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Abstract

Alzheimer’s disease (AD) is an irreversible neurodegenerative disorder, char-

acterised by memory loss and reduced cognitive function. One of the pathologic

biomarkers of AD is the presence of neuritic plaques composed of beta amyloid pep-

tides. Positron emission tomography (PET) imaging is increasingly used to assess

the amyloid burden in patients with dementia, and therefore, tools for analysing

amyloid PET scans could aid clinicians when diagnosing and treating AD. For this

reason, this thesis presents novel methods for quantifying and classifying amyloid in

brain PET images. The most important contributions made in this thesis are: 1)

The formulation of a dual-modality deformable registration method, based on the

demons framework, for simultaneously aligning PET and magnetic resonance (MR)

images to a template space, in order to calculate standardised uptake value ratios

(SUVRs). 2) The proposal of a novel machine learning method for classifying brain

amyloid status, based on histograms of oriented image gradients. 3) An assessment

of convolutional deep belief networks for amyloid status classification. 4) An initial

investigation towards a complete classification framework for AD using multi-graph

learning. The results of the registration experiments suggest that the proposed joint

PET-MR registration method can perform as well as similar single-modality meth-

ods in terms of registration accuracy, and could provide an improved separation

between populations of AD patients and healthy controls when used in the calcula-

tion of SUVRs. Although the investigation into convolutional deep belief networks

indicated that, at present, they are impractical for amyloid status classification, our

novel amyloid status classification method achieved a higher classification accuracy

than two other established methods. Moreover, unlike SUVR, our proposed machine

learning method does not require specific knowledge of neuroanatomy and can be

applied to multiple amyloid PET tracers without substantial recalibration.
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Chapter 1

Introduction

The overall prevalence of dementia in the Western world rises steeply with increas-

ing age, from 1% in persons aged 60-65 years to 45% in persons aged 90-95 years

[Roberts et al. 2008]. Consequently, ageing populations pose a significant public

health burden. In the final stages of Alzheimer’s disease (AD), the most common

type of dementia, sufferers lose their ability to communicate, fail to recognise family

and friends, and require around-the-clock care. Ultimately, AD is fatal.

The 2011 criteria and guidelines for diagnosing AD recognise three stages of the

disease: preclinical AD, mild cognitive impairment due to AD, and dementia due to

AD [McKhann et al. 2011]. Despite attempts to have clear patient categories, AD

affects people in different ways and at different rates. As a result, the boundaries

between the groups are very blurred. Due to these difficulties in diagnosis, AD is

underdiagnosed, and up to half of the estimated people with AD may not know they

have it [Alzheimer’s Association 2014].

There are two microscopic lesions associated with AD: abnormal fibrous inclu-

sions, called neurofibrillary tangles, within neurons, and neuritic plaques composed

of accumulations of amyloid-β (Aβ) peptides [Perl 2010]. In the early 1980s, clin-

icians were unable to quantify these microscopic lesions in living patients, so the

original 1984 criteria for the diagnosis of probable AD required confirmation of

dementia by neuropsychological testing, and evidence of cerebral atrophy from com-

puted tomography (CT) imaging [McKhann et al. 1984]. Unfortunately, reductions
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in cortical thickness are also observed in elderly individuals with normal cognitive

function, making AD diagnosis by that value alone very difficult [Terry 1986].

Due to the development of positron emission tomography (PET) tracers capable

of imaging Aβ, the diagnosis guidelines were revised in 2011 to incorporate a positive

amyloid scan as an AD biomarker [McKhann et al. 2011]. By combining amyloid

PET imaging with other modalities, such as magnetic resonance (MR) imaging, and

patient metadata, a more comprehensive picture of the disease could be achieved,

leading to more robust diagnosis and patient classification.

For this reason, the underlying aim of this research is to work towards the devel-

opment of an amyloid PET image analysis tool for aiding the accurate and consistent

diagnosis of AD. Although current clinical techniques can adequately distinguish be-

tween PET scans that are clearly amyloid positive and clearly amyloid negative, with

machine learning methods it may be possible to improve the accuracy of image clas-

sification, which may increase the confidence of a clinician’s diagnostic decision. To

achieve this, this project will combine functional information from amyloid PET with

structural information from MR, in a multi-modal setting, by firstly developing a

novel spatial normalisation tool, and secondly by using machine learning techniques

to derive features which can be used to distinguish between patient groups.

1.1 Thesis Overview

A brief overview of the individual chapters in this thesis, along with their corre-

sponding research contributions, is given below:

Chapter 2 provides essential background information for the later chapters, and

is split into three parts. Firstly, we discuss the pathology, biomarkers, and treat-

ment of Alzheimer’s disease, as well as current methods for amyloid quantification.

Secondly, in anticipation of our research into dual-modality spatial normalisation

methods in Chapters 3 and 4, we introduce the concept of image registration. More

specifically, we describe the demons registration framework and its extensions in the

literature. Finally, we provide an introduction to the machine learning methods,
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including deep learning, that will be explored in Chapters 5-8.

Chapter 3 examines the effect of using functional and structural image informa-

tion during the registration of brain PET volumes to a template. To achieve this,

we propose a novel method for combined PET-MR registration. Our framework

jointly registers PET-MR brain volume pairs to a template space, by combining

the incremental updates from single-modality local correlation coefficient demons

registrations. In addition to comparing our PET-MR registration method to single-

modality registration methods, we also assess the effect of using a synthetic PET

template and a template constructed from real amyloid PET data during the reg-

istration process. We show that our combined PET-MR registration method can

perform at least as well as single-modality registration methods in terms of regis-

tration accuracy. Moreover, we also demonstrate that the amyloid quantification

measures obtained using our PET-MR registration method could be better suited

to discriminating between populations of AD patients and healthy controls, than

those acquired using single-modality registration methods.

Chapter 4 presents an extension to the combined PET-MR registration method

proposed in Chapter 3, by posing the registration framework as the minimisation

of a dual-modality cost function. We further extend the joint PET-MR registration

method to allow for a locally adaptive modality weighting that selects from a set of

weighting factors, the best combination of PET and MR to give the maximum local

correlation coefficient at each voxel. Our results indicate that, although our PET-

MR registration method can outperform a non-linear PET-only registration method

in terms of registration accuracy, the ability of the clinical amyloid quantification

method to classify AD patients and healthy controls is robust to the registration

method used to align the PET volume to the template space.

Chapter 5 explores a template-free approach to the classification of brain amy-

loid, by proposing a machine learning method that is independent of the amyloid

PET tracer, and does not require specific knowledge of neuroanatomy. Our method

extracts feature vectors directly from amyloid PET images, which are based on his-
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tograms of oriented three-dimensional gradients, and uses them to train a classifier

to distinguish between amyloid positive and amyloid negative PET scans. Without

recalibrating the hyper-parameters, we apply our method to images from three dif-

ferent amyloid PET tracers, and achieve a classification accuracy greater than an

established amyloid PET quantification method.

Chapter 6 assesses the generalisability of the amyloid status classification method

proposed in Chapter 5. Using three different parameter combinations, we apply our

method to data from three different amyloid tracers, and once again achieve supe-

rior classification performance to an established clinical amyloid PET quantification

method.

Chapter 7 investigates the potential of using a convolutional deep belief net-

work to classify amyloid status. We examine the effect of the network’s depth on

classification accuracy, and explore the idea of training the first layer of the net-

work using non-medical image data. For our application, the results indicate that a

one-layer convolutional deep belief network can achieve a higher classification accu-

racy than a two- or three- layer network. Moreover, we also show that a one-layer

network trained using non-medical data is able to more accurately classify brain

amyloid status than a similar network trained using PET images.

Chapter 8 presents investigatory research towards a complete classification

framework for AD that is able to combine data from a range of clinical biomarkers.

We compare three existing classification methods from the literature, and propose

a novel method based on multi-graph learning. We show that all four methods are

able to accurately classify healthy controls versus AD patients, but the classifica-

tion accuracy decreases considerably for multiclass classification tasks. We identify

drawbacks in the design and implementation of each classification framework, and

consequently, we propose a set of criteria that any future work towards a complete

classification framework for AD should fulfil.

Chapter 9 concludes this thesis by summarising the contributions of our work,

highlighting the various accomplishments, and discussing any limitations. We will
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also outline directions for future research in this field, in particular our investiga-

tion into using a convolutional deep belief network for amyloid status classification

highlighted that training deep learning methods using 3D data is computationally

very expensive. Therefore, in future, it would be useful to develop novel methods to

reduce the training time. Not only would this make deep learning more practical for

amyloid status classification, but it could have applications beyond medical image

analysis, such as object detection in video sequences.
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Chapter 2

Background

This chapter describes the pathology of Alzheimer’s disease, how it is diagnosed

clinically, and how the disease is imaged in vivo using amyloid PET imaging. The

concept of image registration is also introduced, as well as its role in Alzheimer’s

disease diagnosis and amyloid PET quantification. Finally, several approaches to

machine learning are discussed, including the use of image descriptors, support vec-

tor machines, and deep learning with restricted Boltzmann machines.

2.1 Alzheimer’s Disease

Alzheimer’s disease (AD) is an irreversible neurodegenerative disorder, characterised

by memory loss and reduced cognitive function due to the progressive impairment

of neurons and their connections. The disease invariably leads to death, there is no

cure, and there is currently no proven method to stop a patient’s decline [Rowe and

Villemagne 2013]. AD is by far the most common form of dementia, and accounts for

50-75% of all dementia cases [ADI 2009]; in 2006, it was estimated that 26.6 million

people worldwide suffered with the disease. By 2050, the prevalence is expected

to quadruple, with 1 in 85 people living with AD [Brookmeyer et al. 2007]. The

disease is a social burden to carers and a huge financial burden on healthcare systems

because advanced AD patients require round-the-clock care. The cost of AD in 2013

was estimated to be £26.3 billion in the UK alone, with £11.6 billion of that money
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being provided in the form of unpaid care by families of people with the disease

[Prince et al. 2014].

At present, definitive diagnosis of AD can only be achieved via an autopsy, thus

greatly limiting correct diagnosis in living patients. In its early stages, the symptoms

of AD are difficult to distinguish from those attributed to normal ageing. In the later

stages, AD is often mistaken for other types of dementia, and autopsy studies have

shown that many elderly patients have brain abnormalities associated with multiple

types of dementia [Clarfield 2003]. Furthermore, there are some medical conditions,

such as thyroid problems and depression, that can present with similar symptoms to

AD. Unlike dementia, these conditions may be reversible with suitable treatment.

Unsurprisingly, incorrect diagnosis of AD is common. One comprehensive study

showed that depending on the clinical criteria used to diagnose AD, sensitivity

ranged from 70.9% to 87.3%, and specificity ranged from 44.3% to 70.8% [Beach et

al. 2012]. For this reason, more accurate diagnosis techniques are urgently required.

Although the exact etiology of AD is still unknown, two fundamental neuropatho-

logical lesions have been implicated in the pathogenesis of the disease: neurofibrillary

tangles composed of the microtubule-associated protein tau, and neuritic plaques

consisting of an accumulation of amyloid-β (Aβ) peptides [Perl 2010]. These lesions

are illustrated in Figure 2.1. The abnormal presence of neurofibrillary tangles was

first observed by [Alzheimer 1907] whilst documenting a case of the disease that

would eventually bear his name. Tau proteins are responsible for controlling the

stability of axonal microtubules. This is achieved, in part, by modifying the tau

proteins via phosphorylation. When the tau proteins are hyperphosphorylated, tan-

gles are formed, causing the protein to aggregate in an insoluble form [Rowe and

Villemagne 2013]. The insoluble structure interferes with axonal transport, leading

to cell death. It has been shown that the extent and distribution of neurofibrillary

tangles correlate with the severity of AD [Bierer et al. 1995], however, tangles have

also been associated with the pathogenesis of several other diseases, such as pro-

gressive supranuclear palsy and frontotemporal dementia [Goedert and Spillantini
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Figure 2.1: An illustration (adapted from [Komaroff 2015]) of a healthy neuron (left)
compared to neurons typically found in an Alzheimer’s disease patient (right). There
are two fundamental neuropathological lesions that have been implicated in the
pathogenesis of Alzheimer’s disease: neurofibrillary tangles composed of the protein
tau, and neuritic plaques consisting of an accumulation of amyloid-β peptides.

2000; Arai et al. 2001].

In contrast, Aβ plaques are not found in frontotemporal dementia [Rowe and

Villemagne 2013]. Aβ is derived from a parent protein called the amyloid precursor

protein, which fragments after action from two secretases [Perl 2010]. The resulting

plaques are neurotoxic, and cause the neurons to die [Mattson 2004]. Aβ plaques

are present in all cases of AD, and begin to develop many years before the onset

of dementia [Rowe and Villemagne 2013]. As a consequence, accurately imaging

amyloid has the potential to confirm the presence of AD, distinguish between AD

and other dementias, and diagnose AD at an earlier stage. For this reason, this

thesis predominantly focuses on in vivo amyloid imaging.

Amyloid plaques are categorised as either diffuse or dense. Diffuse plaques are an
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antecedent to dense plaques, and indicate early plaque formation. Dense plaques1

are compact and are called neuritic when they are associated with local neuronal

damage [Mott and Hulette 2011]. The early stages of amyloid deposition suffer from

considerable inter-patient variation in the pattern of the deposits, however, [Braak

and Braak 1989] attempted to identify three stages of amyloid accumulation. In

the first phase, low densities of amyloid deposits are found in the basal portions of

the frontal, temporal and occipital lobes. In the second stage, medium densities of

amyloid deposits are present in most isocortical regions except the primary sensory

areas and the primary motor field. Finally, in stage three, almost all regions of

the isocortex (including the primary sensory areas and motor field) contain dense

amyloid deposits. In all stages the hippocampus is largely devoid of amyloid.

2.1.1 Disease Biomarkers

In 1984, [McKhann et al. 1984] established a set of criteria for clinical diagnosis of

probable AD. The criteria covered medical history, clinical examination, neuropsy-

chological testing, and laboratory assessment. For probable AD to be diagnosed,

the patient had to exhibit progressive memory impairment and deficits in at least

two other areas of cognition (confirmed by tests such as the Mini-Mental State Ex-

amination). Furthermore, other brain disorders had to be excluded using laboratory

tests and structural computed tomography (CT) brain imaging. These criteria have

been used in many studies in the literature, and have achieved a mean sensitivity

and specificity of 81% and 70%, respectively [Knopman et al. 2001].

Twenty-seven years later the diagnosis criteria were updated to reflect the in-

crease in knowledge of the biology of AD [McKhann et al. 2011]. In addition to the

original “probable AD” and “possible AD” categories, a third category, “probable or

possible AD with evidence of the AD pathophysiological process”, was added to the

guidelines. This extra category incorporated biomarkers into the diagnosis criteria.

For example, disproportionate atrophy in the temporal lobe on structural magnetic

1In this thesis, the term “amyloid plaque” is almost invariably used to mean “dense amyloid
plaques”.
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resonance (MR) imaging, low levels of Aβ in cerebrospinal fluid (CSF), or positive

positron emission tomography (PET) amyloid imaging [McKhann et al. 2011].

Due to the close proximity of CSF to the brain, it is an obvious source of biomark-

ers for AD. Biochemical changes in the brain are reflected in the CSF, and the typical

levels of CSF total tau (t-tau), phosphorylated tau (p-tau), and Aβ differ between

patients with AD and healthy controls [Blennow et al. 2001]. Elevated levels of

CSF t-tau have been reported in AD patients compared to cognitively normal con-

trols [Blennow et al. 1995], however, it has been demonstrated that CSF t-tau has

a poor specificity when distinguishing between other forms of dementia [Hulstaert

et al. 1999]. Similarly, an increase in CSF p-tau has been recorded in AD, vascular

dementia, and frontotemporal dementia [Sjögren et al. 2001]. In contrast to the

tau biomarkers, a lower level of CSF Aβ is consistently found in AD patients than

healthy controls [Blennow et al. 2001]. Nevertheless, low levels of CSF Aβ have also

been reported in other dementias [Sjögren et al. 2000].

Another drawback of CSF biomarkers is the lumbar puncture required to extract

the CSF sample from the spine. Lumbar punctures are invasive procedures, and

although the risk of a severe adverse event is very small [Peskind et al. 2005], the

associated headaches and patient anxiety can limit their use clinically [Anoop et al.

2010]. Moreover, there can be inconsistencies with CSF data analysis, due to the

sample collection, transportation, and storage [Anoop et al. 2010].

As an alternative to CSF biomarkers, amyloid PET is increasingly used to assess

the burden of Aβ in patients with suspected AD. PET is an imaging technique that

produces three-dimensional images of functional processes in tissue. The system

detects gamma rays emitted from a positron-emitting radionuclide (also called a

radiotracer or tracer) that is injected into the body prior to image acquisition. There

is a wide range of different tracers for analysing different processes in the body, and

by analysing the areas where tracer uptake does/does not occur, radiologists can

assess body functions and identify abnormalities.

There are two major classes of tracer for brain PET imaging. Members of the
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first class are designed to enter the brain, often by active transport, and accumulate

after a metabolic transformation [Pike 2009]. One example is the tracer 18F-FDG,

which is a glucose analogue. 18F-FDG enters the brain by the action of a glucose

transporter, where it is phosphorylated by hexokinase [Teune et al. 2013]. The

resulting compound accumulates in the brain, and provides a measure of energy

metabolism. Amyloid PET tracers fall into the second major class of tracers for

brain imaging, which are designed to reversibly bind to a target without being

changed structurally [Pike 2009]. Unsurprisingly, amyloid PET imaging uses tracers

that bind to Aβ. The quantity and pattern of tracer uptake can be used to designate

a scan as amyloid positive or amyloid negative [Landau et al. 2013]. Example axial

slices from positive and negative scans for four different amyloid tracers are shown

in Figure 2.2. As predicted by the final two stages of amyloid deposition identified

by [Braak and Braak 1989], amyloid positive scans are characterised by high specific

tracer uptake in grey matter (see red arrows in Figure 2.2). Tracer uptake in white

matter is non-specific, and is high in both amyloid positive and amyloid negative

scans (see yellow arrows in Figure 2.2).

The reason for the high white matter signal in amyloid PET imaging has yet to

be satisfactorily explained in the literature [Kepe et al. 2013]. One explanation is

that slower blood flow in white matter compared to grey matter creates a disparity

in the clearance rate of the tracer [Fodero-Tavoletti et al. 2009]. However, this does

not account for the higher level of non-specific tracer retention witnessed in healthy

controls compared to subjects with AD [Barthel et al. 2011]. Another explanation

for the high non-specific signal is that the amyloid PET tracers bind to myelin in

the white matter with high affinity [Stankoff et al. 2011]. Nevertheless, it has been

reported by [Villemagne et al. 2012] that the high non-specific tracer uptake in white

matter does not affect the diagnostic accuracy of amyloid PET tracers.

The first tracer to specifically image amyloid plaques in neuronal tissue was 11C-

Pittsburgh Compound-B (11C-PiB) [Klunk et al. 2004]. Due to the short half-life

of carbon-11 (20 minutes), the compound needs to be prepared on-site and used
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Figure 2.2: Example axial slices from amyloid negative and amyloid positive scans
for four different amyloid PET tracers. Amyloid positive scans are characterised by
specific tracer uptake in grey matter (red arrows). Tracer uptake in white matter is
non-specific, and is high in both amyloid positive and amyloid negative scans (yellow
arrows).

immediately. This limits the use of 11C-PiB to centres with an on-site cyclotron,

which is uncommon, and hence makes 11C-PiB impractical for routine clinical use.

More recently, several other amyloid tracers have been developed using the fluorine-

18 isotope, which has a longer half-life of 110 minutes, meaning that it can be

prepared off-site and transported to PET imaging centres. Three of these tracers

have recently been approved by the U.S. Food and Drug Administration (FDA)

for use in clinical diagnosis: 18F-florbetapir, 18F-flutemetamol, and 18F-florbetaben

[FDA 2012; FDA 2013; Piramal Enterprises Ltd 2014]. Example axial slices from

amyloid PET volumes obtained using these tracers are shown in Figure 2.2. It must

be noted that the tracer manufacturers’ guidelines state that a positive amyloid scan
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alone does not establish a diagnosis of AD [Amyvid 2012; Neuraceq 2014].

2.1.2 Alzheimer’s Disease Treatments

Although current medications cannot cure AD, there are medications available to

slow the progression of the disease, and lessen symptoms, such as memory loss,

for a limited time. Five drugs are approved by the FDA for the treatment of AD

[Cummings et al. 2014]. Four of these drugs are classified as acetylcholinesterase

inhibitors (AChEIs), which prevent the breakdown of acetylcholine, thereby pro-

longing the duration of its action as a neurotransmitter [Stella et al. 2015]. The

fifth drug, memantine, is an N-methyl-D-aspartate (NMDA) glutamate receptor an-

tagonist. Neuronal cell death is due, in part, to excitotoxicity caused by high levels of

the neurotransmitter glutamate. Memantine causes a blockage of the NMDA recep-

tors, which prevents their over-activation, and thus reduces the levels of glutamate

[Lipton 2004].

Despite studies showing that AChEIs can improve cognitive function in patients

with mild to moderate AD [Davis et al. 1992; Rogers et al. 1998; Rösler et al. 1999;

Tariot et al. 2000], there is a debate in the literature about the clinical significance

of the improvement [Qizilbash et al. 1998; Steele and Glazier 1999]. A review of

the efficacy of AChEIs concluded that there was no difference between them with

respect to efficacy [Birks 2006]. Moreover, the same review stated that it is not

possible to predict those who will respond to treatment. Common side effects of

AChEIs typically include nausea, vomiting, and diarrhoea [Stella et al. 2015]. One

AChEI, tacrine, was withdrawn from the U.S. market following continued concerns

over its safety [Mehta et al. 2012].

AChEIs are indicated for mild to moderate AD, however, there are studies

demonstrating that AChEIs could help patients with severe AD [Feldman et al.

2001; Winblad et al. 2006]. In contrast, memantine is approved for treatment of

moderate to severe AD [Reisberg et al. 2003]. Nevertheless, memantine is often pre-

scribed off-label, for mild AD and mild cognitive impairment. A meta-analysis of
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clinical trials showed that despite the frequent off-label use of memantine, there is a

lack of evidence for a benefit in patients with mild AD [Schneider et al. 2011]. The

authors of the meta-analysis also questioned the efficacy of memantine in moderate

AD.

Drug development for AD has been difficult. Not only do the benefits of current

medications seem marginal, but no new drugs have been approved since 2003 [Cum-

mings et al. 2014]. A study into the trends of AD-drug clinical trials revealed that

99.6% of compounds in a Phase 3 trial failed to advance to the stages necessary for

regulatory approval [Cummings et al. 2014]. Despite the difficulties, aducanumab

(drug candidate BIIB0307) has shown encouraging early results for the treatment

of prodromal AD. Unlike AChEIs and memantine, which only lessen the symptoms

of AD, aducanumab is reported to significantly decrease both cognitive decline and

Aβ accumulation [Toyn 2015]. Amyloid PET imaging with the 18F-florbetapir tracer

was used in the Phase 1B trials to assess the reduction in Aβ plaques [Hang et al.

2015]. Subjects taking a dose of 10mg/kg had a statistically significant decrease in

amyloid compared to subjects in the placebo group [Sevigny et al. 2015]. This trial

demonstrates that amyloid imaging could play a crucial role in the development and

evaluation of drugs to treat AD. Moreover, as more amyloid-modifying drugs are

tested, amyloid imaging could become an important tool for monitoring the pro-

gression of AD, not just aiding the diagnosis of the disease. It must also be noted

that the Phase 3 trials of aducanumab only involve subjects with prodromal AD. As

disease-modifying therapies become available, robust detection and quantification of

amyloid plaques is essential in order to identify patients who could benefit from novel

pharmaceuticals. Consequently, amyloid imaging could become more widespread.

2.1.3 Amyloid PET Quantification

In PET imaging, the standardised uptake value (SUV) is a quantitative tool used to

supplement visual assessment of scans, which is the current clinical standard. For

example, studies have shown that AD patients exhibit higher SUVs in brain regions
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than healthy controls [Lopresti et al. 2005]. The SUV is a dimensionless ratio [Thie

2004]:

SUVROI =
QROI

ID/m
(2.1)

where QROI is the radioactivity concentration (in kBq/g) in the region of interest

(ROI). ID is the injected dose (in kBq), and m is the body mass (in g).

An immediately apparent problem with the SUV is that it normalises for body

mass. Fat uptake of certain PET tracers (for example, 18F-fluorodeoxyglucose)

is very low. Therefore, the SUVs in non-fat tissues for larger subjects may be

overestimated relative to the same SUVs in smaller subjects. The higher level of fat

will contribute to the overall body mass, but will accumulate less tracer. Although

no studies have explicitly looked at the link between body weight and brain tissue

SUVs, it is widely accepted that the SUV for many other tissues (including blood)

demonstrates a strong positive correlation with weight [Zasadny and Wahl 1993]. A

method to correct this problem was proposed by [Zasadny and Wahl 1993], in which

lean body mass (mass ignoring fat) is used instead of total body mass. Despite

being suggested over two decades ago, the correction is not used in the majority of

papers quoting SUVs.

One popular solution to the body habitus issue is to use the standardised uptake

value ratio (SUVR), rather than the SUV. The SUVR involves normalising the SUV

of a region of interest to a reference region in which the tracer uptake is representative

of healthy tissue. Assuming that the same injected dose was used for the ROI SUV

and the reference SUV, then the body mass is cancelled out in the calculation:

SUVRROI =
SUVROI

SUVreference

=
QROI

Qreference

(2.2)

The computation of the SUVR can be conducted on static or summed PET

frames, negating the need for arterial sampling or dynamic scans. Hence, the SUVR

has become the method of choice for normalisation of tracer uptake, due to the
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simplicity of the calculation. However, to ensure that the SUVR is only a function

of target concentration, and not influenced by blood flow, it should only be calculated

once tracer binding has reached steady-state [Pike 2009; Cselényi and Farde 2015].

For fluorine-18 amyloid PET tracers, SUVR is typically calculated at 90 minutes

after the injection of the tracer [Villemagne et al. 2011a].

In amyloid PET imaging, the SUVR is used to quantitatively assess brain amy-

loid burden. Typically, the individual SUVRs for each target region are averaged

to form the mean, or composite, SUVR [Rowe et al. 2008]. It has been shown that

incorporating this ratio as an adjunct to the visual assessment of 18F-florbetapir

amyloid scans can decrease inter-reader variability [Pontecorvo et al. 2014; Nayate

et al. 2015]. Nevertheless, despite the widespread use of the SUVR in research, there

are many ways that its accuracy and robustness could be improved.

One problem affecting meaningful SUVR usage in disease diagnosis and moni-

toring, is the choice of the ROIs and reference region. Although there is a consensus

in the literature about which general brain areas are to be used in the composite

SUVR for amyloid imaging, there are differences between tracers and studies [Jack

et al. 2008; Jagust et al. 2009; Fleisher et al. 2011; Villemagne et al. 2011a; Barthel

et al. 2011; Joshi et al. 2012]. For example, since amyloid deposition does not typi-

cally occur in the cerebellum, the reference regions in the aforementioned studies are

all cerebellum-based. Nevertheless [Jack et al. 2008] use the cerebellar grey matter,

whereas [Joshi et al. 2012] use the whole cerebellum. Moreover, the frontal lobe is

a universal target region, but the delineation of the region varies with the study;

[Barthel et al. 2011] use the frontal lobe, whereas [Villemagne et al. 2011a] use

specific areas within the frontal lobe. In practice, this makes comparison between

studies very difficult.

We address this problem in Chapter 5 by proposing a novel method for amy-

loid status classification that is independent of tracer, and does not require any

anatomical regions of interest. Moreover, other methods have been proposed to

standardise the SUVR process between tracers. For example, the method proposed
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in the Centiloid Project converts SUVRs to a 0-100 scale, where 0 represents defi-

nitely amyloid negative, and 100 represents the amount of global amyloid deposition

in a typical mild-moderate AD patient [Klunk et al. 2015]. The aim of that project

is to provide a “standard” method for quantitative 11C-PiB image analysis, and

a method for converting analyses for other tracers to the 100-point scale. Whilst

this standardisation is extremely useful, and allows for subjects to be placed on an

“amyloid spectrum” (rather than just amyloid positive/negative), each new method

and amyloid tracer must be calibrated to the Centiloid method in order for accurate

comparisons between studies.

Reliable and reproducible SUVRs also require accurate delineation of the anatom-

ical target and reference regions. Manual delineation is time-consuming and prone

to inter-observer variation. Several algorithms exist in the literature for automated

brain PET region extraction [Wong et al. 2002; Farinha et al. 2009], however, given

the poor spatial resolution and signal-to-noise ratio of PET, boundaries are often

indistinguishable and rarely continuous. Moreover, the delineability of regions of

interest would be highly dependent on the tracer. If structural magnetic resonance

(MR) images are available, they can be used to refine the PET regions, but this

could introduce other errors, since the PET and MR scans will need to be aligned

using a process called image registration. Moreover, [Raniga et al. 2008] showed

that SUVRs for all brain regions are significantly lower when normalised using au-

tomated cerebellar grey matter segmentation. The large discrepancy makes direct

comparison between manual and automated SUVR calculations difficult. One can

abrogate the need for delineation by aligning the PET image to a template with

known region maps. However, poor alignment could affect the SUVR, as an ROI

in the image may not be completely contained within the mask of the ROI in the

template. Image registration is introduced in the next section, and the impact of

different registration methods on SUVR calculation is explored in Chapters 3 and

4.
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2.2 Image Registration

Image registration is one of the fundamental tools in biomedical image analysis.

Also known as image matching, registration is the process of determining the spa-

tial transformation s that will align a set of images. The ultimate aim is to map each

point x in one image to the corresponding point y in another. In the medical imag-

ing field, arguably three of the most important applications of registration are: 1)

multi-modality fusion, where information from different imaging modalities is com-

bined to aid diagnosis; 2) longitudinal analysis, where temporal changes in patients

are examined; 3) population modelling to study functional or anatomical variabil-

ity [Sotiras et al. 2013]. The misalignment of the original images can have many

causes, including patient movement and anatomical, physiological or pathological

differences.

In this thesis, the applications of image registration broadly correspond to the

first and third applications listed by [Sotiras et al. 2013]. Firstly, despite the clini-

cal usefulness of the molecular and functional information provided by PET images

on their own, it is widely accepted that registration with anatomical images im-

proves their diagnostic value. For example, registration of MR images with PET

volumes would provide a clinician with a more comprehensive picture of function and

anatomy together, potentially allowing for accurate determination of the pattern of

grey matter tracer uptake compared to non-specific uptake in white matter. Indeed,

tracer manufacturer guidelines state that MR or computed tomography (CT) im-

ages can be used to help localise tracer uptake in the grey matter [Amyvid 2012;

Neuraceq 2014]. The second application of image registration in this thesis relates to

population modelling. Prior to SUVR calculation, the PET volume is registered to

a template space in which the anatomical ROIs are defined. This allows the SUVRs

of different subjects to be compared to one another, and compared to population

means.

The choice of registration scheme is dependent on the type of images, the type

of spatial transform desired, and the goal of the registration. Rigid registration
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can be used to capture global spatial changes between images, such as rotation and

translation, but not smaller, local differences. This technique can be extended to

fully affine registration by including terms to encompass scaling and shear.

Linear registration methods, such as rigid or affine, are represented by a small

number of parameters (6 and 12, respectively, in 3D). In contrast to linear registra-

tion, deformable, non-linear registration captures more complex transformations. In

non-parametric approaches, the coordinates s(x) of each image voxel in the trans-

formed image need to be specified. Usually, this spatial transformation is described

by a displacement field s, which is added to an identity transformation (Id : x 7→ x):

s : x 7→ x+ s(x) (2.3)

Most, if not all, deformable registration methods in the literature can be viewed

as an iterative accumulation of updates to the initial estimate of the deformation.

The differences between the methods lie in the way in which the deformation updates

are estimated, and the way in which they are composed. This variation is a result

of the chosen transformation model, cost function, and optimisation framework.

In this thesis we investigate deformable registration methods that use information

from MR images to help inform the registration of amyloid PET images to a template

for SUVR calculation. In particular, we extend a deformable registration framework

known as demons registration, because it has been shown to be able to accurately

co-register brain MR images, and is little affected by the choice of subject population

[Klein et al. 2009]. The background for demons registration is presented in the next

section.

2.2.1 Demons Registration

The demons method is one approach for deformable, non-parametric registration.

Originally proposed by [Thirion 1998], the demons algorithm models the registration

as a diffusion process, with a parallel to Maxwell’s demon (a thought experiment

used to solve the Gibb’s paradox of thermodynamics). The original “classical”
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version of the algorithm has been used extensively by the biomedical image analysis

community due to its efficiency and simplicity of implementation.

In its most basic form, the demons algorithm iteratively estimates the transfor-

mation s between a fixed (target) image F and a moving (source) image M (see

Algorithm 2.1).

Algorithm 2.1 The original demons registration algorithm

1: while not converged do

2: Given the current deformation field s, compute an update field u

3: s← s + u

4: Regularise the deformation field by convolving it with a Gaussian kernel G,

such that s← G ∗ s

5: end while

The update field is a set of forces inspired by the optical flow equations [Horn

and Schunck 1981], but renormalised to prevent instabilities for small image gradient

values:

u =
(F −M(s)) · ∇M(s)

‖∇M(s)‖2 + (F −M(s))2
(2.4)

where M(s) represents the composition of the moving image and the deformation

field, i.e. M(s) = M ◦ s.

From Equation 2.4, it can be seen that the “demons” push according to the local

characteristics of the images. If the voxel intensity is lower than the target value, the

moving image M is pushed in the direction of the gradient. If the voxel intensity is

greater than the target value, the moving image is pushed in the opposite direction

to the image gradient.

A major weakness of the classical demons algorithm is the lack of a strong

theoretical background. Unlike many other registration methods [Bookstein 1989;

Rueckert et al. 1999; Avants et al. 2008], the demons algorithm was not presented as

an energy minimisation. Although the idea was influenced by Maxwell’s demon, and
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the update forces inspired by optical flow, there was no underlying theory that could

predict when it would fail and why. Fortunately, since being proposed by [Thirion

1998], several research teams have worked to provide a theoretical framework for the

demons algorithm. In addition to advancing the understanding of the algorithm, this

work has facilitated the modification of the underlying assumptions. Firstly, [Pennec

et al. 1999] showed that the update term is an approximation to the second order

gradient descent on the sum of squared differences (SSD) between voxel intensities.

A decade later, [Vercauteren et al. 2009] expanded this work by casting the demons

algorithm into a minimisation of a well posed global energy E(s). Subsequently, the

authors showed that all variants of the demons algorithm can be grouped into one

registration framework:

E(F,M, s) =
1

σ2
i

Sim(F,M ◦ s) +
1

σ2
T

Reg(s) (2.5)

where ◦ is the composition operator, Sim(F,M ◦ s) is the image similarity measure

(typically SSD), Reg(s) is the regularisation term, and σi and σT account for the

image noise and amount of regularisation, respectively. In [Thirion 1998], σi is the

local estimation of the noise σi(p) = |F (p)−M ◦s(p)|. Parameter σT could be tuned

by evaluating the registration result for a range of values, but usually the value is

taken from existing literature.

To avoid computationally expensive iterations during this optimisation, [Cachier

et al. 2003] introduced an exact correspondence field c into the energy function.

This allows for some errors in s. The resulting energy function is as follows:

E(F,M, s) =
1

σ2
i

Sim(F,M ◦ s) +
1

σ2
x

Dist(s, c) +
1

σ2
T

Reg(s) (2.6)

where Dist(s, c) forces the displacement field s to be close to the exact correspon-

dences c, and σx accounts for correspondence uncertainty.

Due to the introduction of the correspondence field by [Cachier et al. 2003],

the optimisation alternates between minimising c and minimising s. The first step
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optimises 1
σ2
i
Sim(F,M ◦ s) + 1

σ2
x
Dist(s, c) with respect to c, and the second step

optimises 1
σ2
x
Dist(s, c) + 1

σ2
T

Reg(s) with respect to s.

The demons algorithm owes its efficiency to two factors. Firstly, the Gaussian

regularisation of the deformation field is numerically robust and, perhaps more im-

portantly, fast to compute. The second, more profound factor is concealed in Equa-

tion 2.4. As previously stated, [Pennec et al. 1999] demonstrated the link between

demons and the second order gradient descent on the SSD criterion. This improves

the convergence speed of the demons algorithm, so that fewer iterations are required

to achieve good results.

Despite the increase in the speed of convergence, the link between the demons

method and the gradient descent of the SSD leads to limitations. Since Equation 2.4

does not lend itself to updates for other similarity measures than SSD, the demons

algorithm is implicitly restricted to single-modality registration tasks. Fortunately,

since its inception, the demons framework has been generalised to allow for other

similarity measures [Guimond et al. 2001; Chefd’hotel et al. 2002]. Typically, the

generalisation is to compute the update field from the gradient descent optimisation

of the similarity measure. For poorly conditioned problems, the steepest descent

approach is known to be slow to converge. Consequently, these methods require

more iterations to achieve good registration results.

Another problem affecting the demons framework is that all voxels with the same

intensity in the moving image could theoretically be mapped to a single point with

this intensity in the fixed image. Repeated for all intensity levels, this transformation

would perfectly minimise the SSD criterion. However, it would introduce physically

and physiologically impossible folding. To avoid this problem, the transformation

can be regularised. Regularisation is a critical step in non-rigid registration [Pennec

et al. 1999], however the level of regularisation required is dependent on the type and

size of the images being used. It has been reported in the literature that “standard

values” for Gaussian diffusion-like regularisation (from no regularisation at all to

σ = 1) work well in most cases [Vercauteren et al. 2009]. These parameters are only
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reported for MR images, and unfortunately, there appears to be no single value that

works in all situations and for all modalities.

In the original demons algorithm, [Thirion 1998] proposed to apply Gaussian

smoothing to the overall deformation field s. An alternative method, suggested by

[Bro-Nielsen and Gramkow 1996], is to regularise the update field u instead. The

authors also showed that this variant of the demons framework is an approximation

to the viscous fluid registration method employed by [Christensen 1994]. For this

reason, this type of regularisation, in which only the update is smoothed, is known

as fluid regularisation (cf. the original diffusion-like regularisation). Further to

this, [Pennec et al. 1999] suggested combining the two approaches, so that both the

update and accumulative deformation fields are regularised.

In addition to extensions of the regularisation, extensions of the demons update

scheme have been considered. The additive update scheme (see Algorithm 2.1) is

appropriate if one assumes that the displacement fields are elements of a linear vector

space. This scheme is similar to the update rules used in Newton-based optimisation

methods. However, mapping a point through one spatial transformation and then

through another one is equivalent to mapping the point through the composition

of the two transformations. Therefore, at each iteration the update u should be

composed with the accumulative spatial transformation s:

s← s ◦ (Id + u) (2.7)

In the literature, such an update is referred to as a compositive adjustment.

Although each iteration takes longer to compute, it has been reported that the

compositive update scheme converges in fewer iterations than the additive update

scheme [Vercauteren et al. 2009].

One caveat of both the additive and compositive demons algorithms is that they

do not ensure invertibility of the final spatial transformation. In contrast, diffeo-

morphic2 image registration algorithms do ensure that the output transformation

2A bijective map φ is diffeomorphic iff φ and φ−1 are continuously differentiable.
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is invertible. Although an invertible transformation may not always be required,

diffeomorphisms preserve the topology and prevent physically implausible folding.

Furthermore, diffeomorphic registration is useful if there is no favoured registration

direction. However, it must be noted that not all problems benefit from diffeo-

morphisms. Different applications may have different constraints. For example,

clinicians might prefer to see the topology changes caused by ventricular enlarge-

ments.

A diffeomorphic approach to demons is presented in [Vercauteren et al. 2007].

The main idea is that the update field u is assumed to lie in a space tangential to

the Riemannian manifold of diffeomorphisms. Thus, the diffeomorphic update (a

stationary velocity field in this case) is found by applying an exponential mapping

from the tangential space to the manifold of diffeomorphisms (i.e. the diffeomor-

phic update is exp(u), not just u). This is in contrast to the compositive demons

method in Equation 2.7, where the update field u is applied directly to the spatial

transformation s. At each iteration the diffeomorphic update exp(u) is composed

with the transformation s:

s← s ◦ exp(u) (2.8)

All three major demons methods (additive, compositive and diffeomorphic) pro-

duce registration results that are visually quite similar, but only compositive and

diffeomorphic updates are guaranteed to have smooth output transformations [Ver-

cauteren et al. 2009]. Whilst the compositional approach often results in an invert-

ible transform, diffeomorphic demons will always be invertible, albeit at a reported

50% increase in computation time per iteration [Vercauteren et al. 2009].

In the diffeomorphic demons algorithm proposed in [Vercauteren et al. 2007],

only the update field at each iteration is encoded using an exponential. Although

this keeps the algorithm computationally simple and mostly unchanged from the

original demons algorithm, it lacks some of the characteristics of log-domain reg-

istration methods that encode the entire transformation with stationary velocity
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fields [Ashburner 2007], namely, the ability to obtain the inverse transform at low

cost, and a symmetrical registration result. Therefore, the diffeomorphic demons

algorithm was extended to cast the complete transformation into the log domain

[Vercauteren et al. 2008]. The transformation s is parameterised as a stationary

velocity field v, such that s = exp(v).

The inverse of the transformation s can be obtained easily by a backward com-

putation s−1 = exp(−v). Therefore, a symmetric registration algorithm can be

achieved by symmetrising the energy function presented in Equation 2.6 [Vercauteren

et al. 2008]:

sopt = arg min
s

(E(F,M, s) + E(F,M, s−1) (2.9)

One disadvantage of this method is that it requires the separate optimisation of

the two terms, which can be computationally expensive for complicated similarity

criteria. Therefore, to reduce the computational cost of using other image similarity

measures than SSD, [Lorenzi et al. 2013] proposed optimising in the halfway space,

leading to a single energy term by considering F ◦ exp(−v
2
) and M ◦ exp(v

2
).

It has been shown that registering two MR brain images using a non-symmetric

registration method can create a bias in subsequent analyses [Yushkevich et al.

2010]. Therefore, our novel method for joint registration of PET-MR image pairs to

a template space (proposed in Chapter 3) extends the symmetric log-domain demons

registration method proposed by [Lorenzi et al. 2013].

2.2.2 Deformable Registration and the Brain

One final problem besetting deformable registration methods, such as demons, is

that they seek perfect correspondences between points in the fixed and moving

images. This appears to be a useful attribute when estimating large and highly

non-linear deformations corresponding to anatomical variability between individuals.

Nevertheless, this apparent usefulness has a serious flaw: it assumes a one-to-one

mapping between the image pair exists. This almost universally does not hold.
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Brains, as with all parts of the human body, are highly variable, such that a point

in one brain may not exist in the brain of another subject, or even the same brain

at a later time point.

Even if the brains being registered are anatomically identical (i.e. from the same

subject), extracting common points and features from different imaging modalities

is difficult. For this reason, registration between PET and MR images is often

limited to a rigid body transformation [Kiebel et al. 1997; Č́ıžek et al. 2004; Lee

et al. 2009b]. Whilst this may be acceptable for current clinical purposes, it might

not be sufficient for identifying more subtle brain changes associated with incipient

neurological conditions.

To overcome this point-to-point mapping problem, one needs to develop tools

for comparing similar brains, without exact correspondences. This in itself leads to

further complications, since choosing a suitable common reference space in which

to perform comparisons entails determining correspondences between the brains.

Established templates such as the Colin 27 [Holmes et al. 1998] and the non-linear

MNI-ICBM152 [Grabner et al. 2006] average brains may not adequately represent

the majority of the brains to which they are being compared. This is demonstrated in

Figure 2.3, where the two templates are compared to an elderly brain. As a result of

the ageing process, the elderly brain has larger ventricles and exhibits temporal lobe

atrophy (indicated by the arrows in Figure 2.3). Neither of these characteristics are

represented in the MR templates. However, whilst one could construct a template for

a particular subject group, there is no guarantee that it will match the substructures

within all of the brains in question. As a result, only larger scale anatomical features

and regions of brain function can be reliably registered.

In this thesis we use and compare two different approaches to creating brain

templates that allow matching of macroscopic anatomical regions. These templates

allow standardised regions of interest to be used for automated SUVR calculation.
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(a) (b) (c)

Figure 2.3: An axial slice through 3D brain volumes at approximately the same
anatomical plane. It is immediately apparent that (a) the Colin 27 Average Brain
[Holmes et al. 1998], and (b) the 6th generation non-linear MNI-ICBM152 average
brain [Grabner et al. 2006] do not adequately represent (c) an example elderly brain.
For example, the elderly brain exhibits atrophy in the temporal lobes (red arrow)
and enlarged ventricles (yellow arrow).

2.3 Machine Learning in Medical Imaging

As medical imaging has become more widespread, the workload of radiologists has

increased rapidly. Visual assessment of medical images is time-consuming and prone

to human error, and therefore, many radiologists may welcome an automated ap-

proach to support their expert opinion. Computer-aided diagnosis (CAD) tools

could assist clinicians with image interpretation by providing a “second opinion”.

Not only can these tools increase clinician confidence, but they can also reduce the

image reading time and offer improved accuracy and consistency of disease diagnosis.

Although SUVR can be used as a CAD tool when combined with an amyloid

positivity threshold, its development required an extensive amount of human input.

The ROIs, reference region, and amyloid positivity threshold were determined by

researchers and radiologists following extensive patient trials. In contrast, a CAD

tool in which the diagnostic criteria are acquired via machine learning or data mining

could be capable of extracting information imperceptible to physicians.

Machine learning is a field of research concerned with the development of algo-

rithms that can learn from and make predictions about data. Traditionally, machine

learning methods have evolved from the study of computer vision and pattern recog-

nition, however, many of these methods are now being applied in radiology for image
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segmentation, registration, and CAD [Wang and Summers 2012]. Learning to di-

agnose a patient’s condition from medical images is a two-step process. Firstly,

features relevant for discriminating one physical condition or disease state from an-

other must be extracted from appropriate training data. Secondly, a classifier must

be trained to separate features belonging to the groups of patients with different

conditions. These two steps are described in more detail in the following sections.

2.3.1 Feature Extraction

To be able to distinguish between different disease states, a CAD tool must learn to

separate them based on features extracted from biomedical images. These features

could be as straightforward as image pixels (or voxels in 3D volumes) [Vandenberghe

et al. 2013], or more complicated hierarchies of image filters [Plis et al. 2014]. One

of the first feature descriptors was the Scale Invariant Feature Transform (SIFT)

[Lowe 1999]. Instead of comparing image patches using pixel intensities alone, SIFT

allowed points in an image to be represented robustly by a 128-D vector. In the

original paper, the SIFT descriptor was applied to the output of a point-of-interest

detector, and used to find corresponding points between images. For object clas-

sification problems the keypoint detection step was deemed unnecessary, and thus,

SIFT was extended to work on a dense grid of image points [Liu et al. 2008].

Unfortunately, SIFT lacks the ability to encode objects as a set of parts that

can deform relative to each other. SIFT is also unable to cope reliably with missing

image patches. This could be problematic in medical applications, where certain

disease pathologies could move or severely distort image patches (e.g. tumour vs no

tumour). Therefore, a more statistical approach to characterise objects was required.

This gave rise to the visual bag-of-words [Sivic and Zisserman 2003] and flexible part-

based models [Fergus et al. 2005]. Another, more straightforward approach to object

detection and classification was proposed by [Dalal and Triggs 2005]. The feature

descriptor, known as histogram of oriented gradients (HOG), was successfully used

to detect pedestrians in static images, and the authors demonstrated that their
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Figure 2.4: An illustration of 2D HOG features for an example 18F-florbetapir PET
axial brain slice. The bottom row shows the general steps of the HOG algorithm:
image gradients in a single cell (left), quantisation of those gradients (centre), and the
edge orientations associated with the histogram of gradients (right). The intensities
of edge orientations are determined from the magnitudes of the histogram bins.

detection method resulted in a false positive rate one to two orders of magnitude

lower than keypoint-based approaches [Dalal and Triggs 2005]. In the HOG method,

the image is partitioned into a grid of uniformly spaced cells, and the normalised

histogram of image gradient orientations in each cell forms the set of feature vectors.

An illustration of the steps involved in HOG is presented in Figure 2.4.

One drawback of the original HOG method is that it was designed to work on

2D images only. Medical images are often 3D (or even 4D, in the case of dynamic

scans) volumes, and as a result, a generalised version of HOG for higher dimensions

is required. Computing image gradients in higher dimensions is a straightforward

task, and in 3D, a logical extension to HOG would involve quantising the gradients

using spherical polar coordinates. By dividing the elevation angle and azimuth

into equally sized bins, gradients are quantised using a similar system to latitude
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(a) (b)

Figure 2.5: (a) Using spherical polar coordinates to quantise the 3D gradients leads
to problems at the poles (red circle) because the bins get progressively smaller. (b)
Therefore, [Kläser et al. 2008] proposed to approximate a sphere using a regular
polyhedron. The 3D gradients are projected on to the vectors from the centre of the
polyhedron to the centres of the faces.

and longitude. However, this leads to problems at the poles because the bins get

progressively smaller. This is demonstrated by the red circle in Figure 2.5(a). To

solve this problem, [Kläser et al. 2008] proposed to use a regular polyhedron as an

approximation to a sphere. Rather than have a continuous space of orientations,

each side of the polyhedron corresponds to a histogram bin (see Figure 2.5(b)).

This method achieved state-of-the-art results when used to classify human actions

in video sequences [Kläser et al. 2008]. Although video sequences are 3D in time

(x, y, and time t), whereas amyloid PET volumes are 3D in space (x, y, z), we explore

this method in Chapter 5 for feature extraction in PET.

2.3.2 Image Classification

Once suitable image features have been extracted from the training data, they are

used to train a classifier capable of separating the image categories (e.g. diseased

patients vs healthy controls). Many types of classifiers are presented in the literature,

including non-parametric approaches such as k-nearest neighbours [Altman 1992],

and ensemble learning methods such as random forests [Breiman 2001]. Despite the
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Figure 2.6: An illustration of a linear support vector machine (SVM) classifier using
2D training examples. The red points represent training examples that belong to
class A, and the blue points represent training examples that belong to class B.
The SVM tries to find the hyperplane (solid black line) that maximises the margin
between the two classes. The circled dots correspond to the points that satisfy
f(x) = wTx + b = ±1 (known as the support vectors), where w is the normal to the
separating hyperplane and b is the bias.

wide variety of classifiers available, many papers use a well-understood classification

algorithm called a support vector machine (SVM) [Dalal and Triggs 2005; Lee et al.

2009a; Felzenszwalb et al. 2010]. Using a set of correctly labelled data, the SVM tries

to find the hyperplane that maximises the margin between the two classes [Cortes

and Vapnik 1995]. This hyperplane can then be used to classify previously unseen

data (often called test data). Points on one side of the hyperplane are classified

as class A, and points on the other side of the hyperplane belong class B. This is

illustrated by the red and blue points in Figure 2.6.
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Given N labelled, linearly separable training examples (x1, y1), . . . , (xN , yN),

where x ∈ Rd and yi ∈ {−1, 1}, the two classes can be separated by a linear

classifier of the form:

f(x) = wTx + b (2.10)

where w is the normal to the separating hyperplane (also known as the weight

vector), and b is the bias.

An optimal weight vector w can be found, such that ‖w‖2 is minimised and the

following constraints are satisfied:

wTxi + b ≥ 1 if yi = +1

wTxi + b ≤ −1 if yi = −1

(2.11)

or equivalently:

yi(w
Txi + b) ≥ 1 (2.12)

The training examples that satisfy this equality (i.e. yi(w
Txi + b) = 1) are

called support vectors. The support vectors define two hyperplanes: one through the

support vectors belonging to class A, and one through the support vectors belonging

to class B. In Figure 2.6, the circled dots represent the support vectors, and the

dashed lines represent the corresponding hyperplanes (which are lines in the 2D

example).

For cases where the training examples are not linearly separable, training errors

are permitted, such that the optimisation becomes3:

arg min
w
‖w‖2 + C

N∑
i

ξi (2.13)

subject to

3Equation 2.13 is the primal form of the SVM, and can be rewritten in terms of the support
vectors xj , negating the need for w. The alternative form of the equation is known as the dual
form.
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yi(w
Txi + b) ≥ 1− ξi (2.14)

where C is a regularisation parameter, and ξ is a slack variable that allows training

examples to exist in the space between the hyperplanes formed by the support

vectors. The slack variable also allows training examples to be misclassified.

Equation 2.13 formulates the learning of the SVM as a constrained optimisation.

Since ξ ≥ 0, the slack variable can be written:

ξi = max(0, 1− yif(x)) (2.15)

Consequently, the learning problem is equivalent to the unconstrained optimisa-

tion over w:

arg min
w
‖w‖2 + C

N∑
i

max(0, 1− yif(x)) (2.16)

where ‖w‖ is the regularisation term, and max(0, 1− yif(x)) is the loss function.

One advantage of the linear SVM is that there are no hyper-parameters to op-

timise other than the constant C. Combined with “black-box” implementations

such as LIBSVM [Chang and Lin 2011], this makes SVMs straightforward to apply.

Unfortunately, the ease of use of SVMs is also a major drawback; the classifier can

be unintuitive, especially when using high dimensional data that cannot be easily

visualised. When a test example is classified as one class or the other, the only

explanation of the process is that a weighted sum of elements of the test data are

higher/lower than some threshold. The ability to convert the output of SVMs into

a set of understandable rules is critical for a CAD tool, not only for acceptance

by physicians and patients, but also for reducing regulatory barriers to diagnosis

support systems based on SVMs [Fung et al. 2005].

Since SVMs try to separate the data in high dimensional space, rather than

directly trying to minimise the classification error rate, they are fairly insensitive to

the relative numbers of training examples in each class [Drucker et al. 1999]. For
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example, adding extra training examples that are far behind the hyperplanes will not

change the support vectors or classification boundary. This feature is advantageous

in medical applications, where datasets may be biased towards one particular patient

group. For this reason, in Chapter 5 we use an SVM to classify brain PET images

as amyloid positive or amyloid negative using features based on histograms of 3D

gradients.

2.3.3 Deep Learning

In recent years, research in computer vision has moved away from developing image

descriptors, and instead, has focused on deep learning. This trend has also been

noticeable in medical image analysis, where deep learning methods have recently

been used for image segmentation and classification [Plis et al. 2014; Roth et al.

2015]. Figure 2.7 reveals that there were 48 papers related to deep learning in the

2015 MICCAI conference proceedings4, compared to just three papers in 2011. Deep

learning methods are breaking records in classification accuracy [Krizhevsky et al.

2012; Szegedy et al. 2012], and have reduced the classification error on the ImageNet

dataset by 21.5% compared to using SIFT features and an SVM [Russakovsky et al.

2015]. Unlike other machine learning approaches, image features are automatically

learnt in deep learning. This removes the subjective feature extraction step associ-

ated with machine learning, and contributes to their improvements in accuracy.

Despite the increased popularity of deep learning in medical image analysis,

and its potential to improve classification accuracy, relatively few studies have ex-

plored deep learning methods for PET imaging applications. Rather than using

deep learning to learn features directly from PET volumes, the images are often

reduced to SUVR-like features and combined with structural MR information prior

to the learning process [Suk and Shen 2013]. We address this problem in Chapter 7

by investigating the potential of a deep learning algorithm to derive features capable

of classifying brain amyloid status directly from PET images.

4These figures were acquired by searching “deep learning” in the online MICCAI conference
proceedings.
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Figure 2.7: The number of papers in the MICCAI conference proceedings related to
deep learning over a five year period from 2011 to 2015. Deep learning has clearly
become a popular technique in medical image analysis.

Deep learning is characterised by models consisting of multiple layers of non-

linear information processing [Deng and Yu 2013]. The depth of the models is

another reason for the increased classification accuracy in computer vision tasks.

Deep architectures allow the models to learn hierarchical representations of the input

data, where the higher-level, more abstract concepts are defined from lower-level,

less abstract ones. More abstract features are usually invariant to local changes of

the input, and therefore can have greater predictive power [Bengio et al. 2014]. This

hierarchy of features is clearly demonstrated in Figure 2.8, which shows the features

learnt by a three-layer convolutional deep belief network that was designed to detect

faces in photographs [Lee et al. 2009a]. The features in layer 1 correspond to edge

detectors, the features in layer 2 correspond to parts of faces, and the features in

layer 3 correspond to entire faces. It is not difficult to see why the higher-layer image

features are more adept at detecting faces than the features from the first layer.

Many different deep learning methods have been proposed in the literature [Le-

Cun et al. 1998; Hinton et al. 2006; Vincent et al. 2010], and new variants on

existing architectures appear constantly. One of the first popular, and successful,

approaches to deep learning was the deep belief network (DBN), proposed by [Hin-
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Layer 3

Layer 2

Layer 1

Figure 2.8: The features learnt by a three-layer convolutional deep belief network
designed to detect faces in photographs. Higher layers learn higher-level features.
The features in layer 1 correspond to edge detectors, the features in layer 2 corre-
spond to parts of faces, and the features in layer 3 correspond to entire faces. This
figure was adapted from [Lee et al. 2009a].

ton et al. 2006]. A DBN is composed of layers of restricted Boltzmann machines

(RBMs).

An RBM is a two-layer, stochastic neural network, whose neurons form a bi-

partite graph. Binary visible units v, whose states are known, are connected to

binary hidden units h (the latent factors to be learnt) using symmetrically weighted

connections (see Figure 2.9).

The energy of the joint configuration (v,h) is given by5:

5This only applies for binary-valued visible and hidden units. Formulations for Gaussian and
multinomial units are presented in [Salakhutdinov et al. 2007].
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hj

vi

wij

Figure 2.9: A restricted Boltzmann machine (RBM) with two hidden units (top
row) and four visible units (bottom row). The units form a bipartite graph, where
every visible unit vi is connected to every hidden unit hj by a weight wij and there
are no connections within a layer.

E(v,h) = −
∑
i,j

vihjwij −
∑
i

aivi −
∑
j

bjhj (2.17)

where wij is the weight between visible unit vi and hidden unit hj, and ai, bj are

their respective biases.

The probability of a pair of visible and hidden vectors is then defined:

p(v,h) =
1

Z
exp(−E(v,h)) (2.18)

where Z is the partition function:

Z =
∑
v,h

exp(−E(v,h)) (2.19)

The probability of visible vector v is obtained by marginalising over the hidden

vectors, such that:

p(v) =
1

Z

∑
h

exp(−E(v,h)) (2.20)

Due to the inverse relationship between energy and probability, by lowering the

energy of a visible vector, the probability assigned to the visible vector can be

increased. The RBM parameters can be optimised by performing stochastic gradient

ascent on the log-likelihood of the training data:
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∂p(v)

∂wij
= 〈vihj〉data − 〈vihj〉model (2.21)

where angle brackets denote expectations. This leads to an update rule for the

weights:

∆wij = ε(〈vihj〉data − 〈vihj〉model) (2.22)

where ε is the learning rate.

Despite the apparent simplicity of the update rule, the computation of the exact

gradient in Equation 2.21 is intractable because it requires running alternating Gibbs

sampling for a long time. As a result, a method known as contrastive divergence is

used to approximate the gradient by running alternating Gibbs sampling for n steps

[Hinton 2002]. Since the hidden units are not directly connected to one another,

sampling an RBM is very efficient. Given a visible vector v, the probability that

the binary state of each hidden unit hj is set to 1 is:

p(hj = 1|v) = σ(bj +
∑
i

viwij) (2.23)

where σ(x) = 1/(1 + exp(−x)) is the logistic sigmoid function.

Similarly, to sample the state of a visible unit vi, given a hidden vector h:

p(vi = 1|h) = σ(ai +
∑
j

hjwij) (2.24)

The process of alternate sampling can be repeated for any number of iterations,

but often values of n = 1 are used. Despite this approximation to alternating Gibbs

sampling being very crude, it has been shown to be effective for training RBMs

[Hinton 2012].

By stacking RBMs, a hierarchical feature representation can be learnt. A deep

belief network (DBN) is constructed by using the expected hidden unit values (also

called activations) from one RBM as the input to another RBM. Each layer is
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trained in isolation, and the activations of the second RBM can be connected to a

third RBM, and so on.

While DBNs have been successfully used to learn high-level structures in many

types of data, including handwritten digits [Hinton et al. 2006], motion capture data

[Taylor et al. 2007], and speech [Mohamed et al. 2012], scaling them to work on large

images is challenging. A DBN can only use 1D input data, and thus ignores the 2D

structure of images. Moreover, as the size of the input image increases, the algorithm

becomes increasingly computationally expensive because the vector of weights has

the same number of elements as the input. This also means that individual features

can only be detected at a single location within the input image.

Similar problems were encountered with deep neural networks, and were solved

by using a convolutional architecture inspired by models of the visual cortex [LeCun

et al. 1998]. Convolutional deep neural networks (CNN) learn feature detectors

that are sensitive to small regions of the input called receptive fields. The regions

are tiled to cover the entire input image, and the feature detectors are applied

over the input space to form outputs known as feature maps. Neurons within a

feature map have the same weights and biases, constraining them to perform the

same operation on different parts of the image [LeCun et al. 1998]. This allows

the same feature to be detected at every point in the image, meaning that a large

image can be represented using a small number of feature detectors. The same

principles were applied to an RBM by [Desjardins and Bengio 2008] and [Lee et

al. 2009a], thus forming a convolutional RBM (CRBM). Just as stacked RBMs can

form a DBN, stacked CRBMs can form a convolutional DBN (CDBN). CDBNs have

been successfully used for face detection in photographs (see Figure 2.8) [Lee et al.

2009a], and have achieved achieved state-of-the-art classification performance on the

CIFAR-10 data set, which contains images from ten different classes [Krizhevsky

2010]. Consequently, in this thesis we investigate the ability of CDBNs to classify

brain amyloid status from PET images. For clarity, the mathematics of the CDBN

are presented prior to that work in Chapter 7.
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In this chapter, we have presented information about the pathology and biomark-

ers of AD, as well as the current method for brain amyloid quantification. We have

also introduced the concept of image registration, and discussed approaches to ma-

chine learning, including the HOG feature descriptor and SVM classifier. Finally,

we described RBMs and their role in the deep learning method known as deep belief

networks. In the next chapter we propose a novel deformable registration method

for matching amyloid PET images to a template. Our method extends the log-

domain demons registration method discussed in Section 2.2.1 by using additional

information from MR images to help inform the PET registration process.

40



Chapter 3

Combined PET-MR Brain

Registration

For amyloid PET image quantification, the SUVR is calculated by computing the

mean uptake of tracer in a region of interest, divided by the uptake in a reference

region (where the uptake is non-specific). Typically, prior to SUVR calculation in

brain images, the PET volume is transformed to a template space in which the

regions of interest are defined. Current methods for quantitative analysis of amyloid

PET imaging use affine or non-linear registration methods to achieve alignment to

the PET template [Fleisher et al. 2011; Hutton et al. 2015]. Consequently, SUVRs

could be somewhat dependent on the quality of the registration.

For amyloid PET images that are difficult to interpret visually, the tracer man-

ufacturers’ guidelines actively recommend the use of structural images to clarify the

relationship of the tracer uptake and grey matter anatomy [Amyvid 2012; Neuraceq

2014]. By simultaneously viewing co-registered amyloid PET and MR images from

the same individual, the additional anatomical information provided by the MR

image can help localise regions of tracer uptake in the PET image, thus improving

the diagnostic value of the visual assessment. However, in the SUVR calculation

process, the transformation of the amyloid PET image to the template is usually re-

stricted to a single modality. For example, [Fleisher et al. 2011] directly register the
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amyloid PET images to an MR template, without using any MR imaging. In con-

trast, [Jack et al. 2008] register the amyloid PET images to an MR image acquired

from the same individual, and then register the MR images to the MR template.

The resulting transformations are then applied to the amyloid PET images. As a

result, the PET images have no direct influence on the registration to the template

space. It has been shown that significantly different SUVRs are obtained when us-

ing a PET-driven registration method compared to an MR-driven method with grey

matter segmentation [Saint-Aubert et al. 2014]. Despite this discrepancy, it has also

been shown that MR-driven and PET-driven approaches to quantitative analysis of

amyloid PET images are both adequate for clinical diagnostic purposes [Edison et al.

2013]. Consequently, in this work we wish to remove the discrepancy between the

SUVRs obtained from the PET-driven and MR-driven registration methods, whilst

improving their potential diagnostic value.

An alternative approach would be to develop a registration method that combines

both PET and MR image information. Such a method could exploit all the available

data, and would potentially capture changes present in one modality, but not visible

in the other. In turn, this could lead to more precise SUVRs. In a clinical setting,

not all patients may have an MR scan in addition to their amyloid PET scan.

Furthermore, if a patient does have an MR scan, the scan could be of poor quality.

In these situations, a purely or mainly PET-driven registration approach is required,

however, where a high quality MR image is present, it could very strongly guide the

registration of the PET image to the template. As a result, a registration approach

which is capable of using a weighted combination of the two modalities could be

useful.

Therefore, the aim of this chapter is to assess the performance of a combined

modality registration method for registering PET and MR volumes to a dual-

modality template space. More accurate registrations might lead to SUVRs that are

more representative of tracer uptake in specific brain regions, which in turn could

result in SUVRs that are better able to discriminate between groups of AD patients
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and healthy controls. To achieve this assessment, we propose a novel approach

to combined non-linear PET-MR brain registration. We extend the log-domain

demons registration framework [Vercauteren et al. 2008] described in Chapter 2.2.1,

by combining the individual update steps in simultaneous single-modality demons

registrations. Unlike existing multi-channel demons methods [Peyrat et al. 2010;

Forsberg et al. 2011], which only use anatomical images, our proposed method com-

bines functional and anatomical information at each iteration. Furthermore, to

account for locally varying intensity inhomogeneity in the images, we employ a local

correlation coefficient (LCC) image similarity metric [Cachier et al. 2003; Lorenzi

et al. 2013], rather than the standard global criterion, sum of squared differences

(SSD). We compared SUVRs following affine registration and five PET-MR LCC-

demons registration methods, each with a different weighted combination of PET

and MR modalities, including PET-only and MR-only.

The remainder of this chapter is structured as follows: In Section 3.1, the LCC

log-domain demons framework is summarised, and the novel registration algorithm

is outlined. Section 3.2 introduces the PET-MR data set, and describes the pre-

processing steps and template construction. Section 3.3 describes the experiments,

and Section 3.4 compares the PET templates and presents the registration results.

Finally, Section 3.5 discusses the advantages and limitations of the combined non-

linear PET-MR registration method, and concludes this work.

The work in this chapter is based on [Cattell et al. 2014].

3.1 Methods

3.1.1 Local Correlation Coefficient Log-Domain Demons

The log-domain demons algorithm estimates the diffeomorphic transform between

a fixed image F and a moving image M [Vercauteren et al. 2008]. As described

in Chapter 2.2.1, the transformation s is defined as the Lie group exponential map

s = exp(v), where v is a stationary velocity field. The algorithm can be cast as the
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minimisation of a global energy function, consisting of a similarity criterion Sim,

used to measure the resemblance of the aligned images, and a regularisation term

Reg:

E(F,M, c, s) =
1

σ2
i

Sim(F,M, c) +
1

σ2
x

‖ log(s−1 ◦ c)‖2 +
1

σ2
T

Reg(s) (3.1)

where σi accounts for the noise in the image, σx accounts for the spatial uncertainty

of the correspondences, and σT controls the regularisation strength. In order for

the optimisation to be well-posed, [Cachier et al. 2003] introduced an auxiliary

correspondence field c (parameterised by a stationary velocity field vx), to decouple

the minimisation into two simple steps at each iteration: 1) optimisation of the

similarity, given v, and 2) regularisation, given vx.

Using the Baker-Campbell-Hausdorff (BCH) formula to describe the composi-

tion of transformations in the log-domain [Bossa et al. 2007], the coupling term in

Equation 3.1 can be written:

log(s−1 ◦ c) = log(exp(−v) ◦ exp(vx))

= BCH(−v,vx)

= −v + vx +
1

2
[−v,vx] +

1

12
[−v[−v,vx]] +O(‖vx‖2)

= u

(3.2)

where u is the update field. The Lie bracket [−v,vx] represents a velocity field

defined at each point p [Vercauteren et al. 2008]:

[−v,vx] = Jac(−v)(p)vx(p)− Jac(vx)(p)v(p) (3.3)

where Jac(v) represents the Jacobian of the stationary velocity field v.

In practice, the calculations are simplified by using the 0th order approximation

of the BCH expansion u = BCH(−v,vx) ' −v + vx [Lorenzi et al. 2013]. The

log-domain demons algorithm is summarised in Algorithm 3.1.
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Algorithm 3.1 Log-domain demons registration

1: while not converged do

2: Given the current transformation s = exp(v), compute an update field u

3: For fluid-like regularisation, regularise u by convolving with a Gaussian

kernel u← G ∗ u

4: v← BCH(v,u)

5: For diffusion-like regularisation, regularise v by convolving with a Gaussian

kernel v← G ∗ v

6: end while

In the classical form, the choice of single-modality similarity measure is the sum

of squared differences (SSD) between the image intensities at each voxel [Thirion

1998; Vercauteren et al. 2009]. Despite its simple implementation, SSD is a global

criterion and assumes an identity relationship between the image intensities. This

makes it extremely sensitive to the locally varying intensity biases often found in

medical images.

By assuming that the bias distribution is locally uniform, [Cachier et al. 2003]

proposed a local implementation of the correlation coefficient (LCC). The LCC

similarity ρ implicitly estimates the locally linear relationship between the image

intensities, thus accounting for additive and multiplicative bias:

ρ(F,M) =

∫
σ

FM√
F 2 ·M2

(3.4)

where F = Gσ∗F (x) is the local mean image defined by convolution with a Gaussian

Gσ of kernel size σ.

Unlike SSD, the LCC criterion has a parameter which needs to be chosen based

on the application (i.e. the kernel size σ of the Gaussian filter). However, LCC

optimisation fits neatly into the demons registration framework, in contrast to mu-

tual information [Studholme et al. 1996], which requires the estimation of the global

joint intensity histogram of the images. If Sim(F,M ◦ s) is replaced by ρ2(F,M ◦ s)
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in Equation 3.1, the correspondence energy can be written as:

E(F,M) = − 1

σ2
i

ρ2(F,M) +
1

σ2
x

‖u‖2 +
1

σ2
T

Reg(s) (3.5)

Since the inverse transformation s−1 = exp(−v) can be easily acquired in the

log-domain, [Vercauteren et al. 2008] proposed a symmetric registration framework.

Unfortunately, the method is computationally expensive for similarity terms more

complex than SSD. Therefore, [Lorenzi et al. 2013] proposed to symmetrise the

registration framework by optimising in the halfway space, in which the fixed and

moving images are resampled in a single energy term. Given two images F ′ and M ′,

and the symmetric formulation F = F ′ ◦ exp(−v
2
) and M = M ′ ◦ exp(v

2
), [Lorenzi

et al. 2013] showed that optimisation of the energy function with respect to the

update u can be computed:

u = − 2Λ

‖Λ‖2 − 4
ρ2
σ2
i

σ2
x

(3.6)

where

Λ =

(
Gσ ∗ (F∇MT )

Gσ ∗ (FM)
− Gσ ∗ (M∇F T )

Gσ ∗ (FM)
+

Gσ ∗ (F∇F T )

Gσ ∗ (F 2)
− Gσ ∗ (M∇MT )

Gσ ∗ (M2)

)
(3.7)

3.1.2 Combined PET-MR LCC-Demons Registration

In our proposed combined PET-MR registration algorithm, it is assumed that the

pairs of PET and MR volumes for each subject are already rigidly registered. This

may be as a result of hybrid PET-MR image acquisition, or achieved using a regis-

tration algorithm such as FMRIB’s Linear Image Registration Tool (FLIRT) [Jenk-

inson and Smith 2001; Jenkinson et al. 2002]. The non-linear registration of the

PET-MR image pairs is then performed by combining the individual update fields

from single-modality PET to PET and MR to MR LCC-demons registrations at
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each iteration:

u = αuMR + (1− α)uPET, 0 ≤ α ≤ 1 (3.8)

where the relative contribution of each modality can be controlled by varying the

global weighting α. Hence, we modified the LCC log-domain demons algorithm, as

presented in Algorithm 3.2.

Algorithm 3.2 Combined PET-MR LCC log-domain demons registration

1: while not converged do

2: Use Equation 3.6 to compute an update field uMR for the two MR images,

and an update field uPET for the two PET images

3: Use Equation 3.8 to compute the combined update field u

4: For fluid-like regularisation, regularise u by convolving with a Gaussian

kernel u← G ∗ u

5: v← BCH(v,u)

6: For diffusion-like regularisation, regularise v by convolving with a Gaussian

kernel v← G ∗ v

7: Apply the same updated transformation to the MR and PET images

8: end while

3.2 Materials

3.2.1 Alzheimer’s Disease Neuroimaging Initiative Data

Unless otherwise stated, all the data used in this thesis are from the Alzheimer’s

Disease Neuroimaging Initiative (ADNI) online database1. The ADNI was launched

in the USA in 2003, and its main objective has been to test whether clinical assess-

ments, MRI, PET, and other biomarkers can be combined to robustly diagnose AD

and measure the progression of mild cognitive impairment (MCI). The initiative is

1http://adni.loni.usc.edu/
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the result of a collaboration between numerous academic institutions and private

corporations, and subjects have been recruited from 55 sites across the USA and

Canada. The initial goal of ADNI was to recruit 800 subjects, but the original

ADNI was followed by ADNI-GO and ADNI-2. At the time of this thesis, ADNI

have recruited over 1800 participants, aged 50-90, consisting of cognitively normal

individuals, people with early or late MCI, and people with early AD. The base-

line diagnosis for each subject is determined using neuropsychological tests, such as

the Mini-Mental State Exam [Folstein et al. 1975], as well as a general assessment

of cognition by a physician. A summary of the ADNI baseline diagnosis criteria

is presented in Table 3.1. In addition, all subjects must be in good general health,

with no diseases or psychological conditions that could interfere with the study. The

duration of the follow-up depends on the ADNI protocol (ADNI-1, ADNI-GO, or

ADNI-2). All of the ADNI subjects used in this thesis followed the ADNI-2 pro-

tocol [ADNI 2008], which specifies that, in addition to the baseline assessment and

MR and amyloid PET imaging, subjects must undergo clinical and neuropsycholog-

ical assessments every six months, and have a three-dimensional T1-weighted MR

scan (on a 3T scanner using a gradient echo sequence) every 12 months. Moreover,

18F-florbetapir amyloid PET imaging is to be performed every two years from the

baseline, as funding permits.

3.2.2 Data Acquisition and Pre-Processing

For the experiments in this chapter, 38 subjects (19 AD, 19 healthy controls) were

selected from the ADNI database. Each subject had a pair of 18F-florbetapir PET

and T1-weighted MR volumes, acquired no more than 12 months apart. Although

the scans were acquired at multiple sites, all sites followed the same ADNI proto-

col (ADNI-2). Prior to the experiments, the PET volumes were rigidly registered

to their corresponding MR volumes using Statistical Parametric Mapping version

8 (SPM8)2. The whole-head MR and PET volumes were then skull-stripped us-

2http://www.fil.ion.ucl.ac.uk/spm/software/spm8/
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Table 3.1: A summary of the ADNI baseline diagnosis criteria for cognitively normal
(CN) controls, subjects with early and late mild cognitive impairment (MCI), and
subjects with AD [ADNI 2008].

CN Early MCI Late MCI AD

Subject must be
free of memory
complaints

Subject must have
subjective memory
concern

Same as early MCI Same as early MCI

Normal memory
function docu-
mented by scoring
above education
adjusted cutoffs on
the Logical Mem-
ory II test from the
Wechsler Memory
Scale – Revised
[Wechsler 1987]:

Abnormal memory
function docu-
mented by scoring
within the edu-
cation adjusted
ranges on the Logi-
cal Memory II test
from the Wechsler
Memory Scale –
Revised [Wechsler
1987]:

Abnormal memory
function docu-
mented by scoring
below education
adjusted cutoffs on
the Logical Mem-
ory II test from the
Wechsler Memory
Scale – Revised
[Wechsler 1987]:

Same as late MCI

• ≥9 for 16+ years
of education

• ≥5 for 8-15 years
of education

• ≥3 for 0-7 years
of education

• 9-11 for 16+
years of educa-
tion

• 5-9 for 8-15 years
of education

• 3-6 for 0-7 years
of education

• ≤8 for 16+ years
of education

• ≤4 for 8-15 years
of education

• ≤2 for 0-7 years
of education

Mini-Mental State
Exam score be-
tween 24 and 30
(inclusive)

Same as CN Same as CN Mini-Mental State
Exam score be-
tween 20 and 26
(inclusive)

Clinical dementia
rating = 0

Clinical dementia
rating = 0.5

Same as early MCI Clinical dementia
rating = 0.5 or 1.0

Cognitively normal
based on an absence
of significant im-
pairment in cogni-
tive function or ac-
tivities in daily life

General cognition
and function suf-
ficiently preserved
such that a diag-
nosis of AD cannot
be made by the
physician

Same as early MCI Fulfils the criteria
for probable AD
in [McKhann et al.
1984]
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ing a mask constructed from the tissue segmentations of the MR images (obtained

using SPM8 [Ashburner and Friston 2005]). Finally, using FSL’s FLIRT software

[Jenkinson and Smith 2001; Jenkinson et al. 2002], the MR brain volumes were

affinely registered to the Montreal Neurological Institute (MNI) space. The result-

ing transformations were applied to the 18F-florbetapir brain volumes. The three

pre-processing steps are summarised in Figure 3.1.

3.2.3 Template Construction

The use of an exemplar subject as the template could introduce a bias towards either

the diseased or cognitively normal groups. Therefore, in an attempt to reduce this

bias, an MR template was created iteratively from five MR brain volumes from AD

patients and five healthy MR brain volumes, selected at random from the set of 38

subjects. The template construction algorithm, originally proposed by [Guimond

et al. 2000], is summarised in Algorithm 3.3.

Algorithm 3.3 MR template construction

1: given reference image IR, and set of N images I1, . . . , IN

2: Transform the intensities of Ii to be in the intensity range of IR.

3: Affinely register each Ii to IR to obtain the affine transformations Ai.

4: repeat

5: Non-linearly register each Ii to IR using Ai as the initial transformation.

This provides registered images I ′i and transformations si.

6: Compute the mean registered image Ī ′ = 1
N

∑
I ′i.

7: Compute the mean transformation s̄ = 1
N

∑
si.

8: Apply s̄−1 to Ī ′ to obtain the anatomical average model IT .

9: IR ← IT

10: until convergence

Since the MR brain volumes were affinely registered to MNI space during pre-

processing, the initial reference image IR was chosen to be the non-linear MNI152
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SPM8 (rigid)

(a)

SPM8

(b)

FLIRT (affine)

(c)

Figure 3.1: Prior to the experiments, the PET and MR volumes underwent three
pre-processing steps: (a) Using SPM8, the PET volumes were rigidly registered to
the corresponding MR volumes in subject space. (b) The MR and PET volumes
were skull-stripped using a mask constructed from the MR tissue segmentations
(obtained using SPM8). (c) The MR brain volumes were affinely registered to MNI
space using FLIRT. The resulting transformations were applied to the corresponding
PET brain volumes (dashed line).
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template available in FSL. More specifically, this MR template is known as the

6th generation non-linear MNI-ICBM152 average brain [Grabner et al. 2006]. The

original log-domain demons registration algorithm [Vercauteren et al. 2008] was used

to non-linearly register the images Ii to the reference (see line 5 in Algorithm 3.3).

Axial slices from the final MR template are shown in Figure 3.2(a).

To create the PET template, the spatially normalised PET volumes correspond-

ing to the ten subjects used to generate the MR template were transformed into

the template space using the deformation fields s from the final iteration of the MR

template construction. The registered PET volumes were then averaged to form

the mean registered PET volume. The final amyloid PET template was created by

applying the inverse of the mean MR deformation field s̄ to the mean registered

PET volume. The PET template construction process is summarised in Algorithm

3.4. Axial slices from the PET template are shown in Figure 3.2(b).

Algorithm 3.4 Real PET template construction

1: given set of N PET images I1 . . . IN co-registered with the corresponding

individuals’ MR images, and transformations s1 . . . sN used to transform

the MR images into template space

2: for i = 1 to N do

3: Apply transformation si to Ii to obtain a PET image in template space I ′i.

4: end for

5: Compute the mean registered PET image Ī ′ = 1
N

∑
I ′i.

6: Compute the mean MR transformation s̄ = 1
N

∑
si.

7: Apply s̄−1 to Ī ′ to obtain the anatomical average real PET template IT .

During the pre-processing of the data, the PET volumes were rigidly registered to

their corresponding MR volumes. Consequently, any errors in the rigid registrations

would be propagated into the PET template construction, which in turn could bias

the combined PET-MR registration, since the two templates would not be perfectly

aligned. Therefore, to ensure an unbiased starting point for the combined PET-

MR registration, we also evaluated a synthetic PET template constructed from the
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(a)

(b)

(c)

Figure 3.2: (a) Axial slices from the iterative MR template. (b) The correspond-
ing slices from the PET template constructed from 18F-florbetapir data (real PET
template). (c) The corresponding axial slices from the synthetic PET template.
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MR template. Similarly to [Peyrat et al. 2012], the synthetic PET template was

created by heuristically combining the MR template tissue segmentations (obtained

using SPM8) with different weighting factors, such that the synthetic PET template

resembled an amyloid PET image. Axial slices from the synthetic PET template are

shown in Figure 3.2(c). To avoid confusion between the synthetic PET template and

the template constructed from actual 18F-florbetapir data, the latter will henceforth

be called the real PET template.

3.3 Experiments

3.3.1 Affine and Non-Linear Registration

The MR volumes of the 28 subjects excluded from the template creation were affinely

registered to the MR template using FLIRT [Jenkinson and Smith 2001; Jenkinson

et al. 2002]. The resulting transformations were then applied to the corresponding

PET volumes.

Starting with the affinely registered images, five separate PET-MR LCC log-

domain demons registrations were conducted for each of the 28 subjects: α = 0

(equivalent to PET to PET registration), α = 1 (equivalent to MR to MR regis-

tration), and α = {0.25, 0.5, 0.75} for the proposed combined PET-MR registration

algorithm (with increasing influence of the MR volumes).

In [Lorenzi et al. 2013], the LCC demons registration method was successfully

used to register pairs of MR volumes. Since the registration framework proposed

in this chapter combines the individual updates of simultaneous single-modality

LCC log-domain demons registrations, we used the registration parameters from

[Lorenzi et al. 2013] to compute the update uMR for the MR images: σLCC = 5 and

σi/σx = 0.05. To date, the LCC demons registration method has not been used to

register PET brain volumes. Therefore, in the absence of established parameters for

PET registration, we used the same parameters to compute both uPET and uMR.

Despite not being optimised for our combined PET-MR registration framework, we
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used the regularisation parameters and number of iterations from [Lorenzi et al.

2013]: σfluid = 0.5 and σdiffusion = 1.5, with a multi-resolution, multi-scale scheme of

30×99×10 iterations (coarse to fine).

To assess the effect of the real and synthetic PET templates on the registration

results, all the PET-MR registration experiments were repeated using both PET

templates.

3.3.2 Dice Overlap

To assess the performance of the different registration methods, an overlap agree-

ment measure was used to evaluate how well anatomical regions were registered to

one another. The Dice coefficient (also know as the Dice similarity index) quantifies

where region labels in the fixed and moving volumes agree or disagree [Zijdenbos

et al. 1994]:

d = 2

∑
r |Fr ∩Mr|∑

r(|Fr|+ |Mr|)
(3.9)

where, in this equation, Mr refers to a transformed region label from the moving

image, and Fr refers to the corresponding region label from the fixed image.

The standard cortical regions in native subject space were created automatically

using an independent and established registration method. To achieve this, SPM8

was used to perform non-linear registration of each whole-head MR volume (in native

subject space) to MNI space. The resulting inverse deformation fields were used to

resample the Automatic Anatomic Labelling (AAL) atlas regions [Tzourio-Mazoyer

et al. 2002] to native subject space. Following this procedure, any transformations

applied to the MR brain volumes (e.g. those described in Sections 3.2.2 and 3.3.1)

were also applied to the corresponding atlas. The MR template atlas was con-

structed by taking the deformed atlases of the subjects comprising the template,

and combining them using a majority vote rule at each voxel [Heckemann et al.

2006]. The final MR template atlas is shown in Figure 3.3.

For each registration method, Dice coefficients were calculated between the MR
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Figure 3.3: Axial, sagittal, and coronal slices of the MR template atlas overlaid on
the corresponding slices from the MR template.

template atlas and each of the deformed subject atlases. Paired t-tests were per-

formed between the Dice coefficients of each registration method and every other

method. The results were subjected to Bonferroni correction to determine which

pairs of registration methods achieved mean Dice coefficients that were significantly

different from one another.

3.3.3 Amyloid PET Quantification

Following the registrations, SUVRs were computed from the ratio of 18F-florbetapir

retention in regions of interest to the cerebellum. The six cortical regions were

shown to have prominent uptake of Aβ in AD versus control [Fleisher et al. 2011]:

medial orbital frontal, parietal, temporal, precuneus, anterior cingulate and posterior

cingulate. In this work, the target and reference regions were based on the AAL atlas

regions in MNI space [Tzourio-Mazoyer et al. 2002], and manually dilated/eroded

so they were visually similar to those presented in [Fleisher et al. 2011; Hutton et al.

2015]. The SUVR regions were transformed from their native MNI space to better

fit the synthetic PET template, by applying the transformation obtained from the

registration of the MNI152 MR average brain to the MR template using SPM8. The

final SUVR regions used in this work are presented in Figure 3.4.

In order to best distinguish between patients with AD and healthy individuals

using SUVRs, one would expect a large difference in mean SUVR between the two

groups, and a small variance for each group. Therefore, using the SUVRs acquired
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Figure 3.4: The target and reference regions used to calculate the mean SUVR. The
six cortical regions shown to have prominent uptake of Aβ in AD versus control are:
medial orbital frontal (green), parietal (cyan), temporal (magenta), precuneus (pur-
ple), anterior cingulate (red) and posterior cingulate (blue). The reference region is
the cerebellum (yellow).

from the registered amyloid PET images, the SUVR means and standard deviations

were calculated for each group. Welch’s t-test, which allows for different standard

deviations for each group, was then used to test whether the population means were

different. For this application, the t statistic in Welch’s t-test was defined:

t =
SUVRAD − SUVRHC√

σ2
AD

nAD
+

σ2
HC

nHC

(3.10)

where the subscript denotes the patient group (AD or healthy control), and SUVR,

σ2, and n are the mean SUVR, sample variance, and sample size, respectively. A

large t statistic implies that there is a large difference in mean SUVR between the

AD and control groups, and a small standard deviation for each group. Conse-

quently, a large t statistic suggests that the SUVRs obtained following registrations

by a particular method are well suited to distinguishing between populations of AD

patients and cognitively normal controls.

3.4 Results

3.4.1 Visual Assessment of the Templates

In this chapter we have proposed a method for simultaneously registering PET and

MR volumes to a template space for SUVR calculation. In addition to comparing
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(a) (b) (c)

Figure 3.5: Example axial slice from the (a) MR template, (b) the real PET tem-
plate, and (c) the synthetic PET template. In the zoomed-in regions, the outline of
the ventricles from the MR template is superimposed (shown in red) on the ventri-
cles of all three templates. The ventricles of the real PET template do not exactly
match the ventricles of the MR template, as low tracer uptake is visible outside of
the red boundary (yellow arrows).

our combined PET-MR registration method to non-linear single-modality registra-

tion methods, we also compared the effect of using a real PET template and a

synthetic PET template on the PET-MR registration accuracy and subsequent SU-

VRs. Figure 3.5 compares a corresponding axial slice of the MR template, real PET

template, and synthetic PET template. The outline of the ventricles in the MR

template is superimposed (shown in red) on the ventricles of all three templates in

the zoomed-in region. The ventricles of the real PET template do not exactly match

the ventricles of the MR template, as areas of low tracer uptake are visible outside

of the red ventricle boundary. This is highlighted by the yellow arrows in Figure

3.5(b). In contrast, the MR-derived synthetic PET template is, by construction,

perfectly registered to the MR template.

3.4.2 Registration Results Using the Real PET Template

Figure 3.6 shows the registration results for the AD patients that achieved the

smallest and largest range of Dice coefficients across the six registration methods
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(a)

(b)

Figure 3.6: Sample axial slices from the volumetric registration results for the AD
subjects that achieved (a) the smallest and (b) the largest range of Dice coefficients
across the six registration methods using the real PET template. The middle two
rows of each sub-figure show the corresponding axial slice from the deformed PET
and MR volumes, respectively. The top and bottom rows of each sub-figure show
a close-up of the region highlighted by the red box, with the outline of the MR
template ventricles superimposed in red. In (a) the α = 0 registration method
exhibits poor registration in the frontal lobe compared to the other methods, since
the gyri are unnaturally stretched. In (b), the non-linear registration methods show
improved registration results compared to the affine method, since the registered
ventricles better match the MR template ventricle outline.
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(a)

(b)

Figure 3.7: Sample axial slices from the volumetric registration results for the
healthy controls that achieved (a) the smallest and (b) the largest range of Dice
coefficients across the six registration methods using the real PET template. The
middle two rows of each sub-figure show the same axial slice from the deformed
PET and MR volumes, respectively. The top and bottom rows of each sub-figure
show a close-up of the region highlighted by the red box, with the outline of the MR
template ventricles superimposed in red. In both sub-figures, the non-linear regis-
tration methods show improved registration results compared to the affine method,
since the registered ventricles better match the MR template ventricle outline.
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using the real PET template. The equivalent results for the healthy controls are

presented in Figure 3.7. In Figures 3.6(b) and 3.7 the non-linear registration meth-

ods (α = {0, 0.25, 0.5, 0.75, 1}) show improved registration compared to the affine

method. This is highlighted by the close-up regions in the figures, where the ventri-

cles in the non-linearly registered MR images more closely match the ventricles of

the MR template (superimposed in red) than the ventricles in the affinely registered

MR images. In Figure 3.6(a), the non-linear PET to PET (α = 0) registration

method exhibits poor registration in the frontal lobe compared to the other non-

linear methods. The α = 0 registered PET image shows that the tracer uptake in

the white matter has been over-stretched, leading to a distortion visible in the MR

image. This effect decreases as the contribution of the PET modality decreases (i.e.

as α increases).

3.4.3 Registration Results Using the Synthetic PET Tem-

plate

Figure 3.8 presents the registration results for the AD patients that achieved the

smallest and largest range of Dice coefficients across the six registration methods

using the synthetic PET template. These are the same AD patients as shown in Fig-

ure 3.6. Once again, the non-linear registration methods (α = {0, 0.25, 0.5, 0.75, 1})

demonstrate improved registration in the ventricles compared to the affine registra-

tion method, since the registered ventricles better match the MR template ventricle

outline (overlaid in red in the zoomed-in regions).

Figure 3.9 shows the registration results for the healthy controls that achieved

the smallest and largest range of Dice coefficients across the different registration

methods using the synthetic PET template. The same healthy control is shown in

Figures 3.7(a) and 3.9(a), but the subject presented in Figure 3.9(b) is different to

the subject in Figure 3.7(b). Identically to Figures 3.6(b), 3.7, and 3.8, the zoomed-

in regions in Figure 3.9(a) indicate that the non-linear registration methods show

improved registration compared to the affine registration method. Once again, the
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affinely registered ventricles do no match the outline of the ventricles from the MR

template.

Similarly to Figure 3.6(a), the PET to PET (α = 0) registration method in

Figure 3.9(b) exhibits poor registration in the frontal brain area compared to the

other methods. This is demonstrated in the close-up regions, where it is clear that

the gyri are unnaturally stretched.

3.4.4 Registration Accuracy

Figure 3.10 shows the distributions of Dice coefficients for each registration method.

For comparison, the results acquired using the synthetic PET template are shown in

blue, and the results from the real PET template are shown in red. As expected, the

median Dice coefficient for the affine registration method (0.72) was smaller than

the median Dice coefficients of the non-linear methods. Moreover, the paired t-tests

on the overlap measures showed that all of the non-linear registration methods –

except the α = 0 method using synthetic template – resulted in significantly higher

mean Dice coefficients than the affine method (p < 0.01, corrected).

For both the real and synthetic PET templates, the median Dice coefficient

for the non-linear registration methods increased with increasing α. The α = 0

registration method using the synthetic PET template resulted in the lowest median

Dice coefficient of all the non-linear methods (0.74). Furthermore, the mean Dice

coefficients for the α = 0 and α = 0.25 registration methods were significantly lower

using the synthetic PET template compared to the real PET template (p < 0.01).

This is indicated by the ? symbol in Figure 3.10. In contrast, the α = 1 registration

method and both α = 0.75 registration methods achieved the same, highest median

Dice coefficient (0.84) and the same interquartile range (0.02).

The affine registration method resulted in the largest interquartile range (0.05),

while the α = 0.5 PET-MR registration method using the synthetic template had the

smallest interquartile range (0.01). Although the interquartile range of the α = 0.5

registration method was smaller for the synthetic PET template than the real PET
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(a)

(b)

Figure 3.8: Sample axial slices from the volumetric registration results for the AD
subjects that achieved (a) the smallest and (b) the largest range of Dice coefficients
across the six registration methods using the synthetic PET template. The middle
two rows of each sub-figure show the same axial slice from the deformed PET and
MR volumes, respectively. The top and bottom rows of each sub-figure show a close-
up of the region highlighted by the red box, with the outline of the MR template
ventricles superimposed in red. In both sub-figures, the non-linear methods show
improved registration in the ventricles compared to the affine registration method,
since the registered ventricles better match the MR template ventricle boundary.
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(a)

(b)

Figure 3.9: Sample axial slices from the volumetric registration results for the
healthy controls that achieved (a) the smallest and (b) the largest range of Dice
coefficients across the six registration methods using the synthetic PET template.
The middle two rows of each sub-figure show the same axial slice from the deformed
PET and MR volumes, respectively. The top and bottom rows of each sub-figure
show a close-up of the region highlighted by the red box, with the outline of the MR
template ventricles superimposed in red. In (a), the non-linear registration meth-
ods show improved registration results compared to the affine registration method,
since the registered ventricles better match the MR template ventricle boundary.
In (b), the α = 0 registration method exhibits poor registration in the frontal lobe
compared to the other methods, since the white matter is over-stretched.
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Figure 3.10: Distributions of overlap measure by registration method. For compar-
ison, the Dice coefficients from the synthetic PET template are shown in blue, and
the overlaps from the real PET template are shown in red. The ? symbols denote
methods for which there was a significant difference in Dice coefficients between the
synthetic and real PET templates (p < 0.01). The box and whisker plots show the
Dice coefficients between the deformed image labels and the MR template labels,
averaged over all regions in the label set, and over all subjects. Each box has lines
at the lower quartile, median, and upper quartile. The whiskers extend from each
edge of the box to the most extreme values within 1.5 times the interquartile range
from the box. Outliers (+) have values beyond the ends of the whiskers.

template (0.01 and 0.03, respectively), the median Dice coefficient was higher for

the real PET template (0.83 and 0.82, respectively).

The paired t-tests on the Dice coefficients of the non-linear registration methods

using the synthetic PET template showed that the mean Dice coefficients were all

significantly different from one another (p < 0.01, corrected). Similarly, for the real

PET template, all pairs of mean Dice coefficients were significantly different from

one another (p < 0.01, corrected).

3.4.5 Standardised Uptake Value Ratio

Table 3.2 presents the mean SUVR of each subject group (AD or cognitively normal

controls) for each registration method, as well as the corresponding t statistic from
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Welch’s t-test, which was used to assess the ability of the SUVRs to discriminate be-

tween the subject populations. A large t statistic suggests that the SUVRs acquired

following registrations by a particular method are well suited to distinguishing be-

tween groups of AD patients and healthy controls. The results for the affine and

α = 1 registration methods are identical across both PET templates because they

are not influenced by the PET template.

As expected, for both PET templates, the AD group had a significantly higher

mean SUVR than the control group across all registration methods (p < 0.01). The

standard deviation of the mean SUVRs was also higher for the AD group across all

of the registration methods tested. The non-linear PET to PET (α = 0) registra-

tion method consistently achieved the smallest standard deviation of mean SUVRs.

However, for both PET templates, it resulted in the smallest absolute difference be-

tween the subject groups (0.31 and 0.32, respectively). Despite achieving the largest

absolute difference in mean SUVR between the subject groups (0.38), the MR to MR

(α = 1) registration resulted in the largest standard deviation for the AD patients

(0.29), and the second largest standard deviation for the healthy controls (0.20).

Three registration methods, all using the synthetic PET template, obtained the

same, highest t statistic (4.08): PET to PET (α = 0), and the combined PET-MR

registration methods with α = 0.25 and α = 0.5. Although the α = 0 and α = 0.25

registration methods achieved a lower t statistic using the real PET template (4.02

and 4.05, respectively), the α = 0.5 registration method also achieved the highest t

statistic using the real PET template (4.07). Furthermore, the combined PET-MR

registration method with α = 0.75 resulted in the same t statistic for both PET

templates (4.07).
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Table 3.2: Mean (standard deviation) SUVR for both subject groups (AD and
healthy controls), and the t statistic by registration method: affine, PET to PET
(α = 0), proposed combined PET-MR (α = {0.25, 0.5, 0.75}), and MR to MR
(α = 1). The results for the affine and α = 1 registration methods are identical
across both PET templates because they are not influenced by the PET template.
The best results for each PET template are highlighted in bold.

PET template Affine α = 0 α = 0.25 α = 0.5 α = 0.75 α = 1
SUVR AD real 1.49 1.45 1.45 1.46 1.47 1.48

(0.28) (0.23) (0.24) (0.25) (0.27) (0.29)
synthetic 1.49 1.45 1.46 1.47 1.47 1.48

(0.28) (0.24) (0.24) (0.26) (0.27) (0.29)
SUVR HC real 1.12 1.14 1.13 1.12 1.11 1.10

(0.21) (0.18) (0.18) (0.19) (0.20) (0.20)
synthetic 1.12 1.13 1.13 1.12 1.11 1.10

(0.21) (0.17) (0.18) (0.19) (0.20) (0.20)
t statistic real 4.00 4.02 4.05 4.07 4.07 4.04

synthetic 4.00 4.08 4.08 4.08 4.07 4.04

3.5 Discussion

3.5.1 Visual Comparison of PET Templates

Figure 3.5 shows that the real PET template does not exactly match the MR tem-

plate. This result was expected, and is one of the main arguments in favour of using

an MR-derived synthetic PET template. The reason for the differences between the

real PET template and the MR template can probably be attributed to the pre-

processing of the data. Small misregistrations in the PET to MR rigid registration

during the pre-processing steps would have been propagated into the MR and real

PET template construction (yellow arrows in 3.5). These differences do not exist

in the MR-derived synthetic PET template. Moreover, the nature of amyloid PET

imaging and the noise in the images mean that the images lack sharp edge-type

features. As a result, the boundary between the ventricles and white matter in the

MR image might not exactly match the same boundary in the amyloid PET image,

even if the two images were accurately registered. This effect would be compounded

by the number of images used to create the MR and real PET templates, leading to

the observed mismatch between them.

There are numerous factors and parameters involved in the creation of both PET
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templates that were not explored in this work. For example, the relative weightings

of the MR tissues used to create the synthetic PET template could have been varied,

or the number of subjects used to construct the real PET template could have been

altered. The development of an optimal PET template is an area of research in its

own right, and beyond the scope of this work. For that reason, we chose to only

compare a single instance of a synthetic and real PET template. Moreover, the real

and synthetic PET templates used in this chapter achieved adequate registration

results, such that variations were not considered.

3.5.2 Registration Quality

Visual assessment of the results presented in Figures 3.6-3.9 suggests that non-linear

registration methods show improved registration compared to the affine method.

This assessment is confirmed by the distributions of overlap measures in Figure

3.10, because the median Dice coefficients of the non-linear registration methods

are all higher than the median Dice overlap of the affine method. A further visual

assessment of the results presented in Figures 3.6(a) and 3.9(b) also suggests that

the PET to PET (α = 0) registration methods resulted in poorer registrations

than the other non-linear methods, since the white matter was over-stretched. The

distributions of the Dice coefficients, presented in Figure 3.10, further support this

assessment, because for both the real and synthetic PET templates, the PET to PET

(α = 0) registration method resulted in the lowest median Dice coefficient (0.77 and

0.74, respectively), and largest interquartile range (0.03 and 0.04, respectively), of

all the non-linear methods. Nevertheless, for α = 0 and α = 0.25, registrations using

the real PET template resulted in significantly higher Dice coefficients (p < 0.01)

and smaller interquartile ranges than the registrations involving the synthetic PET

template. These results suggest that if MR images are unavailable, the real PET

template may provide more accurate registrations than the synthetic PET template.

Figure 3.10 also shows that the median Dice coefficient increases with increasing

contribution of the MR volume during registration, before plateauing at α = 0.75.
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The combined PET-MR registration method with α = 0.75 achieved the same,

highest median Dice coefficient for both PET templates (0.84, equal with the α = 1

method). Furthermore, the α = 0.5 method using the synthetic PET template re-

sulted in the lowest interquartile range (0.01). This may be due to the functional

information acting as a spatially varying regulariser on the log-domain demons up-

dates.

One reason for the α = 0 method resulting in relatively poor Dice coefficients

compared to the other non-linear registration methods is highlighted by the zoomed-

in region in Figures 3.6(a) and 3.9(b). For some subjects, the α = 0 method ex-

hibited poor registration in the frontal lobe. This could be due to strong contrast

between the grey and white matter in the amyloid PET scans of those subjects. If

the PET template does not have clear grey-white matter contrast, the white matter

of 18F-florbetapir PET brain volumes will be deformed to match the strong con-

trast at the brain edge. This is plainly visible in the axial PET slice for the α = 0

registration method in Figures 3.6(a) and 3.9(b); strong contrast between the grey

and white matter can be observed in the frontal lobe of the affinely registered image

(highlighted by the zoomed-in regions), but the high tracer uptake in the white mat-

ter is stretched to fit the edge of the brain in the PET to PET (α = 0) case. This

problem decreases as the influence of the MR modality increases, suggesting that

the MR images influence the registration such that unnatural deformations cannot

occur.

An amyloid negative PET scan exhibits more tracer uptake in white matter

than in grey matter, creating clear grey-white matter contrast. Therefore, since the

amyloid PET scans of cognitively normal controls are more likely to be classified

as amyloid negative, unnatural deformations of the white matter, such as those in

Figure 3.9(b), are less surprising. However, stretched white matter is surprising

for AD patients, which are more likely to have an amyloid positive scan that lacks

grey-white matter contrast. A visual assessment of the amyloid PET scan in Figure

3.6(a) suggests that the subject is amyloid negative, despite having an AD diagnosis
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in the ADNI database. Discord between clinical diagnoses and 18F-florbetapir in-

terpretations has been recorded in the literature [Frey 2015], and this could explain

why the gyri in Figure 3.6(a) are distorted.

Other than using a combined PET-MR registration approach to reduce unnat-

ural deformations during the registration process, another possible solution to this

problem is to increase the regularisation during the α = 0 registration. This would

prevent the brain volume from being deformed unrealistically, but could result in

poor registration if large deformations are required. Alternatively, a spatially vary-

ing regularisation approach could be employed, in order to specifically limit the

deformation in particular brain regions. The registration parameters used in this

chapter were same as those used in [Lorenzi et al. 2013]. In that work, the LCC

log-domain demons framework was used to register MR brain volumes to other MR

brain volumes. Therefore, there is no guarantee that parameters suited to MR to

MR registration are appropriate for PET registration.

Another potential solution would be to use an adaptive PET template, as sug-

gested by [Lundqvist et al. 2013]. The authors recognised that registering amyloid

scans with different patterns of tracer uptake to the same template could produce

poor registration results. To overcome this problem, [Lundqvist et al. 2013] proposed

to select an appropriate template on a continuous scale from an extreme amyloid

negative scan to an extreme amyloid positive scan. To avoid having to select the

most appropriate template prior to registration, the template is automatically gen-

erated during the registration process.

3.5.3 SUVR Separation

Due to the large variation in elderly brains, and differences in the progression of

AD, a range of SUVRs is expected in both groups. Nevertheless, the mean SUVRs

(and standard deviations) in this work fall within the ranges reported in [Fleisher

et al. 2011] and [Hutton et al. 2015]. Furthermore, the non-linear registration meth-

ods exhibited smaller standard deviations than the affine method for the healthy
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controls, suggesting more precise SUVRs. A similar trend was observed for the

α = {0, 0.25, 0.5, 0.75} registration methods for the diseased population.

To best distinguish between populations of AD patients and healthy controls,

one would expect a large difference in mean SUVR between the groups, and a small

standard deviation for each group. Despite the relatively poor registration results

compared to the other non-linear methods, the PET to PET (α = 0) registration

method achieved the smallest standard deviation for the diseased subjects and the

healthy controls for both PET templates. However, as reported in Section 3.4.5, the

α = 0 registration method resulted in the smallest difference in the mean SUVRs of

the two subject groups. Conversely, the MR to MR (α = 1) method achieved the

largest standard deviations of all the non-linear registration methods (AD: 0.29, and

healthy controls: 0.20), but exhibited the largest difference in mean SUVR between

the two populations (0.38). This suggests that a combined PET-MR registration

method could be a good compromise between a large difference in mean SUVR

and a small standard deviation. This is reflected in Table 3.2, where the combined

PET-MR registration methods with α = {0.25, 0.5, 0.75} exhibit consistently high

t-values. Moreover, the α = 0.5 registration method achieved the highest t statistic

for both the real and synthetic PET templates. This indicates that a combined PET-

MR registration method could be well suited to discriminate between populations

of healthy individuals and AD patients.

The mean SUVRs and standard deviations presented in Table 3.2 are very similar

for both PET templates, indicating that SUVR is robust to the choice of template.

Nevertheless, when using the real PET template, the α = {0, 0.25, 0.5} registration

methods resulted in slightly different mean SUVRs than when using the synthetic

PET template. Consequently, these methods have lower t statistics for the real

PET template compared to the synthetic PET template. This suggests that for

small values of the modality weighting parameter α, using the synthetic PET tem-

plate to drive the registration may result in mean SUVRs that are more capable of

distinguishing between groups of AD patients and healthy controls.
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3.5.4 Methodological Considerations

In an attempt to sample close to the optimum global modality weighting, we eval-

uated our proposed PET-MR registration method with five different weightings

α = {0, 0.25, 0.5, 0.75, 1}. However, it is possible that the optimal modality weight-

ing is spatially varying. Therefore, in Chapter 4, we will extend our current method

to include a locally adaptive modality weighting.

The pre-processing methods applied in this work could also have had an effect on

the non-linear registration results, especially the methods with little or no influence

from the MR modality. In the first stage of pre-processing, the PET images were

rigidly registered to their corresponding MR volumes (see Figure 3.1(a)). Secondly,

as described in Section 3.3.1, the affinely registered PET volumes were created by

affinely registering the MR volumes to the MR template, and applying the resulting

transformations to the corresponding PET volumes. These two steps potentially

introduce errors into the affinely registered PET images used as the starting points

for the non-linear registrations. Affinely registering the PET volumes to the tem-

plate space directly, rather than using an MR-based transformation, would result

in different starting points for the non-linear PET to PET (α = 0) registrations.

In turn, this could improve the quality of the non-linear PET to PET registration

results.

Closer inspection of the Dice coefficients of individual brain regions revealed that

the relatively poor PET to PET (α = 0) registration was not limited to the frontal

lobe. The largest differences in overlap measure between the α = 0 registration

methods and every other non-linear method were found in the cerebellum, specif-

ically in the “cerebellum 7b L” and “cerebellum 7b R” AAL regions (labels 9051

and 9052, respectively). These regions are small (see Figure 3.11); combined, they

occupy just 6.8cm3 of the total brain volume, which measures over 1900cm3. Conse-

quently, a small misregistration could have a profound effect on the Dice coefficient

in these regions. Since all of the regions in the brain atlas carry the same weight in

the mean Dice coefficient, poor overlap in small regions, due to slight misregistration,
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Figure 3.11: The largest differences in Dice coefficient between the α = 0 registration
method and every other non-linear method were found in the “cerebellum 7b L”
(red) and “cerebellum 7b R” (blue) regions (AAL labels 9051 and 9052, respec-
tively). To help the reader localise the regions within the brain, the dashed green
lines on each image plane show the positions of the other two image planes.

could have a substantial impact on the overall overlap measurement.

In this work, the cortical region atlases used to compute the Dice coefficients

were created by registering the AAL template (in MNI space) to subject space.

Due to errors in these registrations, it is unlikely that the subject atlases will be as

accurate as expertly delineated cortical regions. As a consequence, there may be a

systematic error in the Dice coefficients presented in Figure 3.10. However, although

the true Dice coefficients may differ from the values in this chapter, the trend in the

results is still valid, since the same atlases were used to evaluate the quality of all

of the registration methods.

Finally, in this chapter we used SUVR to provide a quantitative measure of

brain amyloid burden. However, since amyloid plaque pathology can be found in

cognitively normal controls, using SUVRs to discriminate based on clinical status

of AD should be viewed with caution [Wolk et al. 2012]. Moreover, in a clinical

setting, amyloid PET imaging should not be used to establish a diagnosis of AD,

and must only be used as an adjunct to other diagnostic evaluations [Amyvid 2012].

Although we used the mean SUVR to distinguish between populations of AD pa-

tients and healthy controls, the values were used to assess the differences between the

registration methods, and not to provide a clinical diagnosis of individual subjects.
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3.5.5 Conclusion

In this chapter, we proposed a novel combined PET-MR registration method, using

a weighting between single-modality updates within the LCC log-domain demons

framework. Our proposed method is able to exploit all of the available data, and the

results suggest that our method can perform at least as well as the single-modality

registration methods with regards to registration accuracy. Furthermore, our re-

sults also indicate that the mean SUVRs acquired using our combined PET-MR

registration method may be more suitable for distinguishing between populations

of AD patients and healthy controls than SUVRs obtained using single-modality

registration methods. We also assessed the effect of using a synthetic PET tem-

plate, as well as a PET template constructed from real 18F-florbetapir data, during

registrations of amyloid PET volumes to a template space. We demonstrated that

for small values of α, where PET is the dominant modality in the PET-MR regis-

tration process, the real PET template can achieve significantly higher registration

accuracy than the synthetic PET template. However, the SUVRs obtained using

the PET-MR registration method with the synthetic PET template may be better

suited to discriminating between groups of healthy controls and AD subjects than

those acquired using the real PET template.

In the next chapter we will extend our proposed PET-MR registration method

by posing the registration framework as the minimisation of a single energy function.

Moreover, the choice of the weighting parameter α is further assessed, by examining

a spatially varying modality combination on a larger validation data set. The aim

of the next chapter is to assess the robustness of SUVR calculation to the registra-

tion method used to align the amyloid PET volumes to the template. To evaluate

this, we will compare the classification accuracy of SUVRs obtained using differ-

ent registration methods when used to classify subjects as AD patients or healthy

controls.
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Chapter 4

The Effect of Registration on

SUVR

The primary aim of Chapter 3 was to investigate the potential of using joint-modality

image information during registration of PET volumes to a template. The results

in Chapter 3 demonstrated that, for the purpose of separating populations of AD

patients and healthy controls using SUVR, it may be beneficial to register the PET

volume to a template space using a joint-modality approach that combines infor-

mation from both PET and MR images. Nevertheless, the improvements of the

combined modality registration method over single-modality methods (in terms of

population separation) were small; SUVRs appeared to be robust to the type of

PET template (synthetic vs real) and the choice of registration method. Never-

theless, the previous work was conducted on a small data set (only 28 subjects),

and therefore, we revisit the experiments in this chapter using a larger collection of

subjects. Moreover, the combined PET-MR registration method used in Chapter 3

had no rigorous mathematical foundation; the framework relied on a weighted com-

bination of updates from two, separate single-modality demons registrations. This

might have affected the convergence of the registration method, and ultimately, the

composite SUVR.

The aim of this chapter is to assess the robustness of SUVR to the registra-
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tion method used to align the PET volume to the template space. We compare

PET-based and MR-based non-linear registration methods for amyloid PET quan-

tification, and investigate the influence of joint-modality PET-MR registration on

the final SUVR. To achieve this, we extend the combined PET-MR LCC-demons

registration algorithm from Chapter 3 by introducing a dual-modality cost function.

Similarly to Chapter 3, the contribution of each modality to the registration process

is controlled by a weighting parameter. We further extend the method to allow for

a locally adaptive modality weighting (LAMW) that selects from a set of weighting

factors the best combination of PET and MR to yield the maximum LCC at each

voxel. Following affine and non-linear registrations, cortex-to-cerebellar SUVRs were

calculated in 100 subjects (50 AD, 50 healthy controls) from the ADNI database,

and compared across the different registration methods. In addition to testing the

LAMW method, five separate weightings of modality contributions (ranging from

PET-only to MR-only) were investigated.

The remainder of this chapter is structured as follows: In Section 4.1 the update

field of the joint-modality registration is derived from a dual-modality cost function,

and the LAMW method is introduced. Section 4.2 gives details about the data

set and the template selection. Sections 4.3 and 4.4 present the experiments and

results, respectively. Finally, Section 4.5 discusses the effect of PET-based versus

MR-based versus joint-modality registration for amyloid PET quantification, and

concludes this work.

The work in this chapter is based on [Cattell et al. 2015].

4.1 Methods

4.1.1 Dual-Modality Cost Function

Unlike the PET-MR registration method in Chapter 3, which combined separate

single-modality LCC demons registration updates at each iteration, the following

registration method is framed more mathematically. Given a pair of PET and MR
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volumes, the energy function from [Lorenzi et al. 2013] (see Equation 3.5) is extended

to allow for two modalities:

E = − α

σ2
iM

ρ2(u, F ′M ,M
′
M)− 1− α

σ2
iP

ρ2(u, F ′P ,M
′
P ) +

1

σ2
x

‖u‖2 (4.1)

where α controls the relative contribution of each modality, σi accounts for the noise

in the image, σx accounts for the spatial uncertainty of the correspondences, and

ρ is the LCC. Subscript M denotes the MR images, subscript P denotes the PET

images, and F ′k and M ′
k are given by symmetric resampling of images Fk and Mk,

respectively [Lorenzi et al. 2013]:
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where O(‖u‖2) denotes the higher-order terms in the Taylor expansion. Dropping

the subscripts for clarity, the LCC term ρ for a single image modality can be written:

ρ(u, F ′,M ′) =
Gσ ∗ (F ′M ′)

(Gσ ∗ (F ′2))
1
2 (Gσ ∗ (M ′2))

1
2

(4.3)

where Gσ is a Gaussian of kernel size σ, and ∗ denotes the convolution operation.

Analogously to [Lorenzi et al. 2013], the factor in the denominator can be approxi-

mated using a Taylor series:
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Similarly:
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1
2 ' 1
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1
2
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3
2
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Disregarding higher-order terms, the LCC term can be expanded:
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By letting ρ = ρ(F,M), and assuming a sufficiently smooth update field, such

that Gσ ∗ (∇IT · u) ' Gσ ∗ (∇IT ) · u, the LCC term can be simplified:

ρ(u, F ′,M ′) ' ρ+
ρ

2
Λu +O(‖u‖2) (4.7)

where, identically to Equation 3.7:

Λ =

(
Gσ ∗ (F∇MT )

Gσ ∗ (FM)
− Gσ ∗ (M∇F T )

Gσ ∗ (FM)
+

Gσ ∗ (F∇F T )

Gσ ∗ (F 2)
− Gσ ∗ (M∇MT )

Gσ ∗ (M2)

)
(4.8)

The squared LCC is therefore:
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The energy in Equation 4.1 is minimised with respect to the update field u at

∇E = 0. Using the result from Equation 4.9, and reintroducing the subscripts M

and P to denote MR and PET images respectively, ∇E can be written:
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Setting ∇E = 0, the update field is given by:

u = −
2

(
α
σ2
iM

ρ2
MΛM + (1−α)

σ2
iP

ρ2
PΛP

)
α
σ2
iM

ρ2
M‖ΛM‖2 + (1−α)

σ2
iP

ρ2
P‖ΛP‖2 − 4

σ2
x

(4.11)

where, for α = {0, 1} this is equivalent to the update field for single-modality LCC

log-domain demons (see Equation 3.6), as presented in [Lorenzi et al. 2013].

Assuming that σ2
iM

= σ2
iP

= σ2
i , Equation 4.11 can be simplified:

u = − 2 (αρ2
MΛM + (1− α)ρ2

PΛP )
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P‖ΛP‖2 − 4
σ2
i

σ2
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(4.12)

Hence, the PET-MR LCC-demons algorithm can be described by the iterations

in Algorithm 4.1.

Algorithm 4.1 Joint PET-MR LCC log-domain demons registration

1: while not converged do

2: Given the current transformation, compute an update field u using

Equation 4.12

3: For fluid-like regularisation, regularise u by convolving with a Gaussian

kernel u← G ∗ u

4: v← BCH(v,u), where BCH is the Baker-Campbell-Hausdorff formula (see

Equation 3.2)

5: For diffusion-like regularisation, regularise v by convolving with a Gaussian

kernel v← G ∗ v

6: Apply the same updated transformation to the MR and PET images

7: end while

4.1.2 Locally Adaptive Modality Weighting

Fixing the modality weighting α for all subjects and all brain regions could be

improved upon by using a personalised, locally adaptive weighting. Therefore, the
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proposed PET-MR registration method is extended by introducing an adaptive α-

map. Given a set of α values {α1, . . . , αn}, the algorithm selects the α value that

yields the largest mean squared LCC at each voxel, resulting in a locally adaptive

α-map for each subject. This is summarised in Algorithm 4.2.

Algorithm 4.2 Joint PET-MR registration with LAMW

1: while not converged do

2: for i = {1, . . . , n} do

3: Compute an update field u using Equation 4.12 with αi.

4: Run lines 3-6 from Algorithm 4.1. This generates temporary images FMi,

MMi, FPi, and MPi.

5: Compute the mean squared correlation (MSC)

MSCi = 1
2
(ρ2(FMi,MMi) + ρ2(FPi,MPi))

6: end for

7: Create a locally adaptive modality combination map αMSC by selecting the

α value which yields the largest MSC at each voxel

8: Compute an update field u using Equation 4.12 with αMSC

9: Run lines 3-6 from Algorithm 4.1 to update the PET and MR images.

10: end while

4.2 Materials

4.2.1 Data Acquisition and Pre-Processing

In addition to the 38 subjects selected for Chapter 3, a further 72 subjects (36 AD,

36 healthy controls) were obtained from ADNI, bringing the total to 110 subjects

(55 AD, 55 healthy controls). The same selection criteria were used, such that each

new subject had an 18F-florbetapir PET volume and a T1-weighted MR volume

acquired no more than 12 months apart. Prior to the experiments, the PET and

MR volumes underwent the pre-processing steps described in Chapter 3.2.2.
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4.2.2 Template Selection

To reduce the potential bias associated with selecting a single subject as the tem-

plate, the MR template from Chapter 3 was used in the experiments in this chapter.

The template was constructed iteratively from five AD MR brains and five healthy

MR brains, chosen at random from the initial set of 38 subjects, using the method

proposed in [Guimond et al. 2000] (see Chapter 3.2.3).

The aim of this chapter is to assess the effect of registration on SUVR calculation.

Therefore, we used the synthetic PET template from Chapter 3, since our results

in that chapter indicated that SUVRs obtained using a synthetic PET template are

marginally better suited to separating groups of AD patients and healthy controls

than SUVRs acquired using a PET template constructed from real 18F-florbetapir

data.

4.3 Experiments

4.3.1 Affine and Non-Linear Registration

The MR volumes of the 100 subjects (50 AD, 50 healthy controls) excluded from the

template creation were affinely registered to the MR template using FSL’s FLIRT

[Jenkinson and Smith 2001; Jenkinson et al. 2002]. The resulting transformations

were applied to the corresponding PET volumes. The 100 subjects then under-

went PET-MR LCC log-domain demons registrations for a range of fixed modality

weightings: α = {0, 0.25, 0.5, 0.75, 1}. As in Chapter 3, the values α = 0 and α = 1

correspond to single modality PET to PET and MR to MR LCC-demons regis-

trations, respectively. Furthermore, the same registration parameters were used:

σfluid = 0.5, σdiffusion = 1.5, σLCC = 5, and σi/σx = 0.05, with a multi-resolution,

multi-scale scheme of 30×99×10 iterations (coarse to fine).

Following this experiment, the subjects were registered to the templates using

the LAMW method described in Section 4.1.2. The set of combination weightings

used to determine the locally optimal one was α = {0, 0.25, 0.5, 0.75, 1}.
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4.3.2 Dice Overlap

Similarly to Chapter 3, to quantitatively evaluate the accuracy of the registration

results, the Dice coefficient was computed between cortical regions in each subject’s

registered MR volume and the MR template [Zijdenbos et al. 1994]. The subject

cortical region atlases for the 72 new subjects were constructed using the method

outlined in Chapter 3.3.2.

Paired t-tests between each registration method and every other method were

used to assess whether any differences in Dice coefficient were statistically significant.

4.3.3 Amyloid PET Quantification

Following the registrations, SUVRs were computed using the same method as de-

scribed in Chapter 3.3.3. A t-test was used to determine if there was a significant

separation between the mean SUVRs of the two subject groups (AD and healthy

control). Receiver operating characteristic (ROC) analyses were also performed for

each registration method, by using a varying discrimination threshold on the com-

posite SUVRs and calculating the true and false positive rates using the subject

groups. The areas under the ROC curve (AUC) were calculated, as well as the clas-

sification accuracy, sensitivity and specificity at the SUVR threshold proposed in

[Fleisher et al. 2011] (amyloid positive for SUVR > 1.08). Subjects with a compos-

ite SUVR greater than 1.08 were classified as belonging to the AD population, and

subjects with a composite SUVR equal to or less than the threshold were classified

as belonging to the group of healthy controls. The clinical diagnoses from ADNI

were used as the gold standard for the classification of SUVR.

Although there is a strong correlation between SUVR and clinical diagnosis, as

explained in Chapter 3.5.4, amyloid plaque pathology can be found in cognitively

normal controls, and therefore patients should not be clinically diagnosed with AD

using SUVR alone. However, in the experiments in this chapter, the classification

results provide a useful measure to compare the SUVRs obtained using the different

registration methods, and assess the robustness of the SUVR calculation to the
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registration method used to align the amyloid PET volume to the template space.

4.4 Results

4.4.1 Registration Results

Figure 4.1 shows an axial slice from the registration results of the two AD subjects

that achieved the smallest and largest range of Dice coefficients across the different

registration methods. The non-linear registration methods (α = {0, 0.25, 0.5, 0.75, 1}

and LAMW) in Figure 4.1(b) exhibit improved registration compared to the affine

method. This is most evident in the ventricles, which are highlighted in the zoomed-

in regions. The non-linearly registered ventricles more closely match the MR tem-

plate ventricle boundary (shown in red) than the affinely registered ventricles. A

similar trend is observed in Figure 4.1(a), but the improvement in registration is

less pronounced in the PET to PET (α = 0) case. Figure 4.2 shows the registra-

tion results for the healthy controls that obtained the smallest and largest range

of Dice coefficients, respectively. Once again, the non-linear registration methods

(α = {0, 0.25, 0.5, 0.75, 1} and LAMW) demonstrate improved registration in the

ventricles, compared to the affine registration method.

The distributions of Dice coefficients by registration method are shown in Fig-

ure 4.3. Analogously to Chapter 3, the median Dice coefficients of the non-linear

registration methods increased with increasing α, from 0.74 for α = 0 (PET to

PET registration), to 0.83 for (α = 1) (MR to MR registration). Unsurprisingly,

the affine method resulted in the lowest median Dice coefficient (0.71), and high-

est interquartile range (0.05), of all the registration methods tested. The smallest

interquartile range (0.02) was achieved by the joint PET-MR registration method

with α = 0.75. The LAMW method resulted in the same median Dice coefficient

as the joint PET-MR method with α = 0.5 (0.81). Despite this, the paired t-tests

on the overlap measures showed that the mean Dice coefficients of the LAMW and

α = 0.5 registration methods were significantly different (p < 0.01, corrected for 21
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(a)

(b)

Figure 4.1: Sample axial slices from the volumetric registration results for the AD
subjects that achieved (a) the smallest and (b) the largest range of Dice coefficients
across the seven registration methods. The middle two rows of each sub-figure show
the same axial slice from the deformed PET and MR volumes, respectively. The
top and bottom rows of each sub-figure show a close-up of the region highlighted
by the red box, with the outline of the MR template ventricles superimposed in
red. In (b), the non-linear methods show improved registration in the ventricles
compared to the affine registration method, since the registered ventricles better
match the MR template ventricle boundary. A similar trend in observed in (a) but
the improvement in registration is less noticeable in the PET to PET (α = 0) case.
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(a)

(b)

Figure 4.2: Sample axial slices from the volumetric registration results for the
healthy controls that achieved (a) the smallest and (b) the largest range of Dice
coefficients across the seven registration methods. The middle two rows of each
sub-figure show the same axial slice from the deformed PET and MR volumes, re-
spectively. The top and bottom rows of each sub-figure show a close-up of the
region highlighted by the red box, with the outline of the MR template ventricles
superimposed in red. In both sub-figures, the non-linear registration methods show
improved registration in the ventricles compared to the affine method, since the
registered ventricles better match the MR template ventricle boundary.
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Figure 4.3: Distributions of overlap measure by registration method. The box and
whisker plots show the Dice coefficients between the deformed image labels and the
MR template labels, averaged over all regions in the label set, and over all subjects.
Each box has lines at the lower quartile, median, and upper quartile. The whiskers
extend from each edge of the box to the most extreme values within 1.5 times the
interquartile range from the box. Outliers (+) have values beyond the ends of the
whiskers.

comparisons). In fact, all pairs of mean Dice coefficients were significantly different

from one another (p < 0.01, corrected).

For ease of comparison with the registration results from Chapter 3, Figure 4.4

shows the distributions of Dice coefficients for the same subset of 28 subjects (14

AD, 14 healthy controls) used in the experiments in Chapter 3. The Dice coefficients

from the PET-MR registration method proposed in this chapter are shown in red,

and the Dice coefficients from the combined PET-MR registration method with

averaged single-modality updates (Chapter 3) are displayed in blue. Only the Dice

coefficients for the α = {0.25, 0.5, 0.75} methods are compared in Figure 4.4, since

the two registration methods are equivalent for α = 0 and α = 1. Although the

Dice coefficients of the two PET-MR registration methods are very similar, the Dice

coefficients were significantly different (p < 0.01) for α values of α = 0.25 and

α = 0.75 (indicated by the ? symbols in Figure 4.4).
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Figure 4.4: Distributions of overlap measure by registration method. For compar-
ison, the Dice coefficients from the combined PET-MR registration method with
averaged single-modality updates (Chapter 3) are shown in blue, and the overlaps
from the joint PET-MR registration method proposed in this chapter are shown in
red. The ? symbols denote α values for which there was a significant difference in
Dice coefficients between the two registration methods (p < 0.01). The box and
whisker plots show the Dice coefficients between the deformed image labels and the
MR template labels, averaged over all regions in the label set, and over all subjects.
Each box has lines at the lower quartile, median, and upper quartile. The whiskers
extend from each edge of the box to the most extreme values within 1.5 times the
interquartile range from the box. Outliers (+) have values beyond the ends of the
whiskers.

4.4.2 Standardised Uptake Value Ratio

Table 4.1 presents the mean SUVR of the diseased and healthy subject groups, and

the classification accuracy, sensitivity, and specificity at an SUVR threshold of 1.08.

Across all of the registration methods tested, a significantly higher (p < 0.01) mean

SUVR was calculated for the AD group compared to the group of healthy controls.

This is consistent with our results in Chapters 3, as well as results in the literature

[Fleisher et al. 2011]. Similarly to Chapter 3, the non-linear MR to MR (α = 1)

registration method gave the largest absolute difference in mean SUVR between

the two subject populations (0.33), and the PET to PET (α = 0) method resulted

in the smallest difference between the two groups (0.29). However, the PET to
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Table 4.1: Mean (standard deviation) SUVR, classification accuracy (ACC), sen-
sitivity (SEN) and specificity (SPE) at a SUVR threshold of 1.08, by registration
method: affine, PET-only (α = 0), proposed joint PET-MR (α = {0.25, 0.5, 0.75}),
MR-only (α = 1), and joint modality with a locally adaptive modality weighting
(LAMW). The best results are highlighted in bold.

Affine α = 0 α = 0.25 α = 0.5 α = 0.75 α = 1 LAMW
SUVR AD 1.44 1.43 1.43 1.43 1.44 1.44 1.43

(0.28) (0.23) (0.24) (0.26) (0.27) (0.28) (0.25)
SUVR HC 1.12 1.14 1.13 1.12 1.12 1.11 1.13

(0.25) (0.20) (0.21) (0.22) (0.23) (0.24) (0.21)
ACC1.08 0.74 0.74 0.74 0.74 0.76 0.75 0.75
SEN1.08 0.84 0.88 0.86 0.86 0.86 0.84 0.88
SPE1.08 0.64 0.60 0.62 0.62 0.66 0.66 0.62

PET (α = 0) registration method resulted in the lowest standard deviation of mean

SUVRs for both subject groups (0.23 and 0.20, respectively).

The PET to PET (α = 0) registration method achieved the joint highest sen-

sitivity (0.88), but the lowest specificity (0.60). The opposite trend was achieved

by the MR to MR (α = 1) method, which obtained the joint highest specificity

(0.66), but the lowest sensitivity (0.84). The joint-modality registration method

with α = 0.75 gave the highest classification accuracy (0.76) at an SUVR threshold

of 1.08, although the accuracies for each registration method were within 0.02 of

one another. This lack of variation is also evident in Figure 4.5. Although the joint-

modality registration method with α = 0.75 resulted in the highest AUC (0.76),

the DeLong method [DeLong et al. 1988] showed that there was no statistically

significant difference between the AUCs of each method (p < 0.01, corrected). In

addition, the ROC curves for each registration method are almost identical.

4.4.3 LAMW Analysis

Figure 4.6 shows the mean locally adaptive α-maps from the final iteration of the

LAMW registration method, across all the diseased subjects and all the healthy

controls. In both population groups, the optimal α value in the white matter is

predominantly α = 1 (i.e. MR modality only). In the ventricles and grey matter
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Figure 4.5: ROC curves for subject classification based on the composite SUVRs
obtained from each registration method: affine, PET-only (α = 0), proposed joint
PET-MR (α = {0.25, 0.5, 0.75}), MR-only (α = 1), and joint modality with a
locally adaptive modality weighting (LAMW). The area under each ROC curve
(AUC) is presented in the figure legend. The ROC curves are almost identical for
all methods, and there is no statistically significant difference between the AUCs
(p < 0.01, corrected).

regions, the optimal α values are typically lower than in the white matter. For

healthy controls, there are regions of α ' 0.25 in the grey matter, which are not

visible in the mean AD α-map. These areas are indicated by the black arrows in

Figure 4.6.

4.5 Discussion

4.5.1 Registration Quality

Visual assessment of the results in Figures 4.1 and 4.2 indicates that the non-linear

registration methods exhibit improved registration compared to the affine method.

Nevertheless, Figure 4.1(a) suggests that the improvement in registration is less

noticeable in the PET to PET (α = 0) case than the other non-linear methods, since

the registered ventricles do not match the boundary of the MR template ventricles

as closely as the methods with α > 0. The overlap measures presented in Figure

4.3 support this assessment, as the median Dice coefficients increase with increasing
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Figure 4.6: Top: Axial slices from the mean locally adaptive α-map from the final
iteration of the LAMW registration method across all AD subjects. Bottom: Axial
slices from the mean locally adaptive α-map across all healthy controls. The α-map
values range from α = 0 (PET only) to α = 1 (MR only). In grey matter regions, the
optimal α values are typically lower than in the white matter. For healthy controls
there are regions of α ' 0.25 in the grey matter, which are not visible in the mean
AD α-map. These areas are indicated by the black arrows.

influence from the MR modality. This is similar to the trend observed in Chapter

3.

Although the LAMW registration method selects the α value (from a predefined

set of values) that maximises the LCC at each voxel, the LAMW method achieved

a lower median Dice coefficient (0.81) than those achieved by choosing α = 0.75 and

α = 1, which had a median Dice coefficient of 0.83. As suggested in Chapter 3, this

result could indicate that the PET volume acts as a regulariser on the log-domain

demons updates. Another reason for the relatively lower median Dice overlap for the

LAMW method could be that the locally adaptive α-maps had not fully converged.

The results presented in Figure 4.4 suggest that, despite the more rigorous mathe-

matical basis of the PET-MR registration method proposed in this chapter compared

to the registration method in Chapter 3, the two methods behave very similarly. The
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median Dice coefficients are similar for both methods, and the two update equations

(Equations 3.8 and 4.12) are equivalent in the single-modality cases (i.e. α = 0 and

α = 1). Moreover, the registration parameters used in this chapter were identical

to those used in Chapter 3, which could also account for the similarity of the two

registration methods.

To simplify the update equation in Equation 4.11, it was assumed that noise in

the PET volume is equal to the noise in the MR volume. In reality, the noise will

probably be different between the two modalities. Furthermore, the registration

parameters used in this work were taken from [Lorenzi et al. 2013], in which the

authors proposed a registration method for MR images. These parameters may

be suboptimal for PET data, and therefore, it may be possible to improve the

registration results of the PET-dominant (α < 0.5) PET-MR registration method

with more suitable parameters.

4.5.2 Robustness of SUVR Calculation

Although the new PET-MR registration method produced very similar registration

results to the method proposed in Chapter 3, improvements in registration quality

were not the focus of this chapter. Instead, the aim was to assess the robustness

of SUVR to the registration method, on a larger data set than Chapter 3. The

results in Table 4.1 suggest that the registration method used to align the amyloid

PET volume to the template has little effect on the SUVR. Despite a 0.12 increase

in median Dice coefficient between the affine and α = 1 registration methods, the

mean SUVRs remained almost constant. Consequently, as reported in Table 4.1,

the classification accuracy of SUVR, when used to classify AD patients or healthy

controls, does not vary much between the different registration methods.

In this work, we did not optimise the SUVR classification threshold (1.08). In-

stead, we adopted an independent amyloid positivity threshold from published 18F-

florbetapir PET literature [Fleisher et al. 2011]. Therefore, it is possible that the

threshold does not produce the maximum possible classification accuracy for our
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data set. However, although it might be possible to improve the classification ac-

curacies using a threshold derived from the ROC curves, the relative differences

between the registration methods will still be minimal. This is because the there is

little variation in the composite SUVRs across the different registration methods.

4.5.3 Optimal Modality Combination

The α-maps in Figure 4.6 show that the optimum combination of modalities is

spatially varying. In the white matter, the optimum α value was primarily α = 1,

suggesting that the optimum modality combination in this region was to use MR

only, because the correlation between the PET images and the PET template was

lower in the white matter than the correlation between the MR images and the

MR template. This could be due to the homogeneity of the white matter in the

PET volumes and the synthetic PET template. In comparison, in areas where there

is clear contrast in the PET images, such as the brain and ventricle boundaries,

the LAMW algorithm selected a combination of both the PET and MR modalities

(α < 1). Moreover, the mean α-map for the healthy controls contains regions of

α ' 0.25, which are not visible in the mean α-map of the diseased population (as

indicated by the black arrows in Figure 4.6). These areas of low α correspond to

the regions where one would expect clear grey-white matter contrast in an amyloid

negative PET scan, such as the frontal lobe. Consequently, the optimal modality

combination in these regions favours an increased amount of PET relative to MR.

Interestingly, there are no regions of α = 0 in the α-maps in Figure 4.6, suggesting

that useful information for image registration contained within the PET volumes is

also available to some degree in the MR volumes.

4.5.4 Conclusion

The aim of this chapter was to assess the robustness of SUVR to the registration

method used to register the amyloid PET image to the template space. To achieve

this, we extended the combined PET-MR registration method proposed in Chapter
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3 by posing the registration framework as the minimisation of a dual-modality cost

function. We also introduced a locally adaptive modality weighting, which selects

the optimum combination of PET and MR modalities at each voxel. Regardless of

the registration methods presented here, there is a significant separation in SUVRs

between populations of AD patients and healthy controls. Although the absolute

difference in mean SUVR differs with the registration methods used, classification

of AD patients versus cognitively normal controls based purely on composite SUVR

is not affected by the registration method.

In this chapter, we evaluated the classification accuracy of SUVR when used

to classify subjects as AD patients or healthy controls as defined by their clinical

diagnoses in ADNI. Due to the robustness of SUVR to the registration method

used to align the PET volume to the template, we showed that the classification

accuracy did not vary considerably between the different registration methods tested.

However, our experiments highlighted a drawback of using SUVR for classification,

namely, the optimum SUVR classification threshold will potentially vary depending

on the amyloid PET data set and the cortical regions used to calculate the SUVRs.

Therefore, in the next chapter we will explore SUVR-free approaches to amyloid

status classification, and propose a machine learning method that does not require

a predefined classification threshold or cortical regions of interest.
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Chapter 5

Amyloid Status Classification

Using 3D HOG

As discussed in Chapters 3 and 4, brain amyloid burden can be evaluated quanti-

tatively by calculating the ratio of tracer uptake in a set of target brain regions to

non-specific tracer uptake in a reference region [Jack et al. 2008; Jagust et al. 2009;

Fleisher et al. 2011; Villemagne et al. 2011a; Barthel et al. 2011; Joshi et al. 2012].

This ratio is known as the standardised uptake value ratio (SUVR). Typically, the

individual SUVRs for each target region are averaged to form the mean, or compos-

ite, SUVR [Rowe et al. 2008]. It has been shown that incorporating this ratio as an

adjunct to the visual assessment of 18F-florbetapir scans can decrease inter-reader

variability [Pontecorvo et al. 2014; Nayate et al. 2015].

The composite SUVR is usually used in a discrete fashion, where subjects above a

particular threshold are designated as amyloid positive, and subjects below a certain

threshold are designated as amyloid negative [Landau et al. 2013]. The thresholds

are dependent on the type of tracer, the brain regions used to calculate the composite

SUVR, and the delineation quality of those regions. Examples of amyloid positivity

thresholds and SUVR target and reference regions are shown in Table 5.1. Although

there is a consensus in the literature about which general brain areas are to be used

in the composite SUVR, there are differences in the details [Jagust et al. 2009;
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Jack et al. 2008]. In practice, for a specific tracer the correct set of regions and

thresholds must be known and applied. For example, since amyloid deposition does

not typically occur in the cerebellum, the reference regions presented in Table 5.1

are all cerebellum-based. Nevertheless [Jack et al. 2008] use the cerebellar grey

matter, whereas [Joshi et al. 2012] use the entire cerebellum. Moreover, the frontal

lobe is a universal target region, but the delineation of the region varies with the

study; [Barthel et al. 2011] use the frontal lobe, whereas [Villemagne et al. 2011a]

use specific areas within the frontal lobe.

A method for amyloid status classification, independent of SUVR, was proposed

by [Vandenberghe et al. 2013]. The authors classified 18F-flutemetamol scans as

amyloid positive or amyloid negative using a support vector machine (SVM, see

Chapter 2.3) trained directly on the voxel intensities. Using leave-one-out testing,

the method achieved 100% agreement with the expert visual image assessments.

Despite this remarkable result, the method was only tested with data from a single

amyloid PET tracer. Moreover, by using all the voxels as the feature vector, it is

possible that the performance of the classification method could be affected by noise

in the training data.

For this reason, we propose an alternative machine learning method for amyloid

status classification, which could serve as an adjunct to visual image interpretation,

like composite SUVR, but without the need for defining tracer-specific regions of

interest and amyloid positivity thresholds. Unlike the method proposed by [Vanden-

berghe et al. 2013], our method trains an SVM using features based on histograms

of oriented 3D gradients (3D HOG). By using feature descriptors computed over

image patches, rather than the voxel intensities directly, our proposed method could

be more robust to noise and spatially varying intensity levels.

We show that our 3D HOG + SVM method can be used across a range of amyloid

tracers, without the need to define different brain regions or positivity thresholds,

and we compare the accuracy of amyloid status classification obtained using our

method with the intensity-based SVM, and with the standard approach based on
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Table 5.1: Examples of the different regions used to calculate composite SUVRs
for 11C-PiB, 18F-florbetapir, and 18F-florbetaben. The regions and amyloid posi-
tive/negative threshold are specific to each study.

Tracer Study Target regions Reference
region

Threshold

11C-PiB Jagust et al.
(2009) [Jagust
et al. 2009]

anterior cin-
gulate, pos-
terior cingu-
late/precuneus,
prefrontal, lat-
eral temporal,
parietal cortex

cerebellar grey
matter

1.465

Jack et al.
(2008) [Jack
et al. 2008]

anterior cingu-
late, prefrontal,
orbitofrontal,
parietal, pos-
terior cingu-
late/precuneus,
temporal

cerebellar grey
matter

1.5

18F-florbetapir Fleisher et
al. (2011)
[Fleisher et al.
2011]

medial orbital
frontal, tem-
poral, anterior
cingulate, pos-
terior cingulate,
parietal lobe,
precuneus

cerebellum 1.08

Joshi et al.
(2012) [Joshi
et al. 2012]

frontal, temporal,
parietal, anterior
cingulate, pos-
terior cingulate,
precuneus

whole cerebel-
lum

1.10

18F-florbetaben Villemagne
et al. (2011)
[Villemagne
et al. 2011a]

dorsolateral pre-
frontal, ventro-
lateral prefrontal,
orbitofrontal,
superior parietal,
lateral temporal,
lateral occipital,
anterior cingu-
late, posterior
cingulate

cerebellar cor-
tex

1.4

Barthel et al.
(2011) [Barthel
et al. 2011]

frontal, parietal,
lateral tempo-
ral, anterior
cingulate, pos-
terior cingulate,
occipital

cerebellar cor-
tex

1.39

96



SUVR.

The remainder of this chapter is structured as follows: Section 5.1 gives an

overview of the data and the visual assessment procedure used to designate images

as amyloid positive or amyloid negative. In addition to reviewing both the intensity-

based SVM and SUVR classification methods, Section 5.2 introduces 3D HOG and

outlines our proposed 3D HOG + SVM method. In Section 5.3, the optimal 3D

HOG hyper-parameters are presented, and the classification results of the three

methods are compared. Finally, in Section 5.4, the advantages of the proposed 3D

HOG + SVM method over the other two classification methods are discussed.

5.1 Materials

5.1.1 Data Acquisition and Pre-Processing

In addition to the 100 18F-florbetapir PET and T1-weighted MR volumes used in

Chapter 4, 18F-florbetapir PET and MR images from a further 194 subjects were

gathered from the ADNI database. The two volumes for each subject selected for this

study were acquired no more than 12 months apart. The images were pre-processed

using the method detailed in Chapter 3.2.2. In brief, the PET and MR volumes

were rigidly co-registered, skull-stripped, and transformed to MNI space. Prior to

the classification experiments in this chapter, the transformed 18F-florbetapir PET

brain volumes were downsampled to 2×2×2mm resolution, in order to match the

resolution of the PET volumes used by [Vandenberghe et al. 2013]. Axial slices from

examples of amyloid negative and amyloid positive 18F-florbetapir brain volumes,

along with their corresponding MR slices, are shown in Figure 5.1(a).

Unlike Chapters 3 and 4, which only used 18F-florbetapir PET data, in this work,

214 11C-PiB PET and corresponding T1-weighted MR volumes were also downloaded

from the ADNI database. The data were acquired from 102 subjects, but even

though some subjects had multiple scans (26 subjects had one scan, 42 subjects

had two scans, 32 subjects had three scans, and two subjects had four scans), each
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11C-PiB/MR pair was treated independently. Ideally, in order to avoid introducing

a bias, only images from a single time point should be used to train and test the

classification methods. However, to increase the size of the 11C-PiB data set, we used

multiple scans from individual subjects. Each 11C-PiB volume and its corresponding

MR volume were acquired within 12 months of one another. Furthermore, the

11C-PiB scans underwent the same pre-processing as the 18F-florbetapir volumes.

Example amyloid positive and amyloid negative axial slices from the 11C-PiB data

set are shown in Figure 5.1(b).

In addition to 18F-florbetapir and 11C-PiB PET data, 150 18F-florbetaben vol-

umes were used in this chapter. The 18F-florbetaben PET volumes and correspond-

ing T1-weighted MR volumes were provided from the phase 2A clinical trial of 18F-

florbetaben in 150 participants. The participant details and imaging protocols are

all provided in [Barthel et al. 2011]. Seventeen subjects were excluded due to severe

image artefacts in the PET or MR images. Since the 18F-florbetaben data were ob-

tained from a clinical trial, rather than the ADNI database (like the 18F-florbetapir

and 11C-PiB data), a different pre-processing method was used. Firstly, the MR and

18F-florbetaben PET volumes were co-registered using an in-house rigid registration

algorithm that is briefly described later. The 18F-florbetaben images were then

registered to a synthetic PET template in MNI space using an affine version of the

in-house registration software, and downsampled to 2×2×2mm resolution in order to

match the resolution of the PET volumes used by [Vandenberghe et al. 2013]. The

in-house rigid and affine registration algorithms were implemented using routines

customised from Siemens syngo.PET Amyloid Plaque (sPAP) quantification soft-

ware. The resulting transformations were applied to the MR volumes. Analogously

to the 18F-florbetapir and 11C-PiB pre-processing, a brain mask was constructed

using tissue segmentations obtained from SPM8. Both the 18F-florbetaben PET vol-

umes and their corresponding MR volumes were skull-stripped. Figure 5.1(c) shows

an example axial slice for a 18F-florbetaben amyloid negative and 18F-florbetaben

amyloid positive brain volume. The corresponding axial MR slices are also shown
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(a) 18F-florbetapir

(b) 11C-PiB

(c) 18F-florbetaben

Figure 5.1: Axial slices from example amyloid negative (left) and amyloid positive
(right) PET volumes for (a) 18F-florbetapir, (b) 11C-PiB, and (c) 18F-florbetaben.
The corresponding axial MR slices are shown to the right of each PET image. These
slices were selected after the PET and MR volumes had been preprocessed.

in Figure 5.1(c).

5.1.2 Visual Assessment

In Chapters 3 and 4, the clinical diagnoses from ADNI were used as the gold stan-

dard for classification. However, in this chapter, the gold standard amyloid status

was determined for each subject using criteria based on visual assessments from

three image readers. Data were excluded from the study if the median rating was

neither amyloid positive nor amyloid negative. To interpret the PET volumes as

either amyloid positive or amyloid negative, the three image readers (one clinical
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expert, one senior neuro-PET researcher, and the author of this thesis1) interpreted

the 641 images a total of six times. The junior researcher assessed all of the images

three times, the senior neuro-PET researcher interpreted all the images twice, and

the clinical expert read all of the images once. The tracers were assessed one at a

time (i.e all 18F-florbetapir scans were interpreted before the 11C-PiB scans), but

for each tracer the images were presented in a random order to prevent observer

memory affecting the assessments. Each reader was given instructions on how to

display and interpret the images on a set of prearranged slices, without access to the

corresponding MR image. For the 18F-florbetapir and 18F-florbetaben scans, the in-

structions were based on those provided by the tracer manufacturers [Amyvid 2012;

Neuraceq 2014]. The only difference was the addition of an “equivocal” image class,

for images that did not clearly fulfil the definitions of positive or negative scans2.

The instructions for visual assessment of 11C-PiB were based on a combination of

those by [Suotunen et al. 2010] and [Cohen et al. 2013]. Again, an equivocal image

class was included for images that could not be designated as either amyloid positive

or amyloid negative.

Using Fleiss’ kappa to assess the inter-reader reliability, the six image interpre-

tations showed good agreement for all tracers (18F-florbetapir: κ = 0.71, 11C-PiB:

κ = 0.81, 18F-florbetaben: κ = 0.84). The gold standard amyloid status was deter-

mined from the median of the six image interpretations. Any images for which the

median interpretation was not amyloid positive or amyloid negative were discarded.

In total, 30 18F-florbetapir images, five 11C-PiB images, and five 18F-florbetaben

images were discarded. The final 18F-florbetapir dataset comprised 264 scans, the

final 11C-PiB dataset consisted of 209 scans, and the final 18F-florbetaben dataset

contained 128 scans. The demographics of these are summarised in Table 5.2. It

should be noted that although the inter-rater agreement and number of equivocal

scans varies by tracer, this is not a reflection of the tracers themselves. The discrep-

1Denoted as the junior researcher in this work.
2Note that since the reading instructions were very thorough, “equivocal” was typically only

selected when image quality was particularly poor.
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Table 5.2: Demographics of the amyloid positive (P) and amyloid negative (N)
subjects used in this chapter.

18F-florbetapir 11C-PiB 18F-florbetaben
P N P N P N

# subjects 149 115 167 42 53 75

Age ± std dev. 75.6±7.6 74.7±8.5 76.7±7.6 76.1±7.4 72.0±7.9 69.0±7.0

Sex (male/female) 84/65 60/55 103/64 27/15 27/26 35/40

ancies are predominantly due to differences in image quality and the distributions

of amyloid burden.

5.2 Methods

In this chapter we compare three separate amyloid classification methods: the pro-

posed method, which uses histograms of oriented three-dimensional gradients as

inputs to an SVM (3D HOG + SVM), another SVM-based method using image in-

tensity directly, and SUVR. The three methods are outlined in Sections 5.2.1-5.2.3.

5.2.1 Histogram of Oriented 3D Gradients

5.2.1.1 Derivation of Feature Vectors

Image descriptors have been widely used in computer vision to describe character-

istics such as texture, motion, and shapes in 2D images and video sequences [Lowe

1999; Belongie and Malik 2000; Dalal and Triggs 2005]. Given a region of interest,

a descriptor represents the region as a feature vector. By applying machine learning

techniques to these feature vectors, they can be used to detect objects in images.

As mentioned in Chapter 2.3, one such method, histogram of oriented gradients

(HOG), has been used successfully to detect pedestrians in static images [Dalal and

Triggs 2005]. The image is partitioned into a grid of uniformly spaced cells, and

the normalised histogram of image gradient orientations in each cell forms the set of

feature vectors (see Figure 2.4). The key concepts of this two-dimensional method

were generalised to three dimensions by [Kläser et al. 2008]. Although originally
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used for action recognition in video volumes, this chapter proposes to apply a simi-

lar technique to PET volumes to classify brain amyloid status.

In order to compute histograms of oriented gradients across an isotropically

resampled PET volume, the volume is partitioned into a uniform grid of cells ci of

size k× k× k voxels, where k is set by the user. Each cell is divided into S × S × S

sub-blocks bj, where S is user-defined, and for each sub-block the mean gradient

is computed. In the same manner as [Kläser et al. 2008], the mean gradient is

calculated using a 3D extension of the integral image (also known as a summed area

table), popularised by [Viola and Jones 2001]. Given a volume v and its gradient

∇v = ( ∂v
∂x
, ∂v
∂y
, ∂v
∂z

)T , the integral volume can be written as:

I(x, y, z) =
∑

x′≤x,y′≤y,z′≤z

∇v(x′, y′, z′) (5.1)

The mean 3D gradient ḡ = (ḡx, ḡy, ḡz)
T within a cuboid of size w×h×d at position

(x, y, z)T is then given by:

ḡ = (I(x+ w, y + h, z + d)− I(x, y + h, z + d)

− I(x+ w, y, z + d) + I(x, y, z + d))− (I(x+ w, y + h, z)

− I(x, y + h, z)− I(x+ w, y, z) + I(x, y, z))

(5.2)

Following computation of the 3D gradient ḡ, its orientation is quantised into a

histogram with n discrete bins. As explained in Chapter 2, using spherical polar co-

ordinates to quantise the 3D gradient orientations leads to problems at the “poles”,

because the bins get progressively smaller. Therefore, we adopted the solution em-

ployed by [Kläser et al. 2008], which uses a regular polyhedron as an approximation

to a sphere. Rather than have a continuous space of orientations, each side of the

polyhedron corresponds to a histogram bin. In 3D space, there are only five poly-

hedra constructed from congruent regular polygons with the same number of faces

meeting at each vertex. These polyhedra are known as Platonic solids: tetrahedron,

hexahedron (cube), octahedron, dodecahedron, and icosahedron. They have 4, 6, 8,
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12, and 20 faces, respectively.

To quantise a 3D gradient ḡ with respect to its orientation, ḡ is projected on to

the axes going through the origin of the coordinate system and the centre of all faces

of the polyhedron. Letting P be the matrix of face centre coordinates p1, . . . ,pn,

the projection q̂ of ḡ is:

q̂ =
P · ḡ
‖ḡ‖2

(5.3)

Opposite gradient directions can be quantised into the same histogram bin by

halving the set of face centre coordinates and taking the absolute value of q̂. His-

tograms organised in this manner are said to have “half-orientation”.

Since ḡ should only vote in one histogram bin, the projection q̂ is thresholded.

The threshold t = pTi ·pj is subtracted from q̂ and all negative elements are set

to zero. The magnitude of the gradient is distributed according to the thresholded

projection q̂′:

q =
‖ḡ‖2· q̂′

‖q̂′‖2

(5.4)

The histogram hci for a given cell ci is the sum of the quantised mean gradients

of the sub-blocks qbj
in that cell:

hci =
S3∑
j=1

qbj
(5.5)

The histograms hci for each cell are concatenated to form the final feature vector

for the entire volume.

5.2.1.2 Classification

A classifier is required to separate the feature vectors associated with different image

classes (e.g. amyloid positive and amyloid negative). Typically a support vector

machine (SVM) is used to classify HOG features [Dalal and Triggs 2005; Kläser

et al. 2008]. In this work, the SVM implementation in the scikit-learn package for
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Python [Pedregosa et al. 2011] is used.

5.2.1.3 Parameter Optimisation

In order to determine the optimum cell size k, number of sub-blocks S, and number

of histogram bins for the 3D HOG method, the 18F-florbetapir data set was split

into a training and test set. The training set comprised 133 subjects (75 positive, 58

negative), and the test set consisted of 131 subjects (74 positive, 57 negative). The

3D HOG and SVM parameters were optimised on the 18F-florbetapir training data

set only. With the exception of Figure 5.2, all of the 18F-florbetapir results reported

in Section 5.3 were generated using the test set only. To assess the generalisability of

the method, no 3D HOG parameter optimisation was conducted using the 11C-PiB

and 18F-florbetaben data, so the entire data sets were used for testing.

To optimise the parameters for the 3D HOG feature descriptors, feature vectors

from the 18F-florbetapir training set volumes were computed for a range of parameter

values. Cell size ranged from k = 4 voxels to k = 32 voxels in increments of 4

voxels, and the number of sub-blocks S were in the set S = {1, 2, 4}. The number

of histograms bins (dodecahedron and icosahedron) was also assessed, as well as the

effect of full- and half-orientation. A comprehensive grid search of parameters was

conducted, resulting in 96 different parameter combinations.

For each of the 3D HOG parameter combinations, an SVM classifier was trained

using the corresponding feature vectors of the 18F-florbetapir training set. In order

to ascertain the optimum SVM parameters to use on the test data, ten-fold stratified

cross-validation was performed on the training set. The training set was randomly

divided in to 10 subsets, each with the same proportion of amyloid positive/negative

subjects. Nine subsets were used to train the SVM, and the remaining subset was

used as the validation test data set. This was repeated, such that each subset was

used as the test set. An SVM with a Gaussian radial basis function (RBF) kernel

was used, and the slackness variable C (where C = 10i for i = {−2, . . . , 3}) and free

parameter of the RBF γ (where γ = 10i for i = {−5, . . . , 2}) were optimised using
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a grid search of parameters [Boser et al. 1992; Cortes and Vapnik 1995].

5.2.1.4 Testing

The 3D HOG parameters and SVM parameters that gave the highest classification

accuracy, sensitivity, and specificity on the 18F-florbetapir training set were applied

to the 18F-florbetapir test set. These parameter values were also applied to the

11C-PiB and 18F-florbetaben data. In order to assess the performance of the 3D

HOG features for amyloid status classification, leave-one-out testing was used on

each PET tracer separately. For each fold, the SVM was trained using all of the

images except one. The remaining image was then used as the test image. This

process was repeated until all of the images had been used as the test image. Fol-

lowing leave-one-out testing for all three tracers, the mean classification accuracy,

sensitivity, and specificity were calculated. By adjusting the SVM classifier’s deci-

sion boundary, receiver operating characteristic (ROC) analysis was performed on

each of the tracers.

5.2.2 Standardised Uptake Value Ratio

5.2.2.1 Quantification Software

The ratio of tracer uptake in a set of target brain regions to non-specific tracer uptake

in a reference region, also known as SUVR, was computed using the commercially

available Siemens syngo.PET Amyloid Plaque (sPAP) quantification software. Prior

to SUVR calculation, the software automatically registers the subject’s PET volume

to a synthetic PET template, in Montreal Neurological Institute (MNI) stereotactic

space, in which the cortical regions of interest are defined [Peyrat et al. 2012; Hutton

et al. 2015]. Analogously to Chapters 3 and 4, the predefined set of six target

regions for 18F-florbetapir were: the frontal, parietal, anterior cingulate, posterior

cingulate, precuneus, and temporal lobes [Hutton et al. 2015]. The reference region

was the whole cerebellum. For 18F-florbetaben, slightly different predefined target

and reference regions were used (target regions: frontal, parietal, anterior cingulate,
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posterior cingulate, temporal, occipital lobes, reference: cerebellar cortex [Barthel et

al. 2011]). Note that the different tracers used different sets of regions according to

the published literature ([Hutton et al. 2015] and [Barthel et al. 2011], respectively).

The sPAP quantification method has been validated for use with 18F-florbetapir

and 18F-florbetaben [Peyrat et al. 2012; Hutton et al. 2014; Hutton et al. 2015],

but not for 11C-PiB because it is not an FDA-approved tracer. However, it was

still possible to use sPAP for quantification of the 11C-PiB data. Based on the

literature [Jagust et al. 2009; Landau et al. 2013], SUVRs were calculated using the

18F-florbetapir target and reference regions.

During SUVR computation in sPAP, one 18F-florbetapir volume, eight 18F-

florbetaben volumes, and three 11C-PiB volumes failed to adequately register to

the PET template. As a result, the registration was manually adjusted for these

subjects.

5.2.2.2 SUVR Analysis

Following the computation of composite SUVRs for the 18F-florbetapir test data set,

classification results were obtained using an amyloid positivity threshold of SUVR

> 1.12 [Hutton et al. 2015]. Similarly, classification results were obtained from the

18F-florbetaben SUVRs using a threshold of composite SUVR > 1.36 [Hutton et al.

2014].

Since sPAP has not been validated for 11C-PiB data, two regression equations

were required to obtain an amyloid positivity threshold that is appropriate for both

the tracer and the SUVR calculation method. Firstly, [Landau et al. 2013] provided

a regression equation to convert the 11C-PiB threshold tJagust from [Jagust et al.

2009] into a corresponding threshold for the quantification method used by [Joshi

et al. 2012]:

tJoshi = 0.67tJagust + 0.15 (5.6)

where the subscript denotes the study from which the threshold is acquired.
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In [Hutton et al. 2015], a regression equation to convert from the Joshi method

threshold into an equivalent unit for sPAP tsPAP was also provided:

tsPAP = 0.9782tJoshi + 0.04264 (5.7)

Equations 5.6 and 5.7 can be combined to get a final equation to convert between

the 11C-PiB threshold tJagust and sPAP tsPAP:

tsPAP = 0.9782(0.67tJagust + 0.15) + 0.04264

' 0.6554tJagust + 0.1894

(5.8)

By substituting tJagust = 1.465 [Jagust et al. 2009] into Equation 5.8, an equiv-

alent threshold for 11C-PiB in sPAP (tsPAP = 1.15) is obtained. Consequently,

following SUVR calculation in sPAP, the accuracy of amyloid status classification

in 11C-PiB data was assessed using an amyloid positivity threshold of composite

SUVR > 1.15.

5.2.3 Image Intensity

The SUVR and 3D HOG + SVM method were compared to the machine learning

method proposed by [Vandenberghe et al. 2013]. In that work, the authors trained an

SVM on voxel intensities to classify amyloid positivity in 18F-flutemetamol images.

Each image is a point in high-dimensional space, in which each dimension is a voxel

within the brain.

To reduce the dimension of the SVM, only voxels inside the brain were used.

Once all of the images were transformed into MNI space (see Section 5.1.1), a brain

mask was constructed using the linear MNI152 T1-weighted MR template [Mazziotta

et al. 2001] to ensure that the feature vector had the same dimension for every image.

The mask was dilated by 2mm to ensure that all of the registered PET brains were

wholly inside the mask. Prior to using the SVM, all of the images were normalised to

have zero mean and unit variance. The SVM parameters were then optimised using

the same approach as in Section 5.2.1.3. The optimum parameters were applied to
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Figure 5.2: The classification accuracies achieved on the 18F-florbetapir training
data for each of the 96 3D HOG parameter combinations. Each sub-plot relates to
one of the four histogram configurations (dodecahedron vs icosahedron, and half-
orientation vs full-orientation), and shows the highest classification accuracy for
each cell size k (horizontal axis) and number of sub-blocks S (vertical axis). Four
parameter combinations, highlighted in red, achieved the same, highest classification
accuracy (98.5%).

the 18F-florbetapir test data, as well as the 11C-PiB and 18F-florbetaben data sets.

Leave-one-out testing was used to assess the ability of the intensity-based SVMs to

classify amyloid status.

5.3 Results

5.3.1 3D HOG Parameter Optimisation

As explained in Section 5.2.1.3, the 3D HOG parameters were optimised on the 18F-

florbetapir training data only. Figure 5.2 shows the best classification accuracies

achieved on the 18F-florbetapir training set for each of the 96 3D HOG parameter

combinations. Each sub-plot relates to one of the four histogram configurations

(dodecahedron vs icosahedron, and half-orientation vs full-orientation), and shows

the classification accuracy for each cell size k (horizontal axis) and number of sub-

blocks S (vertical axis). A cell size of k = 4 voxels universally resulted in the lowest

classification accuracy. However, 68 different parameter combinations resulted in a
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mean classification accuracy greater than 95%. Four parameter combinations (high-

lighted in red in Figure 5.2) achieved the same, highest classification accuracy of

98.5%. However, one parameter combination gave the highest combined classifica-

tion accuracy, sensitivity, and specificity (98.5%, 0.973, and 1.00, respectively) on

the 18F-florbetapir training set: cell size k = 16 voxels, number of sub-blocks S = 1,

icosahedron, half-orientation histogram. Consequently, this set of optimum 3D HOG

parameters was then applied to the 18F-florbetapir test set, and the 11C-PiB and

18F-florbetaben data.

5.3.2 Classification Results

The classification accuracy, sensitivity, specificity and area under the receiver op-

erating characteristic curve (AUC) for the 18F-florbetapir test data are shown in

Figure 5.3. The black borders indicate the best results. The classification results for

the 11C-PiB and 18F-florbetaben datasets are presented in Figures 5.4 and 5.5, re-

spectively. For all three tracers, the 3D HOG + SVM classification method resulted

in the largest classification accuracy (96.2%, 99.5%, and 96.9%, respectively) and

AUC (0.962, 0.988, and 0.965, respectively). Using the DeLong method [DeLong

et al. 1988] to statistically compare the AUCs of each classification method, the 3D

HOG + SVM method achieved a significantly larger AUC than the intensity-based

SVM method for 18F-florbetapir (p < 0.01). Furthermore, the 3D HOG + SVM clas-

sification method also achieved a significantly larger AUC than SUVR for 11C-PiB

(p < 0.01). Although the 3D HOG + SVM method had a larger AUC than both the

other methods for 18F-florbetaben, the AUCs were not significantly different. For

18F-florbetaben, the intensity-based SVM had the same classification accuracy as

the 3D HOG + SVM method (96.9%). The 3D HOG + SVM method had a higher

specificity (0.965, 0.976, and 0.987, respectively) than the SUVR method (0.912,

0.881, and 0.867, respectively) across all of the tracers tested. Although SUVR

gave the highest sensitivity for 18F-florbetapir and 18F-florbetaben (0.973 and 0.962,

respectively), it resulted in the lowest sensitivity for 11C-PiB (0.760).
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Figure 5.3: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the 18F-florbetapir test data. The
best results are highlighted with a black border.

Figure 5.4: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the 11C-PiB test data. The best
results are highlighted with a black border.
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Figure 5.5: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the 18F-florbetaben data. The
best results are highlighted with a black border.

5.3.3 Distance to Classification Boundary

Figures 5.6-5.8 show the distances of the test subjects from their respective clas-

sification boundary. For the SVM-based methods, the distances are the Euclidean

distances to the decision hyperplane. For the SUVR method, the distances repre-

sent the subject’s SUVR minus the threshold SUVR. The distances are normalised

to the maximum absolute distance from the boundary. Smaller distances indicate

a lower confidence in the final classification decision. In Figures 5.6-5.8, subjects

in blue with positive distances were incorrectly classified by the given classification

method. Similarly, subjects in red with negative distances were also misclassified.

We used a two-sided t-test, corrected for two comparisons, to examine whether

the boundary distances for the 3D HOG + SVM method were significantly greater

than the other two classification methods. Values of p < 0.01 (corrected for multiple

comparisons) are considered significant.

Across all three tracers, the distances from the boundary for the 3D HOG +

SVM method were found to be significantly greater than the distances of the SUVR

method, for both amyloid positive and amyloid negative subjects. Furthermore, for
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Figure 5.6: The normalised distances of 18F-florbetapir test subjects from the classi-
fication boundary. Subjects in blue with positive distances were incorrectly classified
by the given classification method. Similarly, subjects in red with negative distances
were also incorrectly classified. The dashed lines indicate the mean distance from
the boundary for the subjects visually designated as amyloid positive and amyloid
negative.

both subject groups, the 18F-florbetapir distances are significantly greater for the 3D

HOG + SVM method than the distances of the intensity-based SVM classification

method. The 3D HOG + SVM distances were also significantly greater for the

amyloid positive 18F-florbetaben subjects. In contrast, the distances for the amyloid

positive 11C-PiB subjects were significantly greater for the intensity-based SVM

method compared to the 3D HOG + SVM method.

It is apparent from Figure 5.7 that one 11C-PiB image was classified differently

to the gold standard visual assessment by all three classification methods (image

#9). Similarly, in Figure 5.8, 18F-florbetaben image #104 was classified differently

to the gold standard across all three methods. Axial slices from the PET and MR

volumes of these outliers are shown in Figure 5.9.

Although scans with equivocal visual reads were eliminated from the three data

sets prior to classification analysis, we computed the normalised distances of the
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Figure 5.7: The normalised distances of 11C-PiB test subjects from the classification
boundary. Subjects in blue with positive distances were incorrectly classified by
the given classification method. Similarly, subjects in red with negative distances
were also incorrectly classified. The dashed lines indicate the mean distance from
the boundary for the subjects visually designated as amyloid positive and amyloid
negative.

equivocal scans from the classification boundary for each automated classification

method and tracer. The 3D HOG + SVM method resulted in the largest mean

absolute distance for 18F-florbetapir (0.418), and the intensity-based SVM achieved

the largest mean absolute distance for both 11C-PiB and 18F-florbetaben (0.878 and

0.700, respectively).

5.4 Discussion

5.4.1 Classification Accuracy

In this chapter an amyloid status classification method has been proposed, which is

independent of the predefined regions of interest and amyloid positivity thresholds

typically used to classify based on SUVR. The proposed method has been shown

to generalise across multiple tracers, and could be used as an adjunct to visual
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Figure 5.8: The normalised distances of 18F-florbetaben test subjects from the classi-
fication boundary. Subjects in blue with positive distances were incorrectly classified
by the given classification method. Similarly, subjects in red with negative distances
were also incorrectly classified. The dashed lines indicate the mean distance from
the boundary for the subjects visually designated as amyloid positive and amyloid
negative.

interpretation of PET images, which is currently the standard method for clinical

assessment. In a clinical setting, it would be straightforward to interpret the results

due to the method’s binary output (amyloid positive or amyloid negative). More-

over, unlike SUVR, knowledge of the specific amyloid positivity thresholds for each

tracer is not required, and there is no need to check whether the target/reference

regions are positioned correctly on the image.

In this work, the gold standard for amyloid status was determined using cri-

teria based on consistent visual assessments from three image readers. Although

ADNI provides a clinical diagnosis (e.g. cognitively normal, mild cognitive impair-

ment, Alzheimer’s disease) for each subject at the time of the 18F-florbetapir and

11C-PiB scans, these diagnoses are determined using a range of clinical tests. Conse-

quently, the clinical diagnoses may disagree with visual interpretations of the scans

[Frey 2015] (this is especially true for subjects with mild cognitive impairment), and
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(a) 11C-PiB, image #9

(b) 18F-florbetaben, image #104

Figure 5.9: PET and MR axial slices from the two images which were classified
differently to the gold standard visual assessment by all three classification methods.
(a) 11C-PiB image #9 was visually assessed as amyloid negative, but incorrectly
classified as positive. However, on closer inspection, tracer uptake was observed in
the frontal region (highlighted by the red box), suggesting that the classification
should be amyloid positive. (b) 18F-florbetaben image #104 was correctly assessed
as positive, but automatically classified as amyloid negative.

in fact, the tracer manufacturer instructions state that a positive 18F-florbetapir

scan does not establish a diagnosis of AD or other cognitive disorder [Amyvid 2012].

Moreover, at present, clinical diagnosis can only be confirmed via an autopsy. Whilst

ADNI strives to provide autopsy data, the majority of subjects in the database to do

not have this information. The methods employed in this chapter focus on classifi-

cation of amyloid status using PET images only, and therefore the clinical diagnoses

were discarded. Furthermore, although the tracer manufacturers’ instructions for

visual assessment of amyloid images state that MR or computed tomography (CT)
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images may be used to help localise tracer uptake [Amyvid 2012; Neuraceq 2014],

the readers in this study were not presented with either of these scans. Both the

gold standard visual assessments and the automatic amyloid status classification

methods were conducted using PET images only.

Using visual assessment of the images as the gold standard, the 3D HOG +

SVM method resulted in the highest classification accuracy and AUC for all three

of the tracers evaluated. This could be because it uses local intensity gradients

as features, rather than intensity directly, making it robust to spatially varying

intensity levels. This is advantageous in PET image classification, when data that

have been acquired, and reconstructed, at multiple sites and multiple scanners, may

have different spatially varying intensities. Moreover, by quantising the gradients,

the 3D HOG + SVM method is more robust to noise than the intensity-based SVM,

which uses all of the voxels, which can include noise, as the feature vector. It may

be possible to achieve a higher classification accuracy with the intensity-based SVM

method by smoothing or downsampling the data to reduce the noise, though this

could increase partial volume effects.

Another reason for the high classification accuracy and AUC of the 3D HOG +

SVM method could be the use of cells, instead of individual voxels. Therefore, 3D

HOG can cope well with minor misregistration of the brain to MNI space. When

calculating SUVRs, a small misalignment of the PET brain could result in tracer

uptake appearing to be outside of the region of interest. As a result, this may have

some effect on SUVR.

For the 18F-florbetapir and 18F-florbetaben tracers the SUVR classification method

exhibited the highest sensitivity. One reason for this could be the nature of the

amyloid positivity thresholds. In a clinical setting, a test with a high sensitivity will

rarely misdiagnose a diseased patient. Although false positives would cause unnec-

essary worry or treatment, a false negative patient could miss out on vital support

and care. However, this notion is merely speculative, especially given that amyloid

PET studies have generally not supported a clinically relevant bias towards report-
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ing a scan as positive, and furthermore, there is currently no effective treatment for

AD.

In contrast, the results in Figure 5.4 show a relatively lower classification accu-

racy (78.5%) and sensitivity (0.760) for SUVR compared to the 3D HOG + SVM and

intensity-based SVM methods in 11C-PiB cases. This may be due to the choice of

amyloid positivity threshold. Since the sPAP quantification software that was used

to calculate the SUVRs has not been validated with 11C-PiB data, the threshold from

[Jagust et al. 2009] (1.465) was converted to the sPAP scale (1.15). Equation 5.8 was

constructed from two separate regression equations and implicitly assumed that the

SUVR behaves linearly between the three quantification methods. In reality, this as-

sumption may not be true. Moreover, not only could the original threshold of 1.465

be suboptimal, but every conversion introduces rounding errors. A slight change in

the threshold can have an effect on the classification results. For example, by using

a threshold of 1.16 instead of 1.15, the classification accuracy decreases from 78.5%

to 78.0%. Similarly, the sensitivity decreases from 0.760 to 0.754. Although these

differences appear small, on a large population a 0.5% difference in classification

accuracy could mean that substantial numbers of patients are misdiagnosed. This

result highlights the need for careful validation of new SUVR computation methods,

and amyloid positivity thresholds, for both existing and new tracers, which is one

of the goals of the Centiloid Project [Klunk et al. 2015].

5.4.2 3D HOG Parameters

The results of the 3D HOG parameter optimisation in Figure 5.2 suggest that this

method is likely to give high classification accuracy, even with suboptimal parame-

ters. This is confirmed by the fact that 68 out of 96 parameter combinations resulted

in a classification accuracy greater than 95%. Cell size k had the most profound

effect on classification accuracy, so very small or very large values of k should not be

used. Interestingly, the optimum number of sub-blocks was S = 1. This is equiva-

lent to not using sub-blocks, and only calculating gradients in the larger cells. One
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possible reason for this result is that PET has a comparatively low resolution com-

pared to the video sequences for which 3D HOG was designed. As a result, there

is no need to average gradients over numerous sub-blocks. All four of the highest

scoring parameter combinations used half-orientation histograms, suggesting that

the sign of the gradient is uninformative in this particular application. This seems

reasonable, given that the visual reading instructions for 18F-florbetaben state that

the images should be displayed in grey scale or inverse grey scale [Neuraceq 2014].

5.4.3 Distance from the Classification Boundary

For all cases except positive 11C-PiB subjects, the 3D HOG + SVM method re-

sulted in the greatest mean distances from the decision boundary. A large distance

is desirable, since points near the classification boundary represent low-confidence

classification decisions. Again, one reason for the superior performance of the 3D

HOG + SVM method could be that it utilises image gradients, rather than direct

voxel intensities. The resulting invariance to spatially varying intensity levels and

noise robustness allows the two populations to be more easily separated than using

SUVR or the intensity-based SVM method.

The small distance between amyloid negative subjects and the SUVR thresh-

old supports its relatively lower specificity in Figures 5.3-5.5. The subjects close

to the threshold are classified with a lower confidence, and are more likely to be

misclassified as false positives.

The two images that were classified differently to the gold standard visual assess-

ment (11C-PiB image #9 and 18F-florbetaben image #104) were visually assessed

again by two of the original three readers. Although the 18F-florbetaben image

was again assessed to be an amyloid positive subject by the readers, the distance

from the classification boundary for the SUVR and 3D HOG + SVM classification

methods was small. This indicates that the different automatic classification deci-

sion has low confidence, and that this subject is a particularly difficult borderline

case. After visual reassessment of the 11C-PiB case, for which the gold standard
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amyloid status was negative, a small region of tracer uptake was identified in the

frontal lobe (highlighted by the red box in Figure 5.9(a)), suggesting that the gold

standard amyloid status may have been incorrect for this case. Although thorough

reader training programmes were developed in response to criticisms by the U.S.

Food and Drug Administration (FDA) and European Medicines Association (EMA)

regarding the consistency of F-18 amyloid image interpretation [FDA 2010; EMA

2013], our results highlight the importance of using an adjunct to visual assessment

of amyloid images. In this study, the visual reads were conducted using PET vol-

umes only. However, using MR images to help localise tracer uptake might make

visual assessment more robust.

In this study, scans were given an “equivocal” visual assessment if they did not

clearly fulfil the stringent definitions of amyloid positive or amyloid negative scans.

Typically, scans were only designated as equivocal when readers lacked confidence in

a final classification due to poor image quality. For this reason, equivocal scans are

the type of scans for which automated classification could be most useful. Although

there is no gold standard to which the classification results can be compared, the

distances of the equivocal scans from the boundary indicate the level of confidence

in the final classification of the automated classification methods. The 3D HOG

+ SVM method achieved the largest mean absolute distance from the boundary

(0.418) for the equivocal 18F-florbetapir scans, suggesting a higher level of confidence

in the final classification than the SUVR and intensity-based SVM methods. For

the equivocal 11C-PiB and 18F-florbetaben scans, the intensity-based SVM methods

resulted in the largest mean absolute distance from the classification boundary (0.878

and 0.700, respectively). However, due to the small sample size (only five equivocal

scans for both 11C-PiB and 18F-florbetaben), the distances for the intensity-based

SVM method were not significantly larger (p < 0.01) than those achieved by the

other two classification methods.
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5.4.4 Methodological Considerations

Prior to computing the 3D HOG feature vectors, the PET volumes were affinely

registered to MNI space to ensure that the cells generally contained the same brain

regions across all subjects. A deformable registration algorithm could have been

used, however, to keep the pre-processing steps of the proposed method in line with

the sPAP SUVR method, affine registration was used. Furthermore, it was shown

in Chapter 4 that classification of AD patients versus cognitively normal controls

using SUVR is not affected by the registration method (affine versus deformable

registration).

Although we used all of the 11C-PiB and 18F-florbetaben data that were available

to us, the ADNI database contains many more 18F-florbetapir scans than were used

in this work. Therefore, in future, it would be useful to test our method on a larger

dataset.

Many other feature descriptors have been developed in addition to histograms

of oriented gradients. For example, the Scale-Invariant Feature Transform (SIFT)

algorithm has been successfully used for object recognition in computer vision tasks

[Lowe 1999], and has also been used in feature-based morphometry in MRI to distin-

guish between patients with AD and healthy controls [Toews et al. 2010]. Neverthe-

less, 3D HOG features were chosen for this work due to their simplicity and speed

of computation. Moreover, unlike SIFT and Speeded Up Robust Features (SURF)

[Bay et al. 2006], HOG operates on a dense grid of cells rather than individual points

of interest. A larger set of image descriptors over a dense grid will typically offer

more information than similar descriptors evaluated at a sparse set of image points.

Unlike the original intensity-based SVM method proposed in [Vandenberghe et

al. 2013], which used an SVM with a linear kernel, we used an SVM with a Gaussian

radial basis function kernel. Our primary reason for using a non-linear kernel was

because the subjects in the original input space of the SVM might not be linearly

separable. Although a linear SVM is faster to compute, and non-linear kernels can

give rise to over-fitting, it has been shown that if complete model selection using
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the Gaussian kernel has been conducted, there is no need to consider a linear SVM

[Keerthi and Lin 2003]. In this work, we optimised the parameters of the SVM

and Gaussian kernel on the 18F-florbetapir training data only, using a grid search of

parameters.

On a practical level, the 3D HOG + SVM method uses less memory than the

intensity-based SVM method. The 3D HOG feature vector comprised 1500 elements,

whereas the feature vector for the intensity-based method contained an element for

each voxel inside the brain mask (290409 elements in total). As the number of

elements increases, so does the time taken to train the SVM. The SUVR is also

very quick to compute, but unlike the 3D HOG + SVM method, knowledge of the

underlying anatomy and disease pathology is required in order to choose suitable

target and reference regions.

5.4.5 Conclusion

In this chapter we have proposed a machine learning method for amyloid status

classification based on histograms of oriented three-dimensional gradients. We com-

pared our method to SUVRs obtained from clinically validated amyloid quantifica-

tion software, as well as another machine learning method based solely on image

intensity [Vandenberghe et al. 2013]. Across three separate amyloid tracers, the

proposed 3D HOG + SVM method achieved the highest classification accuracy and

area under the receiver operating characteristic curve. Moreover, the large sepa-

ration between the population groups suggests that the 3D HOG + SVM method

makes fewer low-confidence classification decisions. Unlike SUVR, the 3D HOG +

SVM method required very little recalibration between tracers, and the results in-

dicate that the method has the potential to produce satisfactory results even with

suboptimal parameters. However, to fully assess the generalisability of the 3D HOG

+ SVM method, we need to analyse classification results obtained by optimising the

3D HOG parameters on other amyloid PET tracers, not just 18F-florbetapir data.

This is the subject of the next chapter.
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Chapter 6

The Generalisability of 3D HOG

for Amyloid Classification

In Chapter 5, a novel method for brain amyloid status classification was proposed.

The method uses a feature vector based on histograms of oriented 3D gradients (3D

HOG) as input to a support vector machine (SVM) classifier. In the experiments

described in Chapter 5.2, we optimised the 3D HOG parameters using a set of

18F-florbetapir PET training examples. Without recalibrating, the same 3D HOG

parameters were used to classify 11C-PiB and 18F-florbetaben PET data. Despite

this, the 3D HOG + SVM method achieved a higher classification accuracy than

SUVR and a machine learning approach based on voxel intensity across all three

tracers.

For an amyloid status classification method to be truly generalisable, it should be

able to achieve a high classification accuracy, sensitivity and specificity, regardless of

the amyloid PET tracer, and with minimal recalibration. Therefore, the aim of this

chapter is to explore the generalisability of the 3D HOG + SVM method, by opti-

mising the 3D HOG parameters on three different amyloid tracers (18F-florbetapir,

11C-PiB and 18F-florbetaben), and assessing their classification performance when

applied to unseen test data for each of those tracers. By testing three different

parameter combinations on three different amyloid tracers, nine sets of results are
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Table 6.1: A summary of the training and test data sets for each tracer. The
18F-florbetapir training and test data are unchanged from Chapter 5.

18F-florbetapir 11C-PiB 18F-florbetaben
Train Test Train Test Train Test

# subjects 133 131 105 104 65 63
(positive/negative) (75/58) (74/57) (84/21) (83/21) (27/38) (26/37)

Age ± std dev. 75.8±8.6 74.6±7.2 77.6±6.9 75.6±8.0 69.9±7.5 69.9±7.4

Sex (male/female) 69/64 75/56 67/38 63/41 28/37 34/29

obtained. Analogously to Chapter 5, the results from the 3D HOG + SVM exper-

iments were compared to SUVR and another machine learning method based on

voxel intensity [Vandenberghe et al. 2013].

The remainder of this chapter is structured as follows: Section 6.1 describes the

training and test PET data for each tracer. Section 6.2 briefly summarises the 3D

HOG + SVM, SUVR, and intensity-based SVM classification methods. Section 6.3

presents the classification results for each method, and Section 6.4 discusses the

generalisability of the 3D HOG + SVM method and concludes this work.

6.1 Materials

The images used in this work were the pre-processed PET volumes from Chapter

5. In total there were 264 18F-florbetapir volumes, 209 11C-PiB volumes, and 128

18F-florbetaben volumes.

In order to optimise the 3D HOG parameters for each tracer, the three data

sets were split into training and test sets. The images comprising each set were

randomly selected, but the training and test sets of a given tracer contained the same

proportion of amyloid positive and amyloid negative scans as the entire data set.

The 18F-florbetapir training and test data were identical to those used in Chapter 5.

A summary of the training and test data sets for each tracer is presented in Table

6.1
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6.2 Methods

6.2.1 Parameter Optimisation

To determine the optimal 3D HOG parameters for each tracer, feature vectors were

computed for 96 different parameter combinations. Similarly to Chapter 5, cell size

k ranged from k = 4 voxels to k = 32 voxels in increments of 4 voxels. The number

of sub-blocks S was in the set S = {1, 2, 4}, and the number of histogram bins was

either 12 or 20 (i.e. the polyhedron was either a dodecahedron or icosahedron). The

effect of full- and half-orientation histograms was also assessed.

For each tracer and parameter combination, an SVM classifier was trained us-

ing the feature vectors of the corresponding training data. The SVM parameters

were optimised using ten-fold stratified cross-validation. As before, an SVM with

a Gaussian radial basis function (RBF) was used, so both the slackness variable

C and RBF free parameter γ were optimised [Boser et al. 1992; Cortes and Vap-

nik 1995]. For each tracer, the 3D HOG and SVM parameters that achieved the

highest classification accuracy, sensitivity, and specificity on the training data were

applied to the three sets of test data. Since the 18F-florbetapir training data were

identical to those used in Chapter 5, the optimal 3D HOG and SVM parameters for

18F-florbetapir were unchanged.

6.2.2 Testing the 3D HOG + SVM Method

The procedure for testing the 3D HOG + SVM method is described in Algorithm

6.1. The testing approach in this chapter differed from Chapter 5, because we

assessed three separate 3D HOG + SVM classifiers, each optimised using a different

amyloid PET tracer, rather than a single 3D HOG + SVM classifier optimised

for 18F-florbetapir data only. In subsequent sections, the three 3D HOG + SVM

classifiers are distinguished by the subscripts FBP, PIB, and FBB, which denote

the amyloid PET tracer that was used to optimise the parameters (18F-florbetapir,

11C-PiB, and 18F-florbetaben, respectively).
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Algorithm 6.1 Procedure for testing the 3D HOG + SVM method

1: for each tracer x in {18F-florbetapir,11 C-PiB,18 F-florbetaben} do

2: As described in Section 6.2.1, optimise the 3D HOG + SVM parameters

using the training data for tracer x.

3: for each tracer y in {18F-florbetapir,11 C-PiB,18 F-florbetaben} do

4: Using the optimal 3D HOG + SVM parameters for tracer x, conduct

leave-one-out testing on the test data for tracer y

5: Calculate classification accuracy, sensitivity, specificity, and the area under

the receiver operating characteristic curve (AUC)

6: end for

7: end for

6.2.3 Standardised Uptake Value Ratio

Identically to Chapter 5, the 3D HOG + SVM method was compared to classification

results obtained using SUVR. Again, the commercially available Siemens syngo.PET

Amyloid Plaque (sPAP) quantification software was used to compute the composite

SUVR. The cortical regions of interest and reference region used to calculate the

SUVR for each tracer are described in Chapter 5.2.2. The three amyloid positivity

thresholds were:
18F-florbetapir 1.12 [Hutton et al. 2015]

11C-PiB 1.15 (see Chapter 5.2.2)

18F-florbetaben 1.36 [Hutton et al. 2014]

Although the composite SUVR for each amyloid PET scan remains unchanged

from Chapter 5, the classification accuracy, sensitivity, specificity, and area under

the receiver operating characteristic curve (AUC) were recalculated using only the

test data. This is in contrast to Chapter 5, where the classification results were

determined using the entire 11C-PiB and 18F-florbetapir data sets.
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6.2.4 Image Intensity

Finally, the 3D HOG + SVM and SUVR methods were compared to the intensity-

based classification method proposed by [Vandenberghe et al. 2013]. In summary,

the method uses an SVM trained on the intensities of the voxels inside the brain to

classify subjects as amyloid positive or amyloid negative. The method is identical

to the intensity-based SVM method used in Chapter 5, however, in this work, three

intensity-based SVMs were used – one for each tracer. The SVM parameters were

optimised using ten-fold stratified cross-validation on the training data of a given

tracer. The optimum parameters were then applied to the test data of that particular

tracer, and leave-one-out testing was used to assess the ability of the intensity-based

SVM to classify brain amyloid status.

6.3 Results

6.3.1 3D HOG Parameter Optimisation

Figure 6.1 shows, for a range of 3D HOG parameter settings, the highest classifi-

cation accuracies achieved on the 11C-PiB training data during the optimisation of

the SVM parameters. Each sub-plot relates to one of the four histogram configu-

rations (dodecahedron vs icosahedron, and half-orientation vs full-orientation), and

shows the classification accuracy for each cell size k (horizontal axis) and number of

sub-blocks S (vertical axis). Regardless of the number of sub-blocks and histogram

configuration, a cell size of k = 4 resulted in the lowest classification accuracies.

Nevertheless, 81 different parameter combinations resulted in a classification accu-

racy higher than 95%. Nineteen parameter combinations achieved the same, highest

classification accuracy (99.0%). These combinations are highlighted by the red bor-

ders in Figure 6.1. Unlike Chapter 5.3.1, where one parameter combination gave the

highest classification accuracy, sensitivity, and specificity, selecting a single optimal

parameter combination for 11C-PiB was more difficult. Fifteen of the 19 parame-

ter combinations that achieved the highest classification accuracy also achieved the
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Figure 6.1: The classification accuracies achieved on the 11C-PiB training data for
each of the 96 3D HOG parameter combinations. Each sub-plot relates to one of the
four histogram configurations (dodecahedron vs icosahedron, and half-orientation vs
full-orientation), and shows the highest classification accuracy for each cell size k
(horizontal axis) and number of sub-blocks S (vertical axis). Nineteen parameter
combinations, highlighted in red, achieved the same, highest classification accuracy
(99.0%).

same, highest sensitivity and specificity (1.00 and 0.952, respectively). Therefore,

the final set of 3D HOG parameters was chosen to be the combination that yielded

best classification results with the smallest feature vector. The final parameters for

the 11C-PiB data were as follows: k = 28, S = 2, icosahedron, half-orientation. This

parameter combination results in a feature vector of 270 elements on the 11C-PiB

data.

Similarly to Figure 6.1, the classification accuracies achieved during the optimi-

sation of the 3D HOG parameters for 18F-florbetaben data are presented in Figure

6.2. Again, a cell size of k = 4 resulted in the lowest classification accuracy for

all four histogram configurations. However, 81 parameter combinations achieved a

classification accuracy greater than 95%. The red borders in Figure 6.1 indicate the

21 parameter combinations that resulted in the same, highest classification accuracy

(100%). Therefore, similarly to the 11C-PiB data, the final combination of 3D HOG

parameters for 18F-florbetaben data was chosen from the set of 21 on the basis of
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Figure 6.2: The classification accuracies achieved on the 18F-florbetaben training
data for each of the 96 3D HOG parameter combinations. Each sub-plot relates to
one of the four histogram configurations (dodecahedron vs icosahedron, and half-
orientation vs full-orientation), and shows the highest classification accuracy for each
cell size k (horizontal axis) and number of sub-blocks S (vertical axis). Twenty-one
parameter combinations, highlighted in red, achieved the same, highest classification
accuracy (100%).

feature size. Two parameter combinations yielded a feature vector of 144 elements

(k = 32, dodecahedron, full-orientation, with S = 2 or S = 4). As a result, the

final parameter combination was chosen to be the one which is fastest to compute

(k = 32, S = 2, dodecahedron, full-orientation).

The final sets of 3D HOG parameters used in the classification experiments are

summarised in Table 6.2. The optimal parameters for 18F-florbetapir are the same

as those in Chapter 5.

6.3.2 Classification Results

Figures 6.3-6.5 show the classification accuracy, sensitivity, specificity and area un-

der the ROC curve (AUC) of each classification method when applied to the 18F-

florbetapir, 11C-PiB, and 18F-florbetaben test data, respectively. The three coloured

bars indicate the results of the 3D HOG + SVMFBP (red), 3D HOG + SVMPIB

(blue), and 3D HOG + SVMFBB (yellow) methods, respectively. The best results
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Table 6.2: The optimal 3D HOG parameters for each tracer. To test the generalis-
ability of the 3D HOG + SVM method in the classification experiments, all three
sets of parameters were used on every tracer.

Training data Cell size k # sub-blocks S Polyhedron Histogram orientation
18F-florbetapir 16 1 Icosahedron Half
11C-PiB 28 2 Icosahedron Half
18F-florbetaben 32 2 Dodecahedron Full

are highlighted with a black border. It should be noted that the results for the 3D

HOG + SVMFBP method differ slightly from those presented in Figures 5.4 and 5.5,

since the results in Figures 6.4 and 6.5 use the 11C-PiB and 18F-florbetaben test

data, which is a portion of the entire data set analysed in Chapter 5.

The 3D HOG + SVMFBP method (red bars) achieved the highest classification

accuracy across all three test sets (96.2%, 100% and 96.8%, respectively). Further-

more, for all three tracers, the three different 3D HOG + SVM methods resulted

in a higher classification accuracy than the intensity-based SVM. The 3D HOG +

SVM method also had a greater classification accuracy compared to SUVR in all

cases except for 3D HOG + SVMPIB on the 18F-florbetapir data (blue bar in Fig-

ure 6.3), where it resulted in the same classification accuracy as SUVR (94.7%).

For the 11C-PiB data, the 3D HOG + SVM methods achieved 100% classification

accuracy. Furthermore, across all three tracers, the 3D HOG + SVM methods

achieved a higher specificity than SUVR, and a higher AUC than both SUVR and

the intensity-based SVM method. Using the DeLong method [DeLong et al. 1988] to

statistically compare the AUCs of each classification method, all three 3D HOG +

SVM methods resulted in a significantly higher AUC than the SUVR and intensity-

based SVM methods for the 11C-PiB data (p < 0.01). In addition, the 3D HOG +

SVMFBP method achieved a significantly higher AUC than the intensity-based SVM

method for the 18F-florbetapir data (p < 0.01), and a significantly higher AUC

than the SUVR method for the 18F-florbetaben data (p < 0.01). The 3D HOG +

SVMFBB method also obtained a significantly higher AUC than the intensity-based

SVM method for the 18F-florbetapir data (p < 0.01). Across all three tracers, there
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Figure 6.3: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the 18F-florbetapir test data. The
coloured bars represent the three different 3D HOG + SVM methods, each optimised
using data from a different amyloid PET tracer (red: 3D HOG + SVMFBP, blue:
3D HOG + SVMPIB, yellow: 3D HOG + SVMFBB). The best results are highlighted
with a black border.

was no statistical difference between the AUCs of the 3D HOG + SVM methods.

6.3.3 Distance to Classification Boundary

Figures 6.6-6.8 show the normalised distances of the test subjects from their re-

spective classification boundary. The top three sub-plots of each figure denote the

distances for the 3D HOG + SVMFBP, 3D HOG + SVMPIB, and 3D HOG + SVMFBB

methods, respectively. The blue bars represent subjects that were visually assessed

as amyloid negative, and the red bars represent subjects that were visually assessed

as amyloid positive. Subjects in blue with positive distances, and subjects in red

with negative distances were incorrectly classified by the given classification method.

The dashed lines indicate the mean distance from the boundary for the subjects vi-

sually designated as amyloid positive and amyloid negative.

Similarly to Chapter 5, a two-tailed t-test was used to examine whether the
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Figure 6.4: The classification accuracy, sensitivity, specificity and area under the re-
ceiver operating characteristic curve (AUC) for the 11C-PiB test data. The coloured
bars represent the three different 3D HOG + SVM methods, each optimised using
data from a different amyloid PET tracer (red: 3D HOG + SVMFBP, blue: 3D HOG
+ SVMPIB, yellow: 3D HOG + SVMFBB). The best results are highlighted with a
black border.

boundary distances of each 3D HOG + SVM methods were significantly greater

than the SUVR and intensity-based methods. Values of p < 0.01 (corrected for

multiple comparisons) are considered significant.

The distances of the amyloid negative subjects were significantly greater for all

three 3D HOG + SVM methods than SUVR, across all three tracers. The 3D HOG

+ SVM methods also achieved significantly greater distances than SUVR for the

amyloid positive 11C-PiB test data. Moreover, all three 3D HOG + SVM methods

resulted in significantly larger distances than the intensity-based SVM for the 18F-

florbetapir and 11C-PiB amyloid negative scans, and the 18F-florbetaben amyloid

positive scans. Table 6.3 presents a summary to indicate which of the 3D HOG

+ SVM methods resulted in significantly greater distances from the classification

boundary than the SUVR and intensity-based SVM methods. Out of a total 36

comparisons, the 3D HOG + SVM methods resulted in significantly larger distances
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Figure 6.5: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the 18F-florbetaben test data. The
coloured bars represent the three different 3D HOG + SVM methods, each optimised
using data from a different amyloid PET tracer (red: 3D HOG + SVMFBP, blue:
3D HOG + SVMPIB, yellow: 3D HOG + SVMFBB). The best results are highlighted
with a black border.

than SUVR and the intensity-based SVM methods for 26 comparisons. Two-tailed

t-tests between the 3D HOG + SVM methods showed that there was no significant

difference between the distances from the classification boundary for the amyloid

negative scans of all three tracers. The 3D HOG + SVMFBP and 3D HOG + SVMFBB

methods achieved significantly greater distances from the classification boundary

than the 3D HOG + SVMPIB method for amyloid positive 18F-florbetapir scans.

However, the 3D HOG + SVMPIB method resulted in significantly greater distances

than the 3D HOG + SVMFBP and 3D HOG + SVMFBB methods for amyloid positive

11C-PiB scans.

In addition to the distances from the classification boundary, Figure 6.6 shows

that three 18F-florbetapir test images were classified differently to the gold standard

visual assessment by all three 3D HOG + SVM methods (images #50, #73 and

#130). Moreover, one 18F-florbetaben test image was classified differently to the
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Figure 6.6: The normalised distances of 18F-florbetapir test subjects from the classi-
fication boundary. Subjects in blue with positive distances were incorrectly classified
by the given classification method. Similarly, subjects in red with negative distances
were also incorrectly classified. The dashed lines indicate the mean distance from
the boundary for the subjects visually designated as amyloid positive and amyloid
negative.

visual assessment by all five classification methods (image #49). An axial slice

from the PET and MR volumes of the three 18F-florbetapir outliers are shown in

Figure 6.9. Figure 6.10 shows the corresponding axial PET and MR slice for the

18F-florbetaben image that was classified differently to the gold standard.
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Figure 6.7: The normalised distances of 11C-PiB test subjects from the classification
boundary. Subjects in blue with positive distances were incorrectly classified by
the given classification method. Similarly, subjects in red with negative distances
were also incorrectly classified. The dashed lines indicate the mean distance from
the boundary for the subjects visually designated as amyloid positive and amyloid
negative.

6.4 Discussion

6.4.1 Classification Accuracy

In this chapter, the generalisability of the 3D HOG + SVM method has been eval-

uated, with regards to classification of brain amyloid status across three different

amyloid PET tracers.

Across all three tracers, the 3D HOG + SVMFBP method achieved the highest

classification accuracy of all the methods tested. Furthermore, the two other 3D

HOG + SVM methods, 3D HOG + SVMPIB and 3D HOG + SVMFBB, resulted

in higher classification accuracies than the intensity-based SVM, and greater or
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Figure 6.8: The normalised distances of 18F-florbetaben test subjects from the classi-
fication boundary. Subjects in blue with positive distances were incorrectly classified
by the given classification method. Similarly, subjects in red with negative distances
were also incorrectly classified. The dashed lines indicate the mean distance from
the boundary for the subjects visually designated as amyloid positive and amyloid
negative.

equal classification accuracies to SUVR. These results demonstrate that the 3D

HOG + SVM method generalises to multiple amyloid tracers, and can obtain high

classification accuracies over a range of different parameter combinations.

As described in Chapter 5.4, one reason for the higher classification accuracy of

the 3D HOG + SVM method compared to the other two methods could be due to

its use of local intensity gradients as features, rather than voxel intensities directly.

Conceptually, this is similar to visual assessment of amyloid PET scans, which

utilises local loss of contrast between grey and adjacent white matter. Consequently,

this makes the 3D HOG + SVM method more robust to spatially varying intensity

levels.
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Table 6.3: A summary to indicate which of the 3D HOG + SVM methods resulted in
significantly greater (p < 0.01, corrected) distances from the classification boundary
than the SUVR and intensity-based SVM methods, for both amyloid negative (N)
and amyloid positive (P) subjects.

Test data 3D HOG + SVM
method

Group Significantly greater (p < 0.01,
corrected) distances than

SUVR Intensity-SVM
18F-florbetapir FBP N X X
(Figure 6.6) P X X

PIB N X X
P - -

FBB N X X
P - X

11C-PiB FBP N X X
(Figure 6.7) P X X

PIB N X X
P X -

FBB N X X
P X X

18F-florbetaben FBP N X -
(Figure 6.8) P - X

PIB N X -
P - X

FBB N X -
P - X

Figures 6.3-6.5 show that the three 3D HOG + SVM methods achieved a higher

AUC than SUVR and the intensity-based SVM method across all three tracers.

These results indicate that the 3D HOG + SVM method is more likely to agree with

the visual assessment of a randomly selected subject than the SUVR or intensity-

based SVM methods. Moreover, the DeLong test (Section 6.3.2) showed that there

was no statistical difference between the AUCs of the three 3D HOG + SVM meth-

ods (p < 0.01, corrected), despite using different parameters. This result suggests

that the 3D HOG + SVM method is robust to the choice of parameters and amyloid

PET tracer.

6.4.2 3D HOG Parameters

The results in Figures 6.1 and 6.2 further suggest that the 3D HOG + SVM method

generalises across different amyloid tracers, and is capable of delivering a high clas-
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(a) Image #50

(b) Image #73 (c) Image #130

Figure 6.9: PET and MR axial slices from the three 18F-florbetapir subjects which
were classified differently to the gold standard visual assessment by all three 3D HOG
+ SVM classification methods. (a) Image #50 was visually assessed as amyloid neg-
ative, but incorrectly classified as amyloid positive. However, on closer inspection,
tracer uptake was observed in the grey matter in the region highlighted by the red
box, suggesting that the image could be amyloid positive. (b) and (c) Images #73
and #130 were correctly assessed as amyloid positive, but automatically classified
as amyloid negative.

sification accuracy for a variety of parameter combinations. For both 11C-PiB and

18F-florbetaben, 81 different 3D HOG parameter combinations achieved a classifi-

cation accuracy greater than 95% when optimising the SVM on the training data.

Furthermore, during the optimisation on 18F-florbetaben, 21 different 3D HOG pa-

rameter combinations obtained a classification accuracy of 100% on the training

data.

Similarly to Chapter 5, a cell size of k = 4 universally resulted in the lowest clas-

sifications accuracies, suggesting that very small cell sizes should not be used. The

137



Figure 6.10: PET and MR axial slices from the 18F-florbetaben subject which was
classified differently to the gold standard visual assessment by all five classification
methods. 18F-florbetaben image #49 was visually assessed as amyloid positive, but
automatically classified as amyloid negative. This is the same 18F-florbetaben image
that was consistently classified differently to the gold standard in Chapter 5.

majority of 3D HOG parameter combinations that gave the highest classification

accuracies (the 19 red boxes in Figure 6.1 and 21 red boxes in Figure 6.2) used two

or four sub-blocks. The histogram for a given cell is the sum of the quantised mean

gradients of the sub-blocks in that cell. Therefore, more sub-blocks could mean that

the histogram contains larger values. If the gradients in the sub-blocks are in the

same general direction, this would result in a large difference between histogram

elements. This large discrepancy between histogram values could be useful for clas-

sification because the histogram would be more robust to small differences in cell

gradients between subjects.

In future, to fully assess the generalisability of the 3D HOG + SVM method,

it would be useful train the method on a mixture of 18F-florbetapir, 11C-PiB, and

18F-florbetaben data, rather than data from one amyloid PET tracer only. The

optimum 3D HOG parameters for this case can be determined from the results

of the parameter optimisations presented in Chapter 5.3.1 and Section 6.3.1. The

parameters that gave the highest mean classification accuracy (98.9%) across the

training data for all three tracers were: k = 28, S = 2, icosahedron, with a full-

orientation histogram. Although these parameters are slightly different to the 3D

HOG parameters used in this chapter, the parameter sets used in this work all

achieved a mean classification accuracy greater than 97% when applied to training

data comprising all three amyloid PET tracers.
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6.4.3 Distance from the Classification Boundary

The 3D HOG + SVM methods achieved a significantly larger normalised distance

from the classification boundary than the SUVR and intensity-based SVM methods

for most of the comparisons presented in Table 6.3. A large distance from the

boundary is advantageous, because points close to the boundary represent lower

confidence classification decisions. As proposed in Chapter 5.4, one reason for the

3D HOG + SVM method producing larger distances than the other methods could

be that it is more robust to noise because it uses quantised gradients, rather than

all the voxels directly, which can include noise.

Across all three tracers, SUVR consistently resulted in the smallest mean dis-

tance from the classification boundary for amyloid negative subjects (-0.164, -0.114

and -0.080, respectively). In contrast, SUVR gave much larger mean distances for

the amyloid positive subjects (0.416, 0.321 and 0.337, respectively), suggesting that

the classification decisions could be made more robust by revising the amyloid pos-

itivity threshold upwards.

It is clear from Figure 6.6 and 6.8 that some subjects were consistently classified

differently to the gold standard. Consequently, the four images in Figures 6.6 and 6.8

were reassessed visually. Despite being automatically classified as amyloid negative

by all three 3D HOG + SVM methods, 18F-florbetapir images #73 and #130 were

again visually assessed to be amyloid positive. Similarly, 18F-florbetaben image #49

maintained its amyloid positive visual assessment, even though it was automatically

classified as amyloid negative. This is the same image that was consistently classi-

fied differently to the gold standard in Chapter 5, so it is reasonable that it would

be misclassified again. In contrast, although the original gold standard assessment

for 18F-florbetapir image #50 was amyloid negative, following a reassessment, tracer

uptake was observed in the occipital lobe grey matter (see the red box in Figure

6.10). This suggests that the image could be amyloid positive, thus agreeing with

the classification decision made by the 3D HOG + SVM methods. These results

highlight the need for an adjunct to visual assessment of amyloid images. If an au-

139



tomatic classification method disagrees with a visual read, it should prompt further

examination from a clinician, leading to a more accurate assessment of the image,

and ultimately, the patient.

6.4.4 Conclusion

In this chapter we have examined the generalisability of the 3D HOG + SVM method

for classification of brain amyloid status. In both clinical and research settings,

a generalisable amyloid status classification method would be useful in order to

negate the need for tracer-specific cortical regions of interest and amyloid positivity

thresholds. Our results indicate that the 3D HOG + SVM method can achieve a high

classification accuracy, even on amyloid PET data for which the parameters have

not been optimised. For a variety of parameter combinations, the 3D HOG + SVM

method resulted in a higher classification accuracy than a machine learning method

based solely on voxel intensity. Furthermore, depending on the parameters used, the

3D HOG + SVM method achieved a classification accuracy greater than or equal

to SUVR. The results in this chapter also demonstrate that the 3D HOG + SVM

method resulted in significantly larger distances from the classification boundary

than SUVR or the intensity-based SVM method. This suggests that is it less likely

to make low-confidence classification decisions.

Although our 3D HOG + SVM amyloid status classification method does not

require specific tracer or anatomical knowledge, the 3D HOG image features are

hand-crafted. Therefore, in the next chapter, we will explore whether it is possible

to achieve the same, or better, classification results using a method for automatic

feature learning.
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Chapter 7

Amyloid Status Classification

Using Deep Learning

In Chapters 5 and 6, we proposed and evaluated a novel machine learning method

for amyloid status classification. Our method, 3D HOG + SVM, was based on the

histogram of oriented gradients (HOG) feature descriptor. HOG features are known

as “hand-crafted” image features because they were originally based on empirical

observations and designed for a specific task (detecting pedestrians in 2D images

[Dalal and Triggs 2005]). Therefore, despite the high classification accuracies ob-

tained by our 3D HOG + SVM method in Chapters 5 and 6, HOG features may

not be the optimal features for amyloid status classification in PET imaging. In

contrast to using the hand-crafted HOG features, deep learning methods automati-

cally derive image features from training data, thus eliminating the need to design

suitable features for different tasks. Furthermore, it has been shown that deep learn-

ing methods can infer a hierarchy of physiologically meaningful image features [Plis

et al. 2014], and achieve competitive, if not superior, segmentation and classification

results to other methods [Brosch et al. 2014; Guo et al. 2014].

For these reasons, the aim of this chapter is to investigate the potential of deep

learning to derive features from amyloid PET images, which can be used to discrim-

inate between amyloid positive and amyloid negative subjects. To our knowledge,
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at the time of writing this thesis, the only study that has applied deep learning to

PET brain imaging for classification of AD reduced the PET images to SUVR-like

features, and combined them with information from structural MR images prior to

the deep learning process [Suk and Shen 2013]. Therefore, this chapter presents the

first investigation into using deep learning methods to derive features directly from

amyloid PET images. We also assess the effect that the depth of the deep learning

method has on classification accuracy. Moreover, analogously to [Lee et al. 2009a],

we explore the idea of using readily available unrelated data (i.e. non-medical im-

ages) to train the first layer of the deep learning network, in order to potentially

improve the classification accuracy.

To achieve this, we constructed one-layer, two-layer, and three-layer convolu-

tional deep belief networks (CDBNs) [Desjardins and Bengio 2008]. The CDBN is

an extension to the deep belief network proposed by [Hinton et al. 2006], which was

introduced in Chapter 2.3. Unlike the deep belief network, which flattens the input

images into a 1D array, the CDBN is able to take into account the spatial structure

of the images, and detect the same feature at multiple locations within an image. In

this chapter, we adopt CDBNs for amyloid status classification because they have

achieved state-of-the-art classification performance on the CIFAR-10 image data set

[Krizhevsky 2010], and have been successfully used for face detection [Lee et al.

2009a]. We assessed the classification performance of each CDBN, and compared

the results to four other classification methods: SUVR, a 2D and 3D implementation

of the intensity-based SVM classification proposed by [Vandenberghe et al. 2013],

and the 3D HOG + SVM method from Chapter 5.

The remainder of this chapter is organised as follows: Section 7.1 introduces the

convolutional restricted Boltzmann machine, and its role in a CDBN. Section 7.2

gives details of the amyloid PET data used in this chapter, and Section 7.3 describes

the CDBN construction and the classification experiments. In Section 7.4 we present

our results, and finally, Section 7.5 discusses the applicability of CDBNs for amyloid

status classification.
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7.1 Methods

As explained in Chapter 2.3, each layer in a deep belief network is composed of a

restricted Boltzmann machine (RBM). Analogously, each layer of a CDBN is com-

posed of a convolutional RBM (CRBM). In the following sections we will introduce

the CRBM, as originally proposed by [Desjardins and Bengio 2008], and explain

how multiple CRBMs are stacked to form a CDBN [Lee et al. 2009a].

7.1.1 Convolutional Restricted Boltzmann Machines

A CRBM is the building block of a CDBN. It is a probabilistic model that defines a

joint energy function between a visible layer V and a hidden layer H (see Figure 7.1).

Without restricting generalisability, we will assume that the visible layer comprises a

square, 2D input image of size NV×NV . The visible units vij correspond to the pixels

in that input image. The hidden layer consists of K feature detectors (known as

bases), each one an NH×NH array of binary units hij. Each base Hk is connected to

the visible layer by an NW×NW filter1 W k (where NW = NV −NH +1), represented

by the coloured boxes in Figure 7.1. No connections are permitted between bases.

All of the visible units share a bias a, and each of the K hidden bases has an

associated bias bk. The energy of the joint configuration (v,h) is given by [Lee et al.

2009a]:

E(v,h) = −
K∑
k=1

NH∑
i,j=1

NW∑
q,r=1

hkijW
k
qrvi+q−1,j+r−1 − a

NV∑
i,j=1

vij −
K∑
k=1

bk

NH∑
i,j=1

hkij (7.1)

By changing the notation such that • denotes A • B = trATB, and ∗ denotes

discrete convolution, the energy function can be simplified:

E(v,h) = −
K∑
k=1

hk • (W̃ k ∗ v)− a
∑
i,j

vij −
K∑
k=1

bk
∑
i,j

hkij (7.2)

1The filters are a 2D extension of the weights in the original RBM, presented in Figure 2.9 and
Equation 2.17.
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Hidden layer

Visible layer
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NH
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W 1

W 1

W 2
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visible unit vij

hidden unit hij

V

Figure 7.1: An illustration of a CRBM. For simplicity, only three bases in the hidden
layer are shown. The black circles represent the individual units in each layer. Each
hidden unit hij represents the presence of a particular image feature at an NW×NW

neighbourhood of visible units. If a feature is detected within a neighbourhood,
the corresponding hidden unit is activated (set to 1). The blue, green, and red
lines indicate the hidden units that correspond to the neighbourhoods of the same
colour. Hidden units within a base Hk represent the presence of the same feature
at different locations within the visible layer V . Each filter W k detects a different
image feature.

where W̃ k denotes that W k has been reflected horizontally and vertically.

Given the partition function Z =
∑

x exp(−E(v,h)), the probability distribution

can be defined as:

P (v,h) =
1

Z
exp(−E(v,h)) (7.3)

Using Equation 7.3, the probability of the visible layer P (v) is obtained by

marginalising over the hidden layer. To train the CRBM, gradient descent on the

negative log-likelihood of P (v) is performed. Since the computation of the partition

function Z is mathematically intractable, so is the computation of the gradient.

Therefore, identically to the RBM method presented in Chapter 2.3, the gradient is

estimated using a truncated Gibbs chain. This method is also known as contrastive

divergence [Hinton 2002]. The learning rate ε required for stable learning depends

on the application and is set by the user.
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Due to the specific bipartite structure of the network, where the hidden bases

are conditionally independent of one another given the state of the visible layer (and

vice versa), sampling a CRBM is very efficient. The probability of a single hidden

unit hij being activated (i.e. set to 1) is given by:

P (hkij = 1|v) = σ(bk + (W̃ k ∗ v)ij) (7.4)

where σ(x) = 1/(1 + exp(−x)).

Similarly, the probability of a visible unit vij being activated is given by:

P (vij = 1|h) = σ(a+ (
∑
k

W k ∗ hk)ij) (7.5)

It should be noted that Equations 7.4 and 7.5 have the same form as the equations

in the original RBM (Equations 2.23 and 2.24, respectively).

Using the probability that a hidden unit hij will be activated, the binary value

of that unit can be determined. If P (hkij = 1|v) > 0.5, hidden unit hij is set to 1,

else hidden unit hij is set to 0. The expected values of the hidden units are known

as activations.

7.1.2 Convolutional Deep Belief Networks

It has been demonstrated by [Bengio et al. 2014] that higher-level, more abstract

features can make it easier to extract useful information about the input data when

building a classifier. Higher-level image features can be obtained using CRBMs by

stacking them to form a CDBN. A CDBN is constructed by using the activations

from one CRBM (i.e. the values of the hidden layer) as the visible layer in another

CRBM. Each CRBM is trained in isolation, and the activations of the second CRBM

can be connected to a third CRBM, and so on. To reduce the computational burden

of stacking CRBMs, [Lee et al. 2009a] reduced the size of the hidden layer bases Hk

by a constant factor C prior to using the activations as inputs to another CRBM.

This was achieved via max-pooling, where each unit in the max-pooled base pk
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corresponds to the maximum value in a small region in the hidden layer base Hk,

i.e. over a number of hidden units. We adopt a similar approach in this chapter,

and an illustration of a CDBN comprising two CRBMs with max-pooling is shown

in Figure 7.2. In subsequent sections, we refer to a CDBN that consists of n CRBMs

with max-pooling as an n-layer CDBN.

Once a CDBN has been trained, the values of the final max-pooled bases (also

known as the max-pooled activations) can be used to train a classifier, such as a

support vector machine (SVM) [Lee et al. 2009a]. In order to be used as the input

to an SVM, the max-pooled bases pk are flattened into a 1D array. This is indicated

by the top dashed box in Figure 7.2. The classifier can be tested by computing the

final max-pooled activations of a previously unseen image.

7.2 Materials

The 264 18F-florbetapir PET and T1-weighted MR volumes that were used in Chap-

ter 5 were also used in this chapter. The data were pre-processed using the method

described in Chapter 3.2.2. In summary, the PET and MR volumes were rigidly co-

registered, skull-stripped, and then transformed to MNI space. The gold standard

for the classification experiments in this chapter was the visual assessment of the

amyloid PET images, as originally used in Chapter 5. The final data set consisted

of 149 amyloid positive subjects and 115 amyloid negative subjects.

7.3 Experiments

7.3.1 Constructing and Training the CDBNs

In this study, we assessed the effect that the depth of a CDBN has on its ability to

classify amyloid PET scans as amyloid positive or amyloid negative. To achieve this,

we constructed a one-layer, two-layer, and three-layer CDBN. In practice, since each

CRBM in a CDBN is trained in isolation, the one-layer CDBN is equivalent to the
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SVM

Max-pooling
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Max-pooling

CRBM

p2

H2

H2

V2 ≡ p1

p1

H1

H1

V1

Second layer

First layer

p2

Figure 7.2: An illustration of a CDBN architecture comprising two CRBMs with
max-pooling. This is known as a two-layer CDBN, and the layers are indicated by
the blue and red boxes, respectively. Learning proceeds from bottom to top. Prior
to using the hidden layer of the first CRBM H1 as the input to the second CRBM
V2, max-pooling is used to reduce the size of the hidden layer bases by a constant
factor C (C = 2 in this illustration). For classification tasks, an SVM is trained
using the values of the final max-pooling layer (p2 in this illustration). These values
are referred to as max-pooled activations.
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first layer (i.e. the first CRBM + max-pooling) of the three-layer CDBN. Similarly,

the two-layer CDBN is equivalent to the first two layers of the three-layer CDBN.

Therefore, in Section 7.4, the filters learnt by the one- and two- layer CDBNs are

identical to the filters learnt by the first and second layers of the three-layer CDBN.

Classification experiments require a training data set and a test data set. There-

fore, we split the 18F-florbetapir data into two sets. The training data set comprised

40 amyloid positive and 40 amyloid negative scans (as determined via visual as-

sessment) randomly selected from the set of 264 images. The remaining 184 scans

formed the test data set.

Due to the very large number of convolution operations during the iterative

CDBN training process (see Equations 7.4 and 7.5), the training is computationally

expensive and very slow. Therefore, to reduce the computational burden of training

with 3D amyloid PET volumes, we trained the CDBNs using a single 2D axial slice

from the spatially normalised PET volume of each subject in the training set. The

axial slice was selected to contain brain regions where amyloid tracer uptake should

be assessed during the visual interpretation of an amyloid PET scan, such as the

lateral temporal lobe and frontal lobe [Neuraceq 2014]. An example of the 2D axial

slice from an amyloid negative and amyloid positive scan is shown in the top row of

Figure 7.3. The corresponding 2D axial slice from the amyloid PET volumes of the

test subjects were used to test the CDBNs.

Since CDBNs have not yet been explored in the context of amyloid PET analysis,

the hyper-parameters used to train the CDBNs in this chapter were adopted from

[Lee et al. 2009a], with the exception of the learning rate ε:

Layer 1 ε = 0.02, K = 24, NW = 10px, C = 2, 1200 iterations

Layer 2 ε = 0.0001, K = 40, NW = 10px, C = 2, 700 iterations

Layer 3 ε = 0.00001, K = 24, NW = 14px, C = 2, 400 iterations

The learning rate ε for each layer was determined heuristically, such that unstable

oscillations during the gradient descent optimisation process were avoided.

148



Figure 7.3: Example training data for the first layer of the PET-CDBNs, MR-
CDBNs and natural-CDBNs, respectively. Top row: 2D axial slices from 18F-
florbetapir PET images (left: amyloid negative, right: amyloid positive). Middle
row: 2D axial slices from the MR images corresponding to the same subject and
anatomical location as the amyloid PET images in the top row. Bottom row: Pho-
tographs of natural scenes (as used in [Olshausen and Field 1996]). The natural
images are much larger than the PET and MR images, but have been reduced in
this figure. To reduce the computational cost of training with 3D volumes, the
CDBNs in this chapter were trained and tested using 2D data. The higher layers of
each CDBN were trained using the 2D 18F-florbetapir PET training images.
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7.3.2 Classification of CDBN Activations

Once the CDBNs had been trained, we trained an SVM classifier for each CDBN

(one-layer, two-layer, and three-layer) using the max-pooled activations from the

final layer. This is illustrated for a two-layer CDBN in Figure 7.2. The SVMs

were trained with 80 sets of max-pooled activations, one for each training subject.

Similarly to the SVM used in our 3D HOG + SVM method proposed in Chapter 5,

we used an SVM with a Gaussian radial basis function (RBF).

The SVM hyper-parameters, i.e. the slackness variable and the free parameter

of the RBF, were optimised on the PET training data using a grid search with

stratified ten-fold cross-validation. The test data were classified as amyloid pos-

itive or amyloid negative using an SVM trained on the training data, with the

optimal hyper-parameters. Following testing, the classification accuracy, sensitivity,

and specificity were calculated. By adjusting the SVM decision boundary, receiver

operating characteristic (ROC) analysis was also performed on the test data set.

7.3.3 Training CDBNs Using Non-PET Data

In addition to assessing learning depth, we also investigated the potential of using

non-PET data to train the first layer of a CDBN designed to classify brain amyloid

status. This technique is consistent with [Lee et al. 2009a], where photographs of

natural scenery were used to train the first layer of a CDBN designed to detect

human faces. A similar approach was also used in [Bar et al. 2015], where a convo-

lutional neural network (CNN) that had been trained using non-medical data was

used to identify different types of pathologies in chest x-rays.

7.3.3.1 MR-CDBN

To conduct this assessment, we constructed additional one-layer, two-layer, and

three-layer CDBNs. The first layer of these CDBNs was trained using a single 2D

axial slice from the MR volume of each subject in the training set. The MR slice

corresponds to the same anatomical location as the 2D axial PET slice described in
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Section 7.3.2. Examples of the 2D axial MR slice are shown in middle row of Figure

7.3. The higher layers of the two- and three-layer CDBNs were trained using the 2D

PET data detailed in Section 7.3.2. To achieve this, the input to the second layer

of the CDBN consisted of the max-pooled activations that were computed when the

2D PET images were applied to the first layer of the CDBN that had been trained

using MR images. The hyper-parameters used to train each of these CDBNs were

identical to those used in Section 7.3.1.

Analogously to 7.3.2, for each CDBN, an SVM was trained using the max-pooled

activations from the final layer. However, the max-pooled activations used to train

the SVMs were obtained using the 2D amyloid PET training data only, not the 2D

MR training data. The SVMs were also tested using the max-pooled activations

corresponding to the 2D PET images of the 184 test subjects.

To avoid confusion between the CDBNs described in Section 7.3.1 and the

CDBNs described in this section, we will subsequently refer to them as the PET-

CDBNs and MR-CDBNs, respectively, where the prefix denotes the data used to

train the first layer.

7.3.3.2 Natural-CDBN

By training and testing the PET- and MR-CDBNs using 2D data, rather than

3D volumes, it is possible to train the first layer of another CDBN using readily

available, non-medical 2D images, such as photographs. Therefore, in addition to

assessing CDBNs where the first layer was trained using MR images, we also assessed

CDBNs where the first layer was trained using non-medical data. To achieve this, we

constructed a further three CDBNs (henceforth called natural-CDBNs), and trained

the first layer of each CDBN using the natural scenery images2 used in [Olshausen

and Field 1996]. Example training data are shown in the bottom row of Figure 7.3.

To increase the number of natural images in the training set, patches from each

image were used, rather than the entire image. Identically to the MR-CDBNs, the

2http://redwood.berkeley.edu/bruno/sparsenet/
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Table 7.1: A summary of the training data used for each layer (1,2,3) of the nine
CDBNs. All nine CDBNs were tested using 2D PET slices only.

One-layer Two-layer Three-layer
PET-CDBN 1: 2D PET slices 1: 2D PET slices 1: 2D PET slices

2: 2D PET slices 2: 2D PET slices
3: 2D PET slices

MR-CDBN 1: 2D MR slices 1: 2D MR slices 1: 2D MR slices
2: 2D PET slices 2: 2D PET slices

3: 2D PET slices
Natural-CDBN 1: Natural images 1: Natural images 1: Natural images

2: 2D PET slices 2: 2D PET slices
3: 2D PET slices

higher layers of the two- and three- layer natural-CDBNs were trained using the 2D

PET images described in Section 7.3.2. The SVMs corresponding to each natural-

CDBN were trained and tested in the same manner as the SVMs corresponding to

the three MR-CDBNs.

In total, we compared nine different CDBNS: one-, two-, and three-layer PET-

CDBNs, one-, two-, and three-layer MR-CDBNs, and one-, two-, and three-layer

natural-CDBNs. A summary of the training data used for each layer of the nine

CDBNs is presented in Table 7.1

7.3.4 Non-Deep Learning Classification Methods

In order to assess the ability of the CDBNs to classify brain amyloid status, they

were compared to four other classification methods: SUVR, the intensity-based

SVM method proposed by [Vandenberghe et al. 2013], a 2D equivalent of the the

intensity-based SVM method, and the 3D HOG + SVM method from Chapter 5.

The four methods are briefly reviewed in Sections 7.3.4.1-7.3.4.3

7.3.4.1 Standardised Uptake Value Ratio

The SUVR for each 18F-florbetapir PET volume was computed using the same

method as Chapter 5 (Siemens syngo.PET Amyloid Plaque software). Once again,

the threshold for amyloid positivity was composite SUVR > 1.12 [Hutton et al.
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2015].

7.3.4.2 Intensity-Based Classification in 3D and 2D

In addition to SUVR, the CDBNs were compared to a straightforward classification

technique based only on the voxel intensities of the PET brain volumes [Vanden-

berghe et al. 2013]. This method, known as the intensity-based SVM, is detailed in

Chapter 5.2.3. In this chapter, the voxel intensities from the amyloid PET volumes

of the 80 training subjects were used to train an SVM to classify subjects as amyloid

positive or amyloid negative. Similarly to Section 7.3.2, the SVM hyper-parameters

were optimised using stratified ten-fold cross-validation on the training data. The

decision boundary was then used to classify the remaining 184 subjects excluded

from training, and ROC analysis was performed on the classification results.

The classification method proposed by [Vandenberghe et al. 2013] uses 3D vol-

umes, and not 2D images. Since the CDBNs were trained and tested using 2D

images, it is reasonable to compare their classification performance to another ma-

chine learning method based on 2D axial PET slices. Therefore, we adapted the

intensity-based SVM method to work with 2D images. In a similar manner to [Van-

denberghe et al. 2013], only pixels inside the brain were used to train and test the

intensity-based SVM. To achieve this, a brain mask was constructed from the lin-

ear MNI152 T1-weighted MR template [Mazziotta et al. 2001]. The 3D mask was

dilated by 2mm, and the axial slice at the same location as the 2D axial PET slices

used to train and test the CDBNs (see Section 7.3.2) was used as the final 2D brain

mask. The pixels from the amyloid PET slices that were inside the 2D brain mask

were reshaped into 1D arrays. Then, the 80 1D arrays corresponding to the 80 train-

ing subjects were used as training data for an SVM. Prior to using the SVM, all

of the arrays were normalised to have zero mean and unit variance. As before, the

SVM hyper-parameters were optimised using stratified ten-fold cross-validation, and

the decision boundary was used to classify the remaining 184 subjects as amyloid

positive or amyloid negative.
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7.3.4.3 Histograms of Oriented 3D Gradients

The CDBNs were also compared to the 3D HOG + SVM classification method, as

proposed in Chapter 5. An SVM was trained using the 3D HOG features derived

from the 80 18F-florbetapir volumes that comprised the training set. Following

optimisation of the SVM hyper-parameters (again, using stratified ten-fold cross-

validation), the SVM was used to classify the 184 subjects excluded from training,

based on their 3D HOG features. The 3D HOG parameters used in this work were

the same as the parameters used in Chapter 5: cell size k = 16 voxels and number of

sub-blocks S = 1, with an icosahedron as the platonic solid, and a half-orientation

histogram.

7.4 Results

7.4.1 CDBN Filters

Figures 7.4-7.6 present the filters learnt by the final layer of each CDBN. The filters

learnt by the one-layer PET-CDBN are less sharp than the oriented, localised edge

filters learnt by the one-layer MR-CDBN and one-layer natural-CDBN. The filters

learnt by all three two-layer CDBNs appear to correspond to small-scale brain fea-

tures such as parts of ventricles, and the filters from the three-layer natural-CDBN

resemble large-scale brain features such as whole ventricles. For example, the dark

patterns in some of the filters in Figure 7.6(c) have the same general shape as the

brain ventricles in an amyloid PET image. An example is presented in Figure 7.7,

where the ventricle shape in a third-layer filter is highlighted and compared to the

ventricles in a 18F-florbetapir image. The hierarchical (local to global) feature rep-

resentation demonstrated in Figures 7.4-7.6 is consistent with the deep learning

literature [Lee et al. 2009a; Guo et al. 2014].
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(a) One-layer PET-CDBN

(b) Two-layer PET-CDBN

(c) Three-layer PET-CDBN

Figure 7.4: The filters learnt by the final layer of the (a) one-layer PET-CDBN,
(b) two-layer PET-CDBN, and (c) three-layer PET-CDBN. Since each CRBM in a
CDBN is trained in isolation, the filters learnt by the one-layer CDBN are equivalent
to the filters learnt by the first layer of the two- and three-layer CDBNs. Similarly,
the filters learnt by the two-layer CDBN are equivalent to the filters learnt by the
second layer of the three-layer CDBN.
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(a) One-layer MR-CDBN

(b) Two-layer MR-CDBN

(c) Three-layer MR-CDBN

Figure 7.5: The filters learnt by the final layer of the (a) one-layer MR-CDBN, (b)
two-layer MR-CDBN, and (c) three-layer MR-CDBN. Since each CRBM in a CDBN
is trained in isolation, the filters learnt by the one-layer CDBN are equivalent to the
filters learnt by the first layer of the two- and three-layer CDBNs. Similarly, the
filters learnt by the two-layer CDBN are equivalent to the filters learnt by the second
layer of the three-layer CDBN.
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(a) One-layer natural-CDBN

(b) Two-layer natural-CDBN

(c) Three-layer natural-CDBN

Figure 7.6: The filters learnt by the final layer of the (a) one-layer natural-CDBN,
(b) two-layer natural-CDBN, and (c) three-layer natural-CDBN. Since each CRBM
in a CDBN is trained in isolation, the filters learnt by the one-layer CDBN are
equivalent to the filters learnt by the first layer of the two- and three-layer CDBNs.
Similarly, the filters learnt by the two-layer CDBN are equivalent to the filters learnt
by the second layer of the three-layer CDBN.
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Figure 7.7: The filters learnt by the final layer of the three-layer natural-CDBN (see
Figure 7.6(c)) resemble large-scale brain features. For example, the dark pattern in
the filter shown on the left (enlarged for clarity) has a similar shape to the ventricles
of the amyloid PET image on the right. This is highlighted by the red borders in
each sub-figure.

7.4.2 Classification Results

In this chapter, we compared the ability of nine different CDBNs and four other

classification methods to classify 184 18F-florbetapir PET scans as amyloid positive

or amyloid negative. Figure 7.8 shows the classification accuracy, sensitivity, speci-

ficity, and area under the receiver operating curve (AUC) for each of the methods.

In order to assess the effect of learning depth, Figure 7.8 presents the classifica-

tion results for the one-, two-, and three-layer CDBNs for each type of training

data (PET, MR, or natural images). The 3D HOG + SVM method resulted in the

highest classification accuracy (94.6%), while the three-layer natural-CDBN and

two-layer MR-CDBN achieved the lowest classification accuracy (78.8%). The one-

layer CDBNs gave a higher classification accuracy than the corresponding two- and

three-layer CDBNs, and the one-layer natural-CDBN gave the highest classifica-

tion accuracy of any CDBN (91.3%). The two-layer PET-CDBN and MR-CDBN

achieved a lower classification accuracy than the corresponding three-layer CDBNs

(83.2% and 78.8%, compared to 83.7% and 81.0%, respectively). Conversely, the

two-layer natural-CDBN resulted in a higher classification accuracy than the three-

layer natural-CDBN (85.3% and 78.8%, respectively). The intensity-based SVM

method using 2D axial PET slices achieved a higher classification accuracy than the

identical method using the entire 3D PET volume (89.1% and 88.0%, respectively).

SUVR gave the highest sensitivity (0.954), and the one-layer PET-CDBN and one-
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Figure 7.8: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for each classification method. The
best results are highlighted with a black border.

layer natural-CDBN resulted in the highest specificity (0.973). Despite this, the 3D

HOG + SVM method gave the highest AUC out of all the methods tested (0.948).

In contrast, the three-layer natural-CDBN gave the lowest AUC (0.769). Using the

DeLong method [DeLong et al. 1988] to statistically compare the AUCs of each

classification method, the three-layer natural-CDBN achieved a significantly lower

AUC than the one-layer natural-CDBN and the one-layer PET-CDBN (p < 0.01,

corrected for multiple comparisons). The three-layer natural-CDBN also resulted in

a significantly lower AUC than the 2D intensity-based SVM, SUVR, and 3D HOG

+ SVM methods. The two-layer PET-CDBN and the two- and three-layer MR-

CDBNs also achieved a significantly lower AUC than the 3D HOG + SVM method

(p < 0.01, corrected).
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7.5 Discussion

In this chapter, we investigated the possibility of using CDBNs for amyloid status

classification. We assessed the effect that the depth of the CDBN has on classifi-

cation accuracy, and also evaluated how the classification results change if the first

layer of the CDBN is trained on non-PET image data.

7.5.1 CDBN Classification Results

All of the CDBNs tested were able to classify 18F-florbetapir PET images as amyloid

positive or amyloid negative with an accuracy greater than 78%. However, the

results indicate that one-layer CDBNs may be more adept at classifying amyloid

PET scans than a two- or three-layer CDBN, since the one-layer CDBNs achieved

a higher classification accuracy and AUC than the corresponding deeper CDBNs.

Moreover, the one-layer PET-CDBN and one-layer natural-CDBN also obtained a

higher classification accuracy and AUC than the 2D and 3D intensity-based SVM

methods.

In contrast to the blurry edge filters learnt by the first layer of the PET-CDBNs,

the first layer filters learnt by the MR-CDBNs and natural-CDBNs are sharp edge

filters. This is reasonable, since the MR and natural images contain sharper edges

than the amyloid PET images. Furthermore, the one-layer MR-CDBN filters in

Figure 7.5(a) appear to be more curved than the one-layer natural-CDBN filters in

Figure 7.6(a). This is probably due to the increased presence of strong curved edges

in the MR images compared to the natural images, such as the edges of the ventricles

and the brain boundary. Having filters that detect curved edges could account for

the the lower classification accuracy of the one-layer MR-CDBN compared to the

one-layer natural-CDBN (84.8% and 91.3%, respectively), because the filters would

detect the curvature of the brain boundary, but not more discriminatory features

within the brain. One reason for the relatively low sensitivity of the one-layer MR-

CDBN (0.789) could be that the strong edge presented by the brain boundary was

mistaken for the less distinct boundary visible between the grey and white matter in
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an amyloid negative scan. This may have led to fewer amyloid positive scans being

correctly classified.

One reason for the relatively lower classification accuracies of the two- and three-

layer CDBNs could be due to the characteristics of the amyloid PET images. Due

to the lack of sharp edges in the PET data, the first layer of the PET-CDBNs

learnt blurry edge filters. This could result in fewer features being detected than

if sharper filters were used. Consequently, fewer hidden units would be activated

(see Section 7.1.1). Since the input to the second layer of a CDBN comprises the

max-pooled activations (i.e the max-pooled values of the hidden units) of the first

layer, the input is sparse if few features are detected in the first layer. Therefore,

the effect of the blurry edge filters would be propagated through the network. As

a result, the higher layers would fail to learn useful discriminatory features. This is

illustrated by the relatively poorer classification accuracy (83.7%, 81.0% and 78.8%)

and AUC (0.821, 0.796, 0.769) for the all three three-layer CDBNs. Furthermore, the

dominant large-scale features in 18F-florbetapir PET brain images, the ventricles, are

generally not discriminating features between positive and negative amyloid PET

scans. Therefore, although the three-layer natural-CDBN is able to learn high-level

brain features, the features miss the more subtle changes in grey matter tracer uptake

which are required to correctly classify the images. This could explain why the

three-layer natural-CDBN resulted in the lowest classification accuracy, specificity

and AUC of all the methods tested (78.8%, 0.667 and 0.769, respectively).

The relatively poorer performance of the two- and three-layer CDBNs may also

be due to the nature of the classification task in this chapter. When using a CDBN

to detect faces in photographs, the first layer detects edges in the image (see Figure

2.8). Not only will edges exist within the face, but they could also be present in

the background. Therefore, the higher layers are required to determine which of

the detected edges could correspond to a face. There is no background information

in an amyloid PET brain image, so this refinement is unnecessary, as all edges

must correspond to the brain. This is demonstrated in Figure 7.9. Moreover, the
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(a)

(b)

Figure 7.9: The activations of an exemplar first-layer filter when applied to (a) a
photograph of a face (from the Caltech 101 data set [Fei-Fei et al. 2004]), and (b)
a 2D axial slice from an amyloid PET volume. In (a), the first-layer filter detects
horizontal edges within the face, such as the eyes and mouth, as well as horizontal
edges in the background. There is no background in (b), so the only detected edges
are within the brain. It should be noted that the filter and activations have been
enlarged for clarity.

differences between amyloid positive and amyloid negative scans are more subtle

than the differences between images with and without faces.

It could be argued that recognition of facial expressions is a closer computer

vision task to amyloid status classification than face detection. Expression recogni-

tion requires detection of subtle changes in facial features, and moreover, the face

data set used in [Ranzato et al. 2011] contains no background. However, unlike

our application, the large-scale features in expression recognition (i.e. eyes, nose,

mouth) are discriminatory, resulting in a greater accuracy for the higher layers of a

deep learning network compared to the first layer [Ranzato et al. 2011].

7.5.2 Results of the Non-Deep Learning Methods

The 3D HOG + SVM method achieved the highest classification accuracy (94.6%)

and AUC (0.948) of all the methods tested. As suggested in Chapter 5, this could be

because it uses local intensity gradients as features, unlike SUVR and the intensity-
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based SVM method, which use intensity directly. Therefore, the 3D HOG + SVM

method is robust to spatially varying intensity levels. Since the outputs of a CDBN

(i.e. the max-pooled activations of the final layer) are essentially filter responses,

and not voxel intensities, the CDBNs in this chapter should also be robust to spa-

tially varying intensity levels. However, for reasons explained in Section 7.5.1, this is

not reflected in the classification results of the two- and three-layer CDBNs. Never-

theless, the CDBNs were trained and tested using 2D images, whereas the 3D HOG

+ SVM method used the entire PET volumes. Consequently, the CDBNs had to

learn discriminating features from less information.

Although using a 2D slice discards some information in the 3D PET volume,

the intensity-based SVM using 2D images achieved a higher classification accuracy

than the same method using 3D volumes (89.1% and 88.0%, respectively). This

could be due to the relative sizes of the feature vector and data set. The 3D brain

volume produces a feature vector of 290409 elements, and the training set consists of

only 80 subjects. Therefore, the classification hyperplane of the SVM is determined

using very few data points in a very high-dimensional space. Although the feature

vector for the 2D intensity-based SVM method comprises 5513 elements, it results in

a substantially smaller dimensional space for the SVM. Consequently, the training

data points are less sparsely distributed, allowing for a hyperplane that is better

suited to discriminating between amyloid positive and amyloid negative subjects.

Figure 7.8 shows that SUVR resulted in the second highest classification ac-

curacy (92.9%) and AUC (0.924). Although SUVR uses specific neuroanatomical

knowledge, and the CDBNs do not, the one-layer CDBNs achieved almost equiv-

alent results. For example, the one-layer natural-CDBN achieved a classification

accuracy of 91.3% and an AUC of 0.922. This suggests that there may be more

subtle differences in tracer uptake between amyloid positive and amyloid negative

scans than can be detected by the SUVR target regions, and a CDBN trained using

3D volumes may be able to learn this subtle distinction.
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7.5.3 Methodological Considerations

In this chapter we trained and tested the CDBNs using 2D axial slices from 3D

medical image volumes. Not only did this facilitate the use of 2D natural images in

the natural-CDBN training process, it also substantially reduced the computational

requirements that would have been necessary to train a CDBN using 3D data.

However, despite the reduction in computational burden, it took considerably longer

to train the CDBNs than the intensity-based SVM or 3D HOG + SVM methods.

For example, it took six hours to train the first layer of the three-layer PET-CDBN,

compared to 37 seconds to obtain the features for the 2D intensity-based method

and train the corresponding SVM.

Due to the long training time and the large number of variables, optimising all

of the CDBN hyper-parameters is impractical. In this study we adopted the hyper-

parameters from [Lee et al. 2009a], however, hyper-parameter values that have been

shown to work well on 2D photographs may not be suitable for biomedical images,

given both the dimension of the images and the high levels of noise. Consequently,

there is no guarantee that the parameters used in this chapter are optimal for the

classification task. This could also account for the relatively poorer performance of

the two- and three-layer CDBNs compared to the SUVR, intensity-based SVM, and

3D HOG + SVM methods.

Many deep learning methods in the literature use extremely large sets of training

data [Krizhevsky et al. 2012; Russakovsky et al. 2015]. For example, 1.2 million

images were used to train the convolutional neural network (CNN) in [Krizhevsky et

al. 2012]. A data set of that size is not available for our amyloid status classification

task. However, only 100 training images were used by [Lee et al. 2009a] to train

a CDBN to detect faces in photographs. Our amyloid PET and MR training sets

consisted of 80 images, and therefore, they are a similar size to the training set used

in [Lee et al. 2009a].

In the computer vision literature, CDBNs are used less frequently than CNNs [Si-

monyan and Zisserman 2015; Russakovsky et al. 2015]. This may be because CNNs
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were developed several years before CDBNs ([LeCun et al. 1998] compared to [Des-

jardins and Bengio 2008]), and the success of CNNs in visual recognition tasks actu-

ally drove the development of the CRBM and CDBN [Desjardins and Bengio 2008].

Despite their relatively infrequent use in the literature, CDBNs achieved state-of-the-

art classification performance on the CIFAR-10 image data set [Krizhevsky 2010].

More recently, CDBNs have been used to categorise 3D objects from 2.5D depth

maps [Wu et al. 2015].

7.5.4 Conclusion

In this chapter, we assessed the ability of CDBNs to classify 18F-florbetapir PET

scans as amyloid positive or amyloid negative. We examined the effect of learning

depth on the classification performance of the CDBNs, and we also investigated

the effect of training the first layer of a CDBN using non-PET data. Our results

suggest that one-layer CDBNs are able to classify amyloid PET images with a higher

accuracy that two- or three-layer CDBNs. Moreover, we showed that a one-layer

CDBN trained using natural images can result in a higher classification accuracy

than a one-layer CDBN trained using 2D axial slices from 3D medical data. Despite

this, our results indicate that our 3D HOG + SVM method can achieve a higher

classification accuracy and AUC than a CDBN, and takes considerably less time to

train. Therefore, we conclude that non-deep learning methods may be favoured over

CDBNs for classifying brain amyloid status from PET imaging.

Given the high accuracy of the 3D HOG + SVM amyloid status classification

method in Chapters 5-7, it may be difficult to improve upon the classification results.

Furthermore, as discussed in Chapter 2, the classification of brain amyloid status

from PET imaging is just one of several biomarkers for AD. Therefore, in the next

chapter we will combine the results of our 3D HOG + SVM method with other

clinical biomarkers, in order to work towards a complete classification framework

for AD.
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Chapter 8

Towards a Complete Classification

Framework for AD

The novel classification methods proposed in this thesis have all been compared

to using SUVR for amyloid status classification. Research has shown that base-

line SUVR is significantly lower in subjects with stable mild cognitive impairment

(SMCI) than subjects with mild cognitive impairment (MCI) that later convert to

AD (also known as progressive MCI, or PMCI)[Brendel et al. 2014]. Therefore, it

may be possible to extend the machine learning methods proposed in Chapters 5-7

to identify subjects at risk of developing AD.

Predicting conversion from MCI to AD is a difficult task, and classification of

SMCI and PMCI using MR images has plateaued around 75% accuracy, despite

researchers employing new classification techniques such as deep learning [Suk and

Shen 2013]. However, it may be possible to improve the results by introducing

additional subject data, such as mini-mental state exam (MMSE) scores and cere-

brospinal fluid (CSF) biomarkers. As discussed in Chapter 2, brain amyloid status

from PET images is just one of the biomarkers that can be used to aid the diagnosis

of AD. By combining the results of several tests, one could potentially gain a more

comprehensive picture of the disease.

Although research into combining multiple types of data exists in the literature
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(e.g. [Mattila et al. 2011; Wolz et al. 2012; Segovia et al. 2014]), the methods use

different data, so it is difficult to compare between them. Therefore, as a preliminary

investigation into combining multiple data types for computer-assisted AD diagnosis,

we implement three existing classification frameworks, and test their classification

abilities with the same set of data. Furthermore, we also propose and assess a novel

method for combining multiple non-image data types, based on a technique known

as multi-graph learning1 [Wang et al. 2009]. In summary, the multi-graph learning

method simultaneously optimises graphs constructed from each data source, and

returns subjects from the training data that are clinically similar to the test subject.

It should be emphasised that this work is purely exploratory, but could help shape

future research into the topic of combining multiple types of subject data for AD

diagnosis.

The remainder of this chapter is structured as follows: Section 8.1 gives a brief

overview of each of the seven types of data used in this work. Section 8.2 intro-

duces the three existing classification frameworks from the literature, and describes

our novel multi-graph classification method. Section 8.3 presents the results of the

classification experiments, and finally, Section 8.4 discusses the advantages and dis-

advantages of each method, and proposes a set of criteria that future classification

frameworks must fulfil.

8.1 Materials

The data used in this chapter correspond to the 264 18F-florbetapir PET subjects

originally used in Chapter 5. However, unlike Chapters 5-7, we used the clinical

diagnoses from the ADNI database as the gold standard for classification. In this

work, although baseline subject data were used in the classification task, PMCI

subjects were defined as individuals that converted to AD within three years of their

baseline MCI diagnosis. In contrast, SMCI subjects were defined as subjects that

1This is not to be confused with multigraphs (without the hyphen), which are graphs that
permit multiple edges between two nodes.
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Table 8.1: Demographic and summary of available baseline data for healthy controls
(HC), subjects with stable mild cognitive impairment (SMCI), subjects with pro-
gressive mild cognitive impairment (PMCI), and patients with Alzheimer’s disease
(AD). The data are expressed as counts (percentages) of data available for each
diagnostic group, with the exception of age, which is expressed as mean ± standard
deviation.

HC SMCI PMCI AD
# subjects 50 100 49 65
Age 77.1± 7.2 74.1± 8.6 75.1± 6.6 75.5± 8.3
MMSE 49 (98%) 100 (100%) 49 (100%) 65 (100%)
ADAS-Cog 50 (100%) 100 (100%) 49 (100%) 65 (100%)
TMT 50 (100%) 100 (100%) 49 (100%) 65 (100%)
ApoE 50 (100%) 100 (100%) 49 (100%) 65 (100%)
CSF 28 (48%) 46 (46%) 35 (71%) 22 (34%)
MR 50 (100%) 100 (100%) 49 (100%) 65 (100%)
PET 50 (100%) 100 (100%) 49 (100%) 65 (100%)

did not change clinical diagnosis within three years of the baseline MCI diagnosis.

The data are broadly similar to those used by [Mattila et al. 2011], with the addition

of brain amyloid status, as determined from 18F-florbetapir PET images using the

3D HOG + SVM method proposed in Chapter 5. Unless otherwise stated, all data

are from the ADNI database. The demographics of the data set are shown in Table

8.1, and a brief summary of each type of data is presented below:

Mini-Mental State Examination (MMSE)

The MMSE was proposed by [Folstein et al. 1975] as a quick, quantitative

assessment of cognitive mental status. It comprises 11 questions, and the

maximum total score is 30. Typically, patients with dementia achieve a lower

score than healthy controls (mean score of 9.7 and 27.6 in [Folstein et al. 1975],

respectively). Analogously to [Mattila et al. 2011], we used the score from each

MMSE question separately, rather than the total MMSE score.

Alzheimer’s Disease Assessment Scale – Cognition (ADAS-Cog)

The original ADAS-Cog, proposed by [Rosen et al. 1984], included 11 items to

quantitatively assess cognitive function. This was expanded to a 13-item scale

by [Mohs et al. 1997]. The maximum score is 85, and a higher score indicates
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greater cognitive impairment [Skinner et al. 2012]. Similarly to the MMSE

data, the composite scores were excluded from the data set in favour of the

scores from each individual ADAS-Cog item.

Trail Making Test (TMT)

The TMT is a neuropsychological test that provides information on visual

search and speed of processing. Firstly, the individual must draw lines sequen-

tially connecting 25 numbered dots randomly scattered on a sheet of paper.

The second phase of the test is is identical to the first, except that the per-

son must alternate between numbers and letters (e.g. 1, A, 2, B, 3, C, etc.)

[Tombaugh 2004]. In this work, we used the time taken to complete the tasks,

and the number of errors as separate variables.

Apolipoprotein E (ApoE) genotype

The polymorphic ApoE gene is closely associated with the onset of AD [Levy-

Lahad and Bird 1996]. Six different genotypes exist, each comprising two

alleles (ε2/ε2, ε3/ε3, ε4/ε4, ε3/ε2, ε4/ε2, ε4/ε3) [Liu et al. 2014]. Individuals

with a single copy of the ε4 allele have a 5-fold increased chance of developing

AD and individuals with two copies of the ε4 allele have a 20-fold increased

risk of AD [Strittmatter 2012].

Cerebrospinal fluid (CSF) biomarkers

As discussed in Chapter 2.1.1, biochemical changes in the brain are reflected

in the CSF. In this chapter, we used the levels of total tau, phosphorylated

tau, and amyloid-β in the CSF as biomarkers. Elevated levels of total tau and

phosphorylated tau have been reported in AD patients compared to healthy

controls [Blennow et al. 2001]. In contrast, a lower level of CSF amyloid-β is

found in AD patients than cognitively normal controls [Blennow et al. 2001].

MR-derived volumes

In [Mattila et al. 2011], the authors use the volumes of 13 brain regions as

inputs to their AD classification framework. The paper reveals that the vol-
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umetric segmentation of MR images was performed using Freesurfer [Fischl

et al. 2002], however the specific brain regions are not mentioned. Therefore,

in this work, we derived MR volumes for the regions used by [Schmitter et al.

2015]: left hippocampus, right hippocampus, left temporal grey matter, right

temporal grey matter, total grey matter, and total CSF. These regions have

been shown to be able to classify SMCI versus PMCI with an accuracy greater

than 70% [Schmitter et al. 2015]. To obtain the hippocampal and temporal

lobe volumes, the AAL brain atlas [Tzourio-Mazoyer et al. 2002] was regis-

tered to the 264 MR volumes (in native space) using SPM8 [Ashburner and

Friston 2005]. The registered atlas was used to extract the volumes from the

MR images. Grey matter and CSF tissue segmentations (also obtained using

SPM8) were used to mask the tissues as required. All volumes were normalised

by the intracranial volume prior to the classification tasks.

Amyloid PET status

Using the 3D HOG + SVM classification proposed in Chapter 5, the 18F-

florbetapir PET volume for each subject was automatically designated as amy-

loid positive or amyloid negative. The 3D HOG parameters used in this work

were identical to the optimum parameters determined in Chapter 5: cell size

k = 16 voxels, number of sub-blocks S = 1, icosahedron, half-orientation

histogram. Each subject was classified using a leave-one-out testing approach.

As specified in the ADNI procedures manual2, the MMSE is used to aid the

baseline diagnosis of the subjects in the ADNI database. Healthy controls should

have a total MMSE score between 24 and 30 (inclusive), and patients with probable

AD should have a total score between 20 and 26 (inclusive). Consequently, the

MMSE data should be able to accurately classify subjects as either healthy controls

or AD patients. Despite being used to aid the clinical diagnosis of the subjects used

in this chapter, we chose to include MMSE in our classification experiments. By

2https://adni.loni.usc.edu/wp-content/uploads/2008/07/adni2-procedures-manual.

pdf
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including a data source that should be able to accurately classify subjects according

to their clinical diagnosis, we were able to assess the ability of the classification

methods to distinguish between relevant and irrelevant data sources. Furthermore,

the ADNI inclusion criteria state that subjects with MCI should have a total MMSE

score in the same range as the healthy controls (between 24 and 30, inclusive).

Therefore, the MMSE score was not used by ADNI to distinguish between healthy

controls, subjects with SMCI, and subjects with PMCI.

8.2 Methods

In this work we compare four classification methods capable of combining multiple

types of data: an SVM-based method proposed by [Segovia et al. 2014], a manifold

learning technique proposed by [Wolz et al. 2012], the Disease State Index (DSI) pro-

posed by [Mattila et al. 2011], and our novel method based on multi-graph learning.

The four methods are described in Sections 8.2.1-8.2.4.

8.2.1 SVM-Based Classification

In [Segovia et al. 2014], the authors compared three SVM-based methods for com-

bining PET images and neuropsychological test data for automated diagnosis of

AD. The difference between the methods was the point in the pipeline at which

the dimensionality-reduced PET images and neuropsychological test data were inte-

grated. For early integration, the non-image data were combined with PET volumes

in a single feature vector prior to classification with an SVM. In the intermediate

integration method, the combination was performed inside the classifier by using

two kernel matrices: one for the PET images, and one for the neuropsychological

test data. Finally, the late integration method employed an individual classifier

for each data source, and combined all the outputs to predict the final clinical di-

agnosis. More specifically, two predicted classes cNP and cPET were obtained for

each subject using the neuropsychological (NP) test scores and PET image features,
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respectively. The distances to the classification boundary dNP and dPET were also

calculated, and the final class cx (where x ∈ {NP,PET}) was selected according to

dx = max(dNP, dPET).

Out of the three SVM-based classification methods presented in [Segovia et al.

2014], the late integration method achieved the highest accuracy (89.13%) for clas-

sification of MCI versus AD. Therefore, we adopted the late integration approach

for our comparison of classification methods capable of combining multiple data

types. To account for the increased number of data sources in this study compared

to [Segovia et al. 2014], we extended the method to combine the outputs of more

than two SVMs. In summary, the final predicted class cx was selected according

to dx = max(dMMSE, dADAS, dTMT, . . .), where the subscripts denote the data sources

described in Section 8.1.

Leave-one-out testing was used to assess the performance of the late integration

SVM classification method. For each fold, the SVM was trained using all of the

subjects except one. The remaining subject was then used as the test subject. This

process was repeated until all of the subjects had been used as the test subject. The

SVM slackness parameter C was optimised at each fold of the testing using stratified

10-fold cross-validation on the training data. For the multiclass classification tasks

(e.g. HC vs SMCI vs PMCI vs AD), a one-vs-one scheme was employed. This

method trains a classifier for every class versus every other class, resulting in N(N−

1)/2 separate SVMs, where N is the number of classes. All of the classifiers are

applied to the test data, and the class that gets the highest number of predictions

is selected as the final predicted class.

8.2.2 Manifold Learning

Manifold learning is an approach to non-linear dimensionality reduction that has

been used to successfully encode clinically relevant differences between MR vol-

umes of MCI and AD patients [Wolz et al. 2010]. Given a set of N images X =

{x1, . . . ,xN} ∈ Rn that lie on or near an l-dimensional manifold, a low-dimensional
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representation of the images Y = {y1, . . . ,yN} ∈ Rl can be learnt, where l � n.

In [Wolz et al. 2010], Laplacian Eigenmaps (LE) are used to achieve the non-linear

dimensionality reduction f : X → Y, yi = f(xi). A graph G with N nodes repre-

senting the images is defined on X, and the weights of the edges between the nodes

are defined by pairwise image similarities Wij. The low-dimensional representation

can be obtained by minimising the objective function:

∑
ij

‖yi − yj‖2Wij (8.1)

This problem can be formulated as the generalised eigenvector problem Lν =

λDν, where the graph Laplacian L = D −W is defined by the weights matrix W

and the diagonal degree matrix Dii =
∑

jWij.

The LE method was extended by [Wolz et al. 2012] to learn a manifold defined by

pairwise image similarities and clinical metadata available for each of the subjects.

In traditional LE, neighbouring subjects are connected to force similar images to

be closer in the manifold. In the method proposed by [Wolz et al. 2012], additional

edges are defined that connect every subject to an additional node representing its

metadata value. This forces subjects with the same metadata value to be closer in

the manifold. An illustration of the method is presented in Figure 8.1. The classic

LE graph is shown in black, and the additional nodes representing the two values

of a single metadata variable z are shown in red and blue. For a discrete metadata

variable z with M possible values (e.g. sex or genotype), M additional nodes are

added to the graph. The weight Ŵim between subject i and the mth additional node

is given by:

Ŵim =


1 if zi = zm

0 otherwise

(8.2)

where zi ∈ {z1, . . . , zM}.

In the case of a continuous metadata variable zi ∈ [za, zb], a set of M additional
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Figure 8.1: An illustration of the extended LE graph proposed by [Wolz et al. 2012].
In traditional LE, neighbouring subjects xi are connected to force similar images to
be close in the manifold (black nodes and edges). In the extended method, additional
edges are defined that connect every subject to an additional node representing its
metadata value. In this illustration with a binary metadata variable z, subjects with
a metadata value z1 are connected to the z1 node by the red edges. Subjects with
a metadata value z2 are connected to the z2 node by the blue edges.

nodes are defined, each representing an interval within the variable space z̄m ∈

[za,m, zb,m], m = 1, . . . ,M . The bounds of each interval are defined using percentiles,

so that each z̄m has equal probability:

za,m = Pz

(
(m− 1)

100

M

)
zb,m = Pz

(
m

100

M

) (8.3)

where Pz(x) gives the xth percentile of interval z.

The weight Ŵim between subject i and the mth additional node is defined:

Ŵim =


α(1 + (zi − µm)2)−1 if zi is available

0 otherwise

(8.4)

where µm is the mean value of interval z̄m, and α is a constant to ensure that∑
m Ŵim = 1.

By incorporating metadata into the graph, [Wolz et al. 2012] extended the LE

objective function in Equation 8.1:

γ
∑
ij

‖yi − yj‖2Wij +
∑
im

‖yi − ŷm‖2Ŵim (8.5)
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where γ controls the influence of the classic image-based LE, and ŷm is the cluster

centre of value zm or interval z̄m.

To optimise the extended objective function by solving the generalised eigenvec-

tor problem, the weights matrix is also extended to include Ŵ, which defines the

weights between subject i and the M additional nodes:

W′ =

 I 1
2
ŴT

1
2
Ŵ γW

 (8.6)

Once the extended low-dimensional embedding has been obtained, classification

between the different clinical subject groups can be performed. In [Wolz et al. 2012],

the classification of unlabelled subjects was conducted using a linear SVM trained

on the manifold representations of the subjects whose clinical diagnosis was known.

Classification was performed using three different low-dimensions l ∈ {6, 7, 8}, and

the modal classification decision was used as the final predicted class. We adopted

the same approach in this work, and used leave-one-out testing to classify each

subject. Similarly to the late integration SVM method, stratified 10-fold cross-

validation on the training data was used to optimise the slackness parameter C of

the SVM. Again, a one-vs-one approach was employed for multiclass classification

tasks.

To reduce bias in our experiments, all of the classification methods being tested

used exactly the same data. Therefore, we set γ = 0, such that the pairwise simi-

larities of the MR images were excluded from the manifold learning method.

8.2.3 Disease State Index

The Disease State Index (DSI) method, proposed by [Mattila et al. 2011], derives

a scalar value that denotes the AD state of a subject by measuring the similarity

of subject data to previously diagnosed populations of AD patients and healthy

controls. Firstly, individual patient measurement values (e.g. a single answer in

the MMSE) are compared to known training data using a fitness function. Given
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a random variable x from a distribution containing only healthy controls and AD

patients, the probability density function f(x) can be split into components fHC(x)

and fAD(x), respectively:

f(x) = fHC(x) + fAD(x)

= fHC(x|HC)p(HC) + fAD(x|AD)p(AD)

(8.7)

where fHC(x|HC) and fAD(x|AD) are the marginal distributions of healthy controls

and AD patients, and p(HC) and p(AD) are the probabilities of being a healthy

control or AD patient in the study population.

Given an actual observation a of the random variable, the left and right integrals

for fHC and fAD can be defined (see Figure 8.2 for an illustration of the integrals):

LAD(a) =

∫ a

−∞
fAD(x) dx

RHC(a) =

∫ ∞
a

fHC(x) dx

(8.8)

The conditional probability p(AD|x) could be used to provide a measure of AD

state for a given subject, however, as illustrated in Figure 8.2, data with wide

distribution tails can cause the conditional probability to change unexpectedly. For

example, if the data in Figure 8.2 represent distributions of total ADAS-Cog scores,

the plot of conditional probability suggests that a subject with a maximum ADAS-

Cog score has less chance of having AD than a subject with a slightly lower ADAS-

Cog score. In reality, we know this is incorrect, and AD patients are more likely

to have a higher ADAS-Cog Score. As a result, [Mattila et al. 2011] proposed a

monotonically increasing fitness function3:

Fit(a) =
LAD(a)

LAD(a) +RHC(a)p(AD)
p(HC)

(8.9)

To determine the ability of a variable to classify subjects as healthy controls or

AD patients, [Mattila et al. 2011] compute its relevance using values from known

3If the value of x is expected to be lower for AD patients than healthy controls, an analogous
monotonically decreasing fitness function can be formulated.
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Figure 8.2: Top: An illustration of the probability density function f(x) and its com-
ponents fHC(x) and fAD(x) for the populations of healthy controls and AD patients,
respectively. The left and right integrals defined in Equation 8.8 are highlighted by
the red and blue shaded areas. Bottom: The conditional probability p(AD|x) and
fitness function Fit(x) for the same random variable x as the top sub-figure. The
large skew of fAD(x) causes the conditional probability to suddenly decrease when
x is large. In contrast, the fitness function is monotonically increasing.

healthy and AD populations only. The classification accuracy of the ith variable is

estimated by applying the fitness function to the training data:

Acc(i) =
|HCT : Fit(ai) ≤ 0.5|+ |ADT : Fit(ai) > 0.5|

|HCT |+ |ADT |
(8.10)

where HCT and ADT are the training data for the healthy controls and AD patients,

respectively. The relevance of the ith variable is then defined:

Rel(i) = max{0, 2(Acc(i)− 0.5)} (8.11)
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Finally, the fitness and relevance values are combined to form the DSI:

DSI(a1, . . . , an) =

∑
i Rel(i)Fit(i)∑

i Rel(i)
(8.12)

where ai are the values of each variable (e.g. the individual MMSE questions), and

DSI(a1, . . . , an) ∈ [0, 1]. By using the DSI values of each individual data source (e.g.

MMSE, ADAS-Cog, TMT) as input data, a single DSI value for a subject can be

computed. Although DSI is not the probability of having AD, increasing values of

DSI indicate an increasing similarity to the AD population, based on available data.

In this work, a single DSI value was computed for each SMCI and PMCI subject

by training the method with all the HC and AD subjects. For each HC and AD

subject, a single DSI value was obtained by training the method with all the remain-

ing HC and AD subjects. Identically to [Mattila et al. 2011], the SMCI and PMCI

subjects were never used for training. Classification was performed by comparing

DSI values to interval-level diagnoses (HC = 0, SMCI = 1/3, PMCI = 2/3, AD =

1). Subjects were assigned to the class with the closest interval value to their DSI.

8.2.4 Multi-Graph Learning

Multi-graph learning was originally proposed as a method to annotate videos [Wang

et al. 2009], but more recently it has been used to retrieve MR images from a medical

image database to aid the diagnosis of MCI [Gao et al. 2015]. We adopt a similar

approach, but apply the method to non-image data. In this work, a subject is

classified as HC/SMCI/PMCI/AD based on the known clinical diagnoses of similar

subjects within the training data set. The relevance of each training subject to the

test subject is determined by the multi-graph framework.

Suppose we have a set of M data sources X = {X1, . . . ,XM}, each containing N

samples4 Xm = {xm,1, . . . ,xm,N}. For each data source m we can construct a graph

Gm with N nodes, where each node represents a different data sample. The weights

of the edges between the nodes in graph Gm are defined by pairwise similarities

4Where, for example, xm,i could be a set of scores for a single MMSE question.
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Wm,ij:

Wm,ij =


exp(−‖xm,i − xm,j‖2) if i 6= j

0 otherwise

(8.13)

The classification of an undiagnosed test subject can be formulated as the min-

imisation of an energy function [Wang et al. 2009]:

Q(f , α) =
M∑
m=1

αrm

∑
ij

Wm,ij

∣∣∣∣∣ fi√
Dm,ii

− fj√
Dm,jj

∣∣∣∣∣
2

+ µ
∑
i

|fi − yi|2
 (8.14)

arg min
f ,α

Q(f , α) subject to
M∑
m=1

αm = 1 (8.15)

where α = {α1, . . . , αM} is a weight vector that determines the influence of each

data source, and r is a relaxation parameter. The diagonal matrix Dm is defined by

Dm,ii =
∑

jWm,ij, and f = {fi, . . . , fN} can be regarded as a score that indicates

the relevance of each labelled subject to the test subject. The parameter µ controls

the influence of the constraint of the data labels y. For a binary classification task,

yi is set to 1 if xi belongs to class A, -1 if xi belongs to class B, and 0 if xi is

unlabelled (i.e. the test subject). Following minimisation of Equation 8.15, the data

samples xi can be classified according to the sign of fi: class A if fi > 0, and class B

otherwise. In this work, we wanted to have the ability to classify subjects into one

of four classes (HC, SMCI, PMCI, or AD), so an alternative construction of y was

required. Therefore, we adopted the straightforward approach employed by [Zhao

et al. 2014]:

yi =


1 if i is the test subject

0 otherwise

(8.16)

If α is fixed, the minimisation of Q(f , α) has a closed form solution using the
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normalised graph Laplacian Lm = D
−1/2
m (Dm −Wm)D

−1/2
m :

f =

(
I +

∑M
m=1 α

r
mLm

µ
∑M

m=1 α
r
m

)−1

y (8.17)

Similarly, if f is fixed, [Wang et al. 2009] show that:

αm =

(
1

fTLmf+µ|f−y|2

)1/(r−1)

∑M
m=1

(
1

fTLmf+µ|f−y|2

)1/(r−1)
(8.18)

Equation 8.18 shows that the relaxation parameter r modulates the effect of the

difference in smoothness between the graphs. For example, as r → 1, the αm of the

smoothest graph is close to 1. Conversely, as r → ∞, the αm values are close to

each other.

Using Equations 8.17 and 8.18, Q(f , α) is minimised using an iterative approach,

which alternates between optimising α and f . The iterative solution is summarised

in Algorithm 8.1.

Algorithm 8.1 Iterative solution for multi-graph learning.

1: Initialise f = y and αm = 1/M

2: while not converged do

3: Update α using Equation 8.18

4: Based on the updated α, recalculate f using Equation 8.17

5: end while

Once Equation 8.15 has been minimised, the test subject can be classified accord-

ing to the clinical diagnoses of the labelled subjects with the top k highest relevance

scores fi. For example, if the majority of the k most relevant training subjects have

AD, then the test subject is classified as an AD patient.

The optimum multi-graph hyper-parameters r, µ, and k were determined by

performing two classification tasks (HC vs AD and SMCI vs PMCI) on a random

subset of the data, for a range of parameter values. The parameter set that gave

the highest mean classification accuracy across both tasks was selected for the main
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classification experiments: r = 1.7, µ = 0.5, and k = 9. In order to assess the

performance of the multi-graph method, leave-one-out testing was performed on the

full data set.

8.2.5 Evaluation of Classification Performance

The authors of the SVM, manifold learning, and DSI methods compared their com-

bined classification results to classification results obtained using each individual

data type [Mattila et al. 2011; Wolz et al. 2012; Segovia et al. 2014]. In all cases,

combining data from multiple sources resulted in a higher classification accuracy

than using the data sources separately. However, a different data set was used in

each paper, thus making it difficult to compare the methods directly. To address

this issue, we conducted binary classification of HC vs AD subjects, and SMCI vs

PMCI subjects, for each individual data type and each of the methods presented in

Sections 8.2.1-8.2.4. Exactly the same data were used to test each method.

Following classification using the data sources individually, we used the methods

to automatically classify each subject using all seven data types (i.e. as the meth-

ods are intended to be used). Similarly to [Schmitter et al. 2015], we conducted

four binary classification tasks: HC vs AD subjects, HC vs all MCI subjects (i.e.

SMCI+PMCI), all MCI subjects vs AD, and SMCI vs PMCI. In addition, we con-

ducted two multiclass classification experiments: HC vs all MCI subjects vs AD,

and HC vs SMCI vs PMCI vs AD.

The binary classification results were evaluated by calculating the classification

accuracy, sensitivity, specificity, and area under the receiver operating characteris-

tic curve (AUC). However, for multiclass classification tasks, the sensitivity, speci-

ficity, and AUC cannot be calculated. Moreover, due to the imbalanced numbers

of subjects within each diagnostic subgroup, the overall classification accuracy is

misleading. For example, one could achieve 81% accuracy in the HC vs all MCI vs

AD classification task by correctly classifying all of the AD and MCI subjects, and

incorrectly classifying all of the healthy controls. Therefore, in this work, we present
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the classification accuracy of each diagnostic subgroup separately. Furthermore, we

followed [Schmitter et al. 2015] and, for all classification tasks in this chapter, we

used McNemar’s test to statistically assess the differences in accuracy between every

classification method and every other [McNemar 1947].

8.3 Results

8.3.1 Classification Using Individual Data Sources

Figure 8.3 shows the classification accuracy, sensitivity, specificity, and AUC for the

HC vs AD classification task using the data sources individually. For data types that

were only available for a subset of the data (i.e. MMSE and CSF), the classification

results are reported on the subset of data, not the entire data set of 264 subjects. The

black borders in Figure 8.3 indicate the best results for each data type. The DSI

method with ADAS-Cog data achieved the highest overall classification accuracy

(96.5%). Moreover, across all four methods, the highest classification accuracy was

obtained using either the MMSE or ADAS-Cog data. In contrast, the lowest classi-

fication accuracy for each method was obtained using the TMT data (SVM: 60.9%,

manifold: 52.2%, DSI: 53.0%, multi-graph: 55.7%). For the CSF biomarker data,

the SVM method achieved a significantly higher classification accuracy (p < 0.01,

corrected for six comparisons) than the other three methods. Similarly, the DSI

method resulted in a significantly higher classification accuracy than the manifold

learning method using only ADAS-Cog data (p < 0.01, corrected). For all other

data types, the results of McNemar’s test showed that the classification accuracies

of the methods were not significantly different from one another.

The classification results for the SMCI vs PMCI task using the individual data

sources are presented in Figure 8.4. Again, the ADAS-Cog data achieved the highest

overall classification accuracy (78.5%), albeit with the SVM classification method,

rather than the DSI method. The highest classification accuracy for the multi-

graph method was also obtained using the ADAS-Cog data (74.5%), whereas for
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Figure 8.3: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the HC vs AD classification task,
using each data set individually. MMSE and CSF data were only available for a
subset of the data, so the corresponding classification results are reported on the
subset of the data, not the entire data set. The best results for each data type are
highlighted with a black border.

the manifold learning and DSI methods, the highest accuracy was achieved using

the CSF biomarker data (74.1% and 77.8%, respectively). In fact, the manifold

and DSI methods resulted in a significantly higher classification accuracy than the

multi-graph and SVM methods for the CSF biomarker data (p < 0.01, corrected),

and significantly lower accuracy than the SVM method for the MMSE data. For

the other five data types, the classification accuracies of the four methods were not

significantly different from one another (p < 0.01, corrected). Despite this, when

using the non-neuropsychological data (i.e. ApoE, CSF, MR, PET) the multi-graph

method resulted in a substantially lower sensitivity (0.061, 0.371, 0.102, and 0.204,

respectively) than the other three classification methods. However, the multi-graph
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Figure 8.4: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the SMCI vs PMCI classification
task, using each data set individually. MMSE and CSF data were only available for
a subset of the data, so the corresponding classification results are reported on the
subset of the data, not the entire data set. The best results for each data type are
highlighted with a black border.

method also resulted in a higher specificity than the other methods for the non-

neuropsychological data (0.930, 0.783, 0.820, and 0.880, respectively).

8.3.2 Binary Classification Using Multiple Data Sources

The classification accuracy, sensitivity, specificity, and AUC for the HC vs AD clas-

sification task using all the data sources simultaneously are shown in Figure 8.5. All

four classification methods achieved an accuracy greater than 87.0%, and the DSI

and multi-graph methods achieved the same, highest classification accuracy, sensi-

tivity, specificity, and AUC (95.7%, 0.954, 0.960, and 0.957, respectively). Despite

this, McNemar’s test showed that the classification accuracies of the four meth-
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Figure 8.5: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the HC vs AD classification task
using all seven data sources. The best results are highlighted with a black border.

ods were not significantly different (p < 0.01, corrected). The multi-graph method

resulted in a higher classification accuracy using all seven data types than using

ADAS-Cog data alone (95.7% and 94.8%, respectively). In contrast, for the HC vs

AD task, the other three methods achieved a higher classification accuracy using

only ADAS-Cog or MMSE data than using all of the data sources.

Figure 8.6 shows the classification results for the HC vs all MCI subjects classi-

fication task using all seven data sources. The SVM method resulted in the highest

classification accuracy, specificity, and AUC (82.9%, 0.800, and 0.819, respectively).

Nevertheless, the classification accuracy of the SVM method was only significantly

greater (p < 0.01, corrected) than the accuracy of the DSI method. Although the

manifold learning classification method achieved perfect sensitivity, it achieved a

very low specificity (0.020), indicating that it classified almost all subjects as MCI.

The classification results for the MCI vs AD classification task using all the data

sources are presented in Figure 8.7. In contrast to Figure 8.6, the SVM method re-

sulted in the lowest classification accuracy, sensitivity, specificity, and AUC (62.1%,

0.585, 0.638, and 0.611, respectively). The manifold learning, DSI, and multi-graph

methods achieved a similar classification accuracy (86.9%, 85.5%, and 86.4%, respec-
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Figure 8.6: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the HC vs all MCI subjects clas-
sification task using all seven data sources. The best results are highlighted with a
black border.

tively) and AUC (0.811, 0.835, and 0.799, respectively). This is confirmed by the

results of McNemar’s test, which showed that the classification accuracies obtained

by the manifold learning, DSI, and multi-graph methods were not significantly dif-

ferent from one another, but were all significantly higher that the accuracy of the

SVM method (p < 0.01, corrected).

Finally, Figure 8.8 shows the results of the SMCI vs PMCI classification task

using all seven data sources. All classification methods achieved a classification ac-

curacy within 6% of one another. Although the classification accuracies of the four

methods were not significantly different from one another (p < 0.01, corrected), the

multi-graph method resulted in the highest classification accuracy and specificity

(81.2% and 0.950, respectively). The DSI method obtained the highest sensitivity

(0.735), and the SVM classification method achieved the highest AUC (0.752). Both

the manifold learning method and the multi-graph method obtained a higher clas-

sification accuracy using all seven types of data (78.5% and 81.2%, respectively),

than their maximum accuracy achieved using a single data source (74.1% and 74.5%,

respectively).
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Figure 8.7: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the all MCI subjects vs AD clas-
sification task using all seven data sources. The best results are highlighted with a
black border.

8.3.3 Multiclass Classification Using Multiple Data Sources

The classification accuracy for each diagnostic subgroup following the HC vs MCI

vs AD classification task using all the data sources is shown in Figure 8.9. The DSI

method resulted in the highest classification accuracy for the HC and AD subjects

(68.0% and 78.5%, respectively), but the lowest accuracy for MCI subjects (57.7%).

Moreover, the classification accuracy of the DSI method for MCI subjects was sig-

nificantly lower (p < 0.01, corrected), than the accuracy of the multi-graph method

for the same diagnostic group (84.6%). However, the DSI method obtained a signif-

icantly higher classification accuracy than the SVM and manifold learning methods

for the group of healthy controls (p < 0.01, corrected).

Figure 8.10 presents the classification accuracy for each diagnostic subgroup

following the HC vs SMCI vs PMCI vs AD classification task using all seven data

sources. The highest classification accuracy for each diagnosis subgroup was achieved

by a different classification method. The manifold learning resulted in the highest

classification accuracy for healthy controls (64.0%), and the multi-graph method

achieved a significantly higher accuracy than all other methods for the SMCI sub-
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Figure 8.8: The classification accuracy, sensitivity, specificity and area under the
receiver operating characteristic curve (AUC) for the SMCI vs PMCI classification
task using all seven data sources. The best results are highlighted with a black
border.

group (p < 0.01, corrected). The DSI method obtained the highest accuracy for

PMCI subjects (55.1%), which was significantly higher than the accuracy achieved

by the SVM method (p < 0.01, corrected). Furthermore, for the PMCI subgroup,

the SVM method achieved a lower classification accuracy (16.3%) than the expected

accuracy of a random classifier. Despite this result, the SVM method obtained

the highest classification accuracy for the AD patients (78.5%), which was signifi-

cantly greater than the accuracy of the DSI method for the same diagnosis subgroup

(p < 0.01, corrected). Nevertheless, similarly to the HC vs MCI vs AD classification

task using all the data sources, the DSI method achieved the most consistent clas-

sification accuracies across the different diagnosis subgroups (50.0%, 49.0%, 55.1%,

and 52.3%, respectively).
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Figure 8.9: The classification accuracy for each diagnostic subgroup following the
HC vs all MCI subjects vs AD classification task using all seven data sources. The
highest classification accuracy for each diagnosis subgroup is highlighted with a black
border.

Figure 8.10: The classification accuracy for each diagnostic subgroup following the
HC vs SMCI vs PMCI vs AD classification task using all seven data sources. The
highest classification accuracy for each diagnosis subgroup is highlighted with a black
border.
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8.4 Discussion

8.4.1 Classification Performance

The classification results shown in Figure 8.3 demonstrate that MMSE and ADAS-

Cog are the most adept data sources for classifying AD patients and healthy controls.

This result agrees with the findings of [Mattila et al. 2011], which showed that the

best combinations of data sources for discriminating between HC and AD subjects

all contained MMSE and ADAS-Cog data. Moreover, as discussed in Section 8.1,

the total MMSE scores form part of the baseline clinical diagnosis criteria used in the

ADNI study for AD subjects and healthy controls . Consequently, it is unsurprising

that MMSE, and a similarly comprehensive neuropsychological test (i.e. ADAS-

Cog), resulted in the highest classification accuracy in the HC vs AD classification

task. As explained in Chapter 2.1, research has shown that incorrect diagnosis of AD

is common [Beach et al. 2012]. This could account for the discrepancies between the

automated classification results obtained using MMSE data and the gold standard

diagnoses provided by ADNI. In order to assess the ability of the MMSE to classify

subjects according to their clinical subgroup independently of the ADNI diagnoses,

an alternative gold standard, such as post-mortem examination, would be required.

However, at the time of this thesis, autopsy data are unavailable for most subjects

in the ADNI database.

Figure 8.5 showed that all four classification methods are capable of classifying

healthy controls versus AD patients with high accuracy (> 87.0%), despite the

inclusion of relatively uninformative data (such as TMT data), as indicated by the

results in Figure 8.3. However, for the HC vs AD classification task, only the multi-

graph method achieved a higher classification accuracy using all seven data sources

than a single data type. Similarly, for the SMCI vs PMCI classification task, only

the manifold learning and multi-graph methods achieved a higher accuracy using all

of the data sources compared to a single data source. Not only does this demonstrate

that a higher classification accuracy is possible with the available data, but it also
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suggests that the classification methods are not able to fully assess the relevance of

each individual data source.

Similarly to the results reported by [Mattila et al. 2011], none of our data sources

had zero relevance in the DSI framework (see Equation 8.11). Since all seven data

sources can be used clinically to aid the diagnosis of AD, this result is not surprising.

However, data sources with a low relevance can have a detrimental effect on the

final DSI value, and subsequently, the final predicted clinical diagnosis. This is

demonstrated in Figures 8.3 and 8.5, which show that the DSI method achieved

a higher classification accuracy using only the ADAS-Cog data (96.5%) compared

to using all seven data sources (95.7%). Although the difference in classification

accuracy is small, the difference could be exacerbated if there were more data sources

with a low relevance. For example, suppose we have a data source that can correctly

classify all subjects. According to Equation 8.11, this perfect data source would have

a relevance Rel = 1. Furthermore, suppose we also have four additional data sources,

each with a relevance Rel = 0.1. If we have a test subject with AD, it will have a

fitness Fit = 1 for our perfect data source (see Equation 8.9). For our remaining

data sources, assume that their fitness values are all Fit = 0, suggesting that the

subject is actually a healthy control (which is possible, given their low relevance).

Using Equation 8.9, the resulting DSI value is 0.741. Given that the first clinical

test has a relevance of Rel = 1 and a fitness Fit = 1, one would expect a final DSI

value DSI = 1. Even if the data sources with low relevance have fitness Fit > 0.5,

the final DSI value is less than one unless all the fitness values are Fit = 1. This

is a trivial example, and small variations in DSI may not affect the final predicted

clinical diagnosis, but it highlights that highly relevant data sources are weakened

by less informative data sources.

The results presented in Figure 8.6 show that, for the HC vs MCI classifica-

tion task, the manifold learning method achieved perfect sensitivity and a very low

specificity (0.020) compared to the other methods. This suggests that the manifold

learning method favoured the MCI subgroup over the healthy controls. A similar,
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though less pronounced, trend was observed for the MCI vs AD classification task in

Figure 8.7. The manifold learning method achieved a higher classification accuracy

for the MCI subjects than the AD patients (i.e. a higher specificity than sensitiv-

ity). One reason for this could be the imbalanced data set; there are substantially

more MCI subjects than healthy controls or AD patients (149 subjects compared

to 50 or 65 subjects, respectively). In the manifold learning framework, subjects

are classified using an SVM following dimensionality reduction of the data via a

manifold. Although SVMs are fairly insensitive to the relative numbers of subjects

in each class [Drucker et al. 1999], it has been shown that when the class sizes are

very different, SVMs may favour the larger class, leading to poor accuracy in the

smaller class [Lin and Chen 2013]. Nevertheless, Figures 8.6 and 8.7 indicate that

the SVM method proposed by [Segovia et al. 2014] did not suffer from the same

problem as the manifold learning method.

The SVM and manifold learning methods achieved significantly lower classifica-

tion accuracies for the HC vs MCI vs AD classification task than the DSI method (see

Figure 8.9). Moreover, the accuracies of the SVM and manifold learning methods

were only marginally better than a random classifier for a three-class classification

problem (0.380 and 0.360, respectively). In the HC vs SMCI vs PMCI vs AD task,

the SVM method resulted in a lower classification accuracy than the expected accu-

racy of a random classifier for the PMCI subgroup (0.163). These relatively poorer

results could be because the SVM and manifold frameworks are unable to adjust

the influence of each data source. Therefore, data sources that are less relevant to

the classification task have as much influence on the final classification decision as

highly informative data sources. One straightforward way to address this issue in

the SVM method could be to use a majority vote approach when combining the

predicted classes of each data source, rather than selecting the most confident pre-

dicted class. Alternatively, data could be excluded prior to the training of the SVM

or manifold learning methods. For example, data sources with no statistically sig-

nificant difference between healthy controls and AD patients could be omitted from
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the classification framework.

Figures 8.9 and 8.10 suggest that the DSI method is the most consistent clas-

sifier in the multiclass classification tasks. For example, across the four diagnostic

subgroups in the HC vs SMCI vs PMCI vs AD classification task, the classification

accuracy of the DSI method varied by only 6.1%. In contrast, for the same classi-

fication task, the difference between the highest and lowest classification accuracy

for the SVM method was 62.1%. The reason for the small range of classification

accuracies for the DSI method could be due to the training data. Unlike the other

three methods, which use all of the available data during the training phase, the

DSI method only uses data for AD patients and healthy controls. Due to the broad

definition of MCI, the data for MCI subjects are more variable. Therefore by in-

cluding MCI data in the training set, it could be more difficult to train a classifier

to separate the clinical subgroups. Furthermore, by only training with subjects at

the extremes of the clinical spectrum, it is easier to model the progression of the

disease. For example, the volume of the hippocampus is known to decrease with

AD progression [Frisoni et al. 2010], but the rate of volumetric change from HC

to MCI could be very different to the rate of change from MCI to AD. The DSI

method assumes that disease progression is linear, and fundamentally interpolates

between healthy controls and AD patients in order to diagnose subjects with MCI.

Although this approach has achieved favourable results in the experiments presented

in this chapter, the biomarker cascade model proposed by [Jack et al. 2010] implies

that the development of dementia due to AD is non-linear. Therefore, it may be

possible to improve the classification accuracy of the DSI method by changing the

interval-levels used in the classification assessment. Rather than setting values at

regular intervals (i.e. HC = 0, SMCI = 1/3, PMCI = 2/3, and AD = 1, as used in

this work), a higher classification accuracy may be achieved by reducing the interval

between HC and SMCI, and PMCI and AD. However, the biomarker cascade model

also suggests that the level of non-linearity is different for different data sources.

Consequently, it may be difficult to translate the non-linear nature of the data into
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suitable intervals for classification of the final DSI values.

When predicting the clinical diagnoses in the four-class classification task, a

different classification method obtained the highest classification accuracy for each

diagnosis subgroup. Therefore, an interesting extension to this work could be to

combine the outputs of the four methods, in order to assess the classification perfor-

mance of a “super-framework”. However, this would lead to another issue, namely,

how to combine the results of each method in the best possible manner.

8.4.2 Methodological Considerations

Although the original SVM method proposed by [Segovia et al. 2014] cannot intrin-

sically account for missing data, we modified the method to handle the incomplete

MMSE and CSF data. In short, missing data points were omitted from the com-

parison of distances from the classification boundary. For example, for a subject

with data from all seven sources, the final predicted class was the predicted class

obtained by the data source in which the subject was the furthest from the clas-

sification boundary. If the test subject did not have CSF biomarker data, only

the remaining six data sources were used to determine the final predicted clinical

diagnosis.

In the paper by [Wolz et al. 2012], the manifold learning method combines non-

imaging information with MR imaging. The extended Laplacian Eigenmaps objec-

tive function (Equation 8.5) comprises two terms. The first term maps subjects

with similar MR images close together in the embedding space, and the second term

maps subjects close to the cluster centres of groups of subjects with similar meta-

data. The influence of the MR imaging term is controlled by a weighting parameter

γ. In this work, we set γ = 0, such that the pairwise similarities between the MR

images were ignored. This will probably have had an effect on the classification

performance of the manifold learning framework, since it is contrary to the original

design of the method. However, in order to ensure an unbiased comparison between

the classification methods tested in this chapter, all four methods used exactly the
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same data.

Unlike the SVM and DSI methods, the manifold learning and multi-graph meth-

ods have to be completely retrained if new data sources or test data are introduced.

This is because a new graph (or set of graphs, for the multi-graph method) has to

be constructed. For the relatively small dataset used in this work, this was not a

problem, however, if more data sources and training data were incorporated into

the frameworks, reconstructing the graph and solving the model could become very

time-consuming. Nevertheless, one advantage of the multi-graph method is that it

returns subjects that are similar to the test subject. This could have benefits beyond

classification, such as collecting similar subjects for clinical studies.

Compared to the time taken to compute the final predicted clinical diagnoses

using the SVM, manifold learning, or multi-graph methods, the DSI method was

very slow. This is due to the recursive nature of the DSI calculations, and the design

of our experiments, which used leave-one-out testing. In order to obtain the final

DSI value for a single test subject, the DSI values of all the training data must also

be computed. In a clinical setting, where the training data are fixed, the DSI values

of the training data can be calculated in advance prior to deploying the framework.

However, in settings where the training data are not fixed (such as a leave-one-out

test), the DSI values of the training data have to be continually recalculated.

8.4.3 Conclusion

In this investigatory chapter we have compared the performance of four classification

frameworks capable of utilising multiple types of data: the late integration SVM

method proposed by [Segovia et al. 2014], a manifold learning technique proposed

by [Wolz et al. 2012], the Disease State Index proposed by [Mattila et al. 2011],

and our novel method based on multi-graph learning. Our results suggest that

the ability of the four methods to classify subjects according to clinical diagnosis is

highly variable, and depends on the clinical subgroups within the data. We achieved

a high classification accuracy with all four methods when classifying healthy controls
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versus AD patients. However, for multiclass classification tasks, the classification

accuracy of the individual diagnosis subgroups was typically much lower.

The aim of this work was to compare existing methods for automated diagno-

sis of AD using a standardised set of data from a multitude of clinical sources.

Subsequently, we have set benchmark classification results to which any future de-

velopments should be compared. We have also identified key problems regarding the

design and implementation of each of the four methods, and therefore, we propose

that any future work towards a complete classification framework for AD should, at

minimum, fulfil the following criteria:

• The framework must be able to individually assess the relevance of each data

source, and disregard irrelevant data.

• Imbalanced class sizes in the training data should have little effect on the final

classification performance.

• The framework must be able to cope with missing or incomplete data. For

example, a subject may have MMSE scores, but no CSF biomarker data.

• It must be straightforward to incorporate additional data sources into the

framework, as they become available (e.g. further neuropsychological test

scores).

• When used clinically, it must be possible to classify previously unseen subjects

without having to retrain the entire framework.

• The output of the framework (i.e. the predicted clinical diagnosis of a test

subject, or a numerical value indicating disease severity) must be quickly and

easily interpretable.

• In all classification tasks, the framework should achieve a similar, high classi-

fication accuracy for each clinical subgroup.

The work in this chapter has explored the possibility of using a single framework

for multiclass classification of the state of AD. The problems we identified and the
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criteria that we proposed could help shape future research into combining multiple

biomarkers for computer-aided AD diagnosis. In the next, and final, chapter we will

summarise the key contributions of the research presented in this thesis. Moreover,

we will outline further topics for future research, in addition to working towards a

complete classification framework for AD.
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Chapter 9

Conclusion

This thesis has presented novel methods for the analysis of amyloid PET images.

The methods include frameworks for the joint registration of PET-MR image pairs

to a template space, and approaches to amyloid status classification. In this final

chapter, we summarise the key contributions of our research, and discuss some of

its clinical limitations. We also indicate how the methods developed in this work

could be extended, and encourage research advancing our work towards a complete

classification framework for AD.

9.1 Key Contributions

The first two methods chapters in this thesis considered the quantitative analysis

of brain amyloid PET images. We explained that amyloid PET tracer uptake is

typically quantified using the standardised uptake value ratio (SUVR), which is the

ratio of mean tracer uptake in a region of interest, to uptake in a reference region

(where the uptake is non-specific). Prior to SUVR calculation, the PET volume is

registered to a template space in which the regions of interest are defined. Our first

contribution was to investigate the possibility of combining PET and MR informa-

tion during this registration process, thus potentially capturing changes present in

both modalities, and leading to more precise SUVRs (see Chapter 3). To achieve

this, we proposed an extension to the demons registration framework, in which two,
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single-modality registration updates are combined to simultaneously register PET

and MR images to a template space. We also introduced a weighting parameter to

control the influence of each modality during the registration process. We compared

our novel method to affine registration, non-linear PET-based registration, and non-

linear MR-based registration. Our results showed that our novel combined PET-

MR registration method could perform at least as well as single-modality methods

in terms of registration accuracy. Moreover, our results also suggested that SUVRs

acquired using our combined PET-MR registration method could be better suited

to distinguishing between populations of AD patients and healthy controls than SU-

VRs obtained using the single-modality registration methods. We also compared

the registration accuracy and SUVRs acquired using a synthetic PET template and

a PET template constructed from real 18F-florbetapir data. We demonstrated that

the real PET template can achieve significantly higher registration accuracy than

the synthetic PET template when PET is the dominant modality in our combined

PET-MR registration method. However, the SUVRs obtained using our PET-MR

registration method with the synthetic PET template may be marginally better

suited to discriminating between groups of healthy controls and AD subjects than

those acquired using the real PET template.

The main contribution in Chapter 4 was our assessment of the robustness of

SUVR calculation to the image registration method. We also extended our method

proposed in Chapter 3 by posing the registration framework as the minimisation

of a single energy function, and introduced a locally adaptive modality weighting.

Although the MR-only and joint PET-MR registration methods could outperform

the PET-only registration method in terms of registration accuracy, our results

showed that there was a significant separation between the SUVRs of populations

of AD patients and healthy controls, regardless of the registration method used to

align the PET volumes to the template.

Following our conclusion that the accuracy of amyloid status classification using

SUVR is not affected by the registration method, Chapters 5-7 of this thesis focused
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on developing novel methods for the automated classification of brain amyloid sta-

tus, which could overcome the shortcomings of SUVR, namely, the need to predefine

cortical regions of interest and an amyloid positivity threshold. In Chapter 5, we

proposed a method for classification of brain amyloid status based on histograms of

oriented 3D gradients. Our method, 3D HOG + SVM, achieved a higher classifi-

cation accuracy than SUVR and another machine learning method based on voxel

intensity directly [Vandenberghe et al. 2013]. Moreover, we trained our proposed

classification method using 18F-florbetapir PET images, and showed that it could

be applied to other amyloid PET tracers with little recalibration.

In Chapter 6 we assessed the generalisability of our proposed 3D HOG + SVM

amyloid status classification method. We retrained our method three times, each

time using training data from a different amyloid PET tracer. Following each suc-

cessful training phase, our classification method was tested using data from all three

tracers. In all cases, our proposed 3D HOG + SVM method resulted in a higher

classification accuracy than another machine learning method from the literature

[Vandenberghe et al. 2013], and achieved a classification accuracy greater than or

equal to SUVR. We also showed that our method is capable of making fewer low-

confidence classification decisions.

A further contribution to the classification of amyloid status using PET imaging

was presented in Chapter 7. We investigated the potential of convolutional deep

belief networks (CDBNs) as an alternative classification method to SUVR and our

proposed 3D HOG + SVM method from Chapter 5. Our results indicated that one-

layer CDBNs can classify brain amyloid status more accurately than two- and three-

layer CDBNs. Our results also suggested that a one-layer CDBN trained using non-

medical images could more accurately classify brain amyloid status than a similar

CDBN trained using 2D amyloid PET data. However, all of the CDBNs that we

tested were unable to achieve a higher classification accuracy than the amyloid status

classification method proposed in Chapter 5. For this reason, in addition to the long

training time and the impracticality of optimising the CDBN hyper-parameters, we
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concluded that, at present, our 3D HOG + SVM method may be favoured over

CDBNs for classifying brain amyloid status from PET imaging. Nevertheless, it

should be noted that the CDBNs in Chapter 7 were only trained using 2D data,

whereas the 3D HOG + SVM method used 3D PET volumes. Therefore, it may be

possible to improve the classification accuracy of the CDBNs by by leveraging more

computational power to train them using 3D data.

Finally, in Chapter 8, we conducted investigatory research towards a classifi-

cation framework for AD that is capable of exploiting data from multiple clinical

tests. Using a standardised data set, we compared three existing frameworks from

the literature, and a novel classification method based on multi-graph learning. All

four methods were able to classify healthy controls versus AD patients with a very

high degree of accuracy, however for multiclass classification tasks, the classification

accuracy of the individual diagnostic subgroups was much lower. In addition to pre-

senting our preliminary classification results, we identified drawbacks in the design

and implementation of each classification framework. Consequently, we proposed a

set of criteria that any future work towards a complete classification framework for

AD should fulfil.

9.2 Limitations of this Work

Two problems associated with nearly all PET image analysis methods that have

not been considered in this thesis are partial volume effects (PVEs) and noise. The

PVE occurs when a region of an image contains part of one anatomical structure or

tissue type and part of another, mixed together, such that the structures or tissues

are indistinguishable. This leads to an apparent loss in activity in some regions,

and an increase in activity in adjacent regions. Correcting for the PVE is very

likely to change the SUVRs in Chapters 3 and 4. However, since PVE correction

requires anatomical segmentations and accurate registration to anatomical images,

any errors in these steps will lead to errors in the PVE correction. Moreover, it

is not completely clear from the literature that PVE corrected SUVRs can more
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accurately classify amyloid status than non-corrected SUVRs. For example, [Rull-

mann et al. 2016] demonstrated that PVE correction increases the ability of SUVRs

to discriminate between AD patients and healthy controls in 18F-florbetaben scans,

but [Villemagne et al. 2012] concluded that the PVE has not proven to be a major

obstacle in quantitative analysis of amyloid PET imaging. Noise in the amyloid

PET images may have had an influence on the registration results, but because the

SUVR calculation is based on mean tracer uptake in regions of interest, SUVRs

should be less affected by noise. Moreover, since the same amyloid PET data were

used when comparing the different registration and classification methods, any im-

pact of the errors from noise and the PVE can be considered to be consistent across

the different methods. Whilst these two problems may not be significant enough to

affect decisions about patient diagnosis and management, they could affect research

efforts for early disease detection.

Except for the 18F-florbetaben PET data used in Chapters 5 and 6, the data used

in this thesis were exclusively from the ADNI database. Whilst ADNI is a global

research effort to aid investigation into the progression of AD, the participants are

only recruited from North America. The ADNI inclusion criteria1 also state that

participants must be fluent in English and/or Spanish, thus excluding some North

American sub-populations from the study. Consequently, the results and conclu-

sions presented in this work are only applicable to a small subset of the global

population at risk of developing AD. Following the success of the North American

ADNI study, further initiatives have been established in other countries and regions.

The methods for conducting imaging scans and collating data are standardised by

the umbrella organisation, World Wide Alzheimer’s Disease Neuroimaging Initia-

tive2 (WW-ADNI). In future, it will be essential to apply our methods, and other

research methods, to other populations in order to assess their global effectiveness.

In Chapters 4 and 8, we used the clinical diagnoses from ADNI as the gold

1http://adni.loni.usc.edu/wp-content/uploads/2008/07/adni2-proceduresmanual.

pdf
2http://www.alz.org/research/funding/partnerships/WW-ADNI_overview.asp
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standard for our classification experiments. However, as explained in Chapter 2,

definitive diagnosis of AD can currently only be achieved via an autopsy. Whilst

ADNI aims to provide post-mortem confirmation of the disease state, autopsy in-

formation is unavailable for the majority of subjects in the database. Therefore,

although autopsy confirmation would be the ideal gold standard for classification,

the lack of available data would have limited our experiments.

The largest single data set in used in this thesis consisted of 294 18F-florbetapir

PET images from 294 subjects (though this was reduced to 264 subjects following

visual assessment of the images). Ideally, due to the high dimensionality of the data,

our proposed classification methods should be trained using more training samples

[Batmanghelich et al. 2012]. However, the time taken to pre-process and, in the

case of Chapters 5-7, visually assess medical image data, often limits the size of the

data sets used in medical image analysis. We used a subset of the total number of

ADNI participants with 18F-florbetapir PET images, and since ADNI is a longitu-

dinal study, some subjects now have multiple 18F-florbetapir PET scans available

in the database. Nevertheless, even if we consider images from the same subject

separately, the total number of 18F-florbetapir PET images in the ADNI database is

significantly smaller than the number of images in the ImageNet Large Scale Visual

Recognition Challenge (ILSVRC) data set used in computer vision research (2122

compared to 1461406 [Russakovsky et al. 2015], respectively3). Attempts have been

made in the literature to artificially increase the number of training samples for ma-

chine learning in medical imaging. For example, in order to generate more samples,

[Roth et al. 2015] randomly applied non-rigid deformations to their training data.

Although the deformations were chosen such that the resulting warped images re-

sembled plausible physical variations of the original images, caution is required when

using this data augmentation approach. There needs to be a consensus on the va-

lidity of the “biologically plausible deformations,” and the degree of deformation is

likely to vary depending on the image modality and machine learning task.

3Correct on Feb 15, 2016.
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The clinical value of amyloid imaging is dependent on the quality of the images

and accuracy of interpretation. Although we demonstrated in Chapters 5 and 6

that our proposed 3D HOG + SVM classification method can achieve a very high

agreement with visual assessment of amyloid PET images, there are currently other

factors affecting the clinical relevance of our work. In September 2013 the U.S. Cen-

ters for Medicare and Medicaid Services (CMS) determined that there is insufficient

evidence to conclude that amyloid PET imaging is reasonable and necessary for the

diagnosis or treatment of dementia4. Consequently, the cost of amyloid PET imag-

ing is not covered under the Social Security Act. Moreover, the CMS declared that

they would only cover the cost of one amyloid PET image per patient in clinical

trials, thus restricting longitudinal AD studies. However, almost two years after

their decision to not reimburse amyloid PET images, the CMS approved a four-

year, $100 million study called Imaging Dementia – Evidence of Amyloid Scanning

(IDEAS) [Frantz and Farley 2015]. The aim of the IDEAS study is to examine how

amyloid PET imaging can aid physicians in diagnosing and treating AD and other

dementias, outside of tertiary academic care and clinical trials. As a result, robust

and accurate automated tools for identifying, quantifying, and classifying amyloid

will be required for assessing whether or not amyloid PET scans have an effect on

short-term patient management, and hence justify the use/cost of amyloid PET

imaging.

9.3 Future Research

In Chapter 3 we compared registration results following registrations of PET-MR

image pairs to a synthetic PET template and a template constructed from real 18F-

florbetapir PET volumes. The synthetic PET template was created from a weighted

combination of the MR template tissue segmentations, where the weightings were

selected to produce a synthetic PET template that had similar grey-white matter

4https://www.cms.gov/medicare-coverage-database/details/nca-decision-memo.

aspx?NCAId=265
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contrast to a range of amyloid positive and negative PET images. Nevertheless, the

final choice of parameters was heuristic, and a different set of tissue weightings could

improve the synthetic PET template registration results. Consequently, one area of

future work could be to comprehensively analyse the effect of the tissue weighting

parameters used in the synthetic PET template construction on the registration

accuracy and SUVR.

Although we exploited multiple clinical biomarkers in our preliminary investiga-

tion into a complete classification framework for AD (Chapter 8), we only considered

amyloid PET and T1-weighted MR imaging in this thesis. In future, it would inter-

esting to extend our novel amyloid status classification method, proposed in Chapter

5, to other modalities or clinical problems. For example, classifying the extent of

neurofibrillary tangles imaged using the 11C-PBB3 PET tracer [Maruyama et al.

2013]. Moreover, other MR-based techniques, such as arterial spin labelling (ASL),

have shown promise as diagnostic biomarkers for AD [Musiek and Chen 2012]. With

more data becoming available, our proposed amyloid status classification method

could be applied to the classification of AD using ASL images.

As discussed in Chapter 5, it may be possible to classify brain amyloid status

more accurately using a CDBN trained with 3D data compared to using a CDBN

trained with a single 2D axial slice from 3D PET volumes. However, it is very

computationally expensive to train a CDBN using 3D data, making it impracti-

cal to evaluate its classification performance. Therefore, future research into deep

learning methods for amyloid status classification, or other medical image analy-

sis tasks, could focus on developing novel methods for reducing the computational

cost of training. Although some methods exist in the computer vision literature for

speeding up the training of deep learning methods [Rigamonti et al. 2013; Jaderberg

et al. 2014], they are applied to deep learning methods trained using 2D data, and

there is no guarantee that they would scale to 3D data. By substantially reducing

the training time, not only would it be possible to optimise the hyper-parameters of

the CDBN, but it would also be possible to investigate other deep learning methods,
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such as convolutional neural networks (CNNs), that would otherwise be impractical

to train using 3D data. Moreover, a reduction in computational cost would allow

the classification performance of state-of-the-art deep architectures, such as the 19-

layer CNN proposed by [Simonyan and Zisserman 2015], to be assessed in a medical

image analysis task using 3D data. The outcomes of this research could have ap-

plications beyond medical image analysis, since general methods for efficiently and

quickly training deep learning methods would allow them to be applied to other

high-dimensional data, such as video sequences.

In the absence of an AD screening programme, it is reasonable to assume that

most individuals only undergo clinical testing for dementia when they start to ex-

hibit memory problems. However, it has been shown that AD biomarkers become

abnormal in a temporally ordered manner as the disease progresses [Jack et al. 2010].

For example, brain amyloid deposition occurs early in the disease, before the ap-

pearance of clinical symptoms [Villemagne et al. 2011b], and MR imaging is the last

biomarker to become abnormal, retaining a close relationship with cognitive per-

formance late into the disease [Jack et al. 2010]. Therefore, in future, longitudinal

subject data could be used to develop frameworks for the classification and assess-

ment of AD. Not only could longitudinal data result in an increased classification

accuracy of disease state, but by analysing the rates of change in each biomarker,

it could be possible to provide a more accurate prognosis for each subject. For ex-

ample, with sufficient longitudinal training data, it may be possible to predict the

probability that a subject with mild cognitive impairment will develop AD within

five years of the baseline assessment.

We believe that without a more objective gold standard than visual assessment,

it may be difficult to achieve clinically significant improvements in the classification

accuracy of amyloid status. Therefore, the majority of future research in this field

should be directed by the initial results presented in Chapter 8. We have proposed

design requirements for future AD classification frameworks that use data from

multiple clinical tests, and have set benchmark classification results for them to
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surpass.

9.4 Closing Remarks

The aim of this thesis was to work towards the development of an amyloid PET im-

age analysis tool for aiding the accurate and consistent diagnosis of AD. We started,

in Chapters 3 and 4, by proposing a novel method for joint PET-MR registration,

and assessing the robustness of SUVR, the current clinical method for brain amyloid

quantification. We showed that SUVR is robust to the registration method used to

align the PET images to the template space, and therefore, registration has little

effect on the ability of SUVR to classify subjects as healthy or diseased. In Chap-

ters 5-7, we investigated several other methods for amyloid status classification, and

proposed a machine learning method that can achieve high classification accuracy

regardless of the amyloid PET tracer.

It may be difficult to achieve more accurate amyloid status classification results

than those presented in this thesis. However, knowledge of amyloid status alone is

not sufficient to diagnose AD. For accurate diagnosis of AD, careful patient history

and examination are required in addition to brain amyloid status. Therefore, we

have conducted preliminary research into combining our amyloid status classification

results with data from several other clinical tests, in order provide a more complete

overview of an individual’s disease state. The results presented in Chapter 8 should

serve as a benchmark for subsequent research, and any future AD classification

frameworks should fulfil the criteria proposed in our conclusion to that work.
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