover, a better understanding of the brain

networks underlying neurological disorders, which so far has been visualized

with FDG PET, can also be achieved with other radiotracers and/or quantitative

parametric images, as shown in Chapter 6 with relative perfusion data. These

network biomarkers, together with the assessment of Aβ deposits, might prove

a valuable asset in future research.

Further Development of SSM/PCA Technique

The SSM/PCA method generates a characteristic disease pattern based on

a number of predefined steps. However, it might be interesting to explore the

use of other potential methods. As an example, principal component analysis

is in use as a data reduction method and the combination of components is

performed using stepwise regression. These procedures could be exchanged

with other approaches, such as independent component analysis32 and a de-

cision tree,33 respectively. The SSM/PCA technique, as proposed by Spet-
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sieris and colleagues23 was optimized for a cohort of Parkinson’s disease pa-

tients. It might be interesting to adapt the SSM/PCA method to each specific

research setting. Although the technique already provides good separation

between patients and healthy subjects, separation may even be improved fur-

ther by using different settings.

Finally, it is of interest to note that although SSM/PCA was developed

for the comparison of two subject groups, it also has the potential to distinguish

between more than two groups. This could enable the use of SSM/PCA as a

differential diagnostic tool in clinical routine, i.e. a subject’s image is loaded

and then compared with various characteristic disease pattern. The final result

would then be a report on how likely the image of a patient corresponds to the

various disease patterns, aiding clinicians in making a final diagnosis.

Concluding Remarks

In conclusion, the findings presented in this thesis indicate that the use of

quantitative rather than qualitative PET images could improve the diagnostic

performance of PET studies for dementia patients, not only in research set-

tings but also in clinical practice. Furthermore, it is possible to retrieve more

information from a single scan when working with quantitative images. Most

automated techniques for the assessment or interpretation of PET images use

semi-quantitative FDG images. However, quantitative rCBF images can also

be used with minimal loss of sensitivity. Use of novel image analysis tech-

niques in combination with quantitative parametric images could even further

improve differential diagnosis and/or assessment of disease stage not only for

AD patients, but potentially for other neurological disorders as well.
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