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Chapter 9. Discussion and Future Perspectives

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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