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Abstract 

This thesis is an investigation into vascular risk, vascular brain lesions, and age 

contributions to brain atrophy and cognitive decline in Alzheimer’s disease (AD).  

Associations of white matter hyperintensities (WMHs) to longitudinal hippocampal 

atrophy were explored in control, mild cognitive impairment (MCI) and AD participants 

enrolled in the Alzheimer’s Disease Neuroimaging Initiative (ADNI1). Also using ADNI1 

data, I identified differences in longitudinal brain atrophy patterns in younger vs. older 

AD patients. Blood pressure (BP), cognition and brain atrophy were jointly modelled to 

see how changes in each variable are correlated in ADNI1 and National Alzheimer’s 

Coordinating Centre (NACC) participants. The independent associations of 

microbleeds (MBs), lacunes and WMHs to longitudinal atrophy were also explored in 

ADNIGo and ADNI2. Lastly, I developed a new protocol for semi-automated WMH 

segmentation and generated ‘gold standard’ segmentations with which to assess the 

performance of an automated WMH segmentation algorithm. 

WMHs were found to associate with hippocampal atrophy in controls and MCI, which 

survived correction for CSF biomarkers of amyloid and tau, and concurrent brain 

atrophy. Secondly, I found that younger AD patients have greater extra- hippocampal 

atrophy, with a prominent posterior atrophy pattern, and faster atrophy rates compared 

to older AD patients. Greater hippocampal atrophy rates were found in MCI and AD 

patients with higher baseline systolic BP. In ADNI2 and ADNIGo subjects MB presence 

and WMH volume were associated with increased longitudinal brain atrophy rate, whilst 

presence of a lacune was associated with a reduced atrophy rate. Lastly, I showed that 

the automated WMH segmentation algorithm compares well to the ‘gold standard’, and 

automated volumes were able to predict cognitive change across disease types. 

This work extends existing knowledge about how age, vascular risk and brain lesions 

with a presumed vascular aetiology, link with brain atrophy and cognitive decline in 

ageing and AD. 
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Impact Statement 

The work in this PhD has three main impacts; research on Alzheimer’s disease (AD), 

clinical trial design and the clinical prevention or treatment of dementia. 

A key finding of this PhD is that white matter hyperintensities (WMHs) associate with 

hippocampal atrophy rate independently of AD pathology. This result creates 

opportunities for further research to understand the mechanisms underlying this 

finding, and to create new models of disease mechanisms incorporating the effects of 

small vessel disease (SVD). Concordantly, there is active demand for this research; 

since publishing this finding in 2016, the paper has been cited 10 times. Further 

translational research will be required to determine whether WMHs are an important 

causal step on the pathway to atrophy and cognitive impairment. If they are, strategies 

designed to reduce WMH volume could therefore potentially decrease the incidence or 

delay the onset of atrophy and cognitive impairment. 

In chapter 3 a new algorithm for WMH segmentation (BaMoS) was thoroughly 

assessed against gold-standard human segmentations. As a result of this work BaMoS 

can confidently be applied to large-scale multi-site studies, to help elucidate the role of 

WMHs in neurodegenerative disease and cognitive impairment. With further research, 

BaMoS may be of potential clinical use. Such a detailed assessment of a WMH 

segmentation algorithm is rare in the literature; our results will inform the field as to the 

problems which commonly arise in automated WMH segmentation which can be 

improved upon. The manual segmentations and BaMoS may be released to enable 

other groups to benefit from them (currently in discussion). 

In chapter 5 I found that high blood pressure (BP) is predictive of hippocampal atrophy 

rate in AD; this is the first readily modifiable risk factor for increased hippocampal 

atrophy rate which has been identified in symptomatic AD. Future translational work is 

needed to understand whether lowering of BP in hypertensives can prevent or slow 

progression in MCI and AD. This work also found that in individuals with AD, both 

hypertension and hypotension may accelerate disease course, and therefore supports 

careful monitoring of BP in a clinical setting. 

Finally, this PhD has important impacts for clinical trial design. The findings that WMH 

volume, MB presence, and high BP are each individually associated with atrophy rates 

impacts clinical trials which use atrophy rates as outcome measures. Trials may benefit 

from stratifying or adjusting for these variables to reduce variance, in turn reducing 

sample sizes required to detect a treatment effect.   
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Chapter 1:  Introduction 

1.1: Background 

 Dementia is a syndrome typified by a significant degradation in cognitive 

functions (such as memory, judgment, visuospatial function and language) compared 

to an individual’s previous level of function (McKhann et al. 1984). Alzheimer’s disease 

(AD) is a progressive disease which is the commonest cause of dementia both 

clinically (Lobo et al. 2000; Chan et al. 2013) and pathologically (Barker et al. 2002). 

AD is thought begin in middle or late life, it has a long prodromal phase and an 

insidious onset, with symptoms usually appearing around age 80 (Masters et al. 2015). 

The average duration of the disease is around 8-10 years, and all patients with mild to 

moderate AD will decline to advanced AD, unless they succumb to another illness 

(Masters et al. 2015). Resultantly, AD is a chronic, terminal illness. Dementia is the 

leading cause of death in England and Wales (Office for National Statistics 2017). 

 AD causes disability and distress; its repercussions are felt at the personal, 

familial, societal, and economic level. The cost of health and social care for those with 

dementia in the UK almost match the combined costs of cancer, heart disease and 

stroke (R. Luengo-Fernandez, J. Leal 2010). Depression, agitation and other 

neuropsychiatric symptoms are common and distressing to the individual affected and 

their family members. However, dementia is not an inevitable consequence of ageing 

(Corrada et al. 2008), and in 2015 the UK government launched Global Action Against 

Dementia summit to increase worldwide efforts to find a cure or disease modifying 

therapy by 2025. 

 Dementia is a global epidemic; there are around 46.8 million people worldwide 

living with dementia (Prince et al. 2015). As older people make up an increasing 

proportion of the total population, dementia numbers are predicted to double every 20 

years and reach 74.7 million by 2020 (Prince et al. 2015). The majority of new 

dementia cases are likely to be from low or middle income countries, as classified by 

the World Bank (Prince et al. 2015). In high income countries there has been a 

reported decrease in dementia incidence thought to be due to dementia risk reduction, 

an unintended consequence of improved life course health, better childhood nutrition, 

improved education and emphasis on treatment of vascular disease (Qiu et al. 2013; 

Matthews et al. 2013; Livingston et al. 2017). These global trends reflect the consistent 

finding that poor vascular health predisposes individuals to dementia (Gorelick et al. 
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2011; Kivipelto et al. 2005; Livingston et al. 2017; Viswanathan et al. 2009), the topic of 

this PhD. 

 Relevance of vascular health in AD 1.1.1:

 The notion of dementia being preventable is powerful; estimates are that one 

third of dementia could be due to modifiable risk factors (Norton et al. 2014; Livingston 

et al. 2017). Although dementia is likely preventable only in some cases, estimates are 

this preventable dementia is equivalent to 15.6 of the 46.8 million current cases 

worldwide. Preventing AD would likely involve slowing the disease process, and 

thereby deferring dementia to a later age. Targets for prevention are risk factors 

including childhood education, exercise, social engagement, reducing smoking, 

managing hearing loss, treating diabetes, depression and obesity (Norton et al. 2014; 

Livingston et al. 2017).  

 The importance of investigating dementia prevention is compounded by the 

failure of all clinical trials investigating disease modifying therapies for AD to date 

(Cummings et al. 2018). Modification of vascular risk factors (VRFs) represents a cost-

effective preventative strategy that may prevent dementia in millions of individuals. 

However, there is a dearth of evidence linking population-level findings of risk factor 

effects on AD to mechanisms of disease progression. Until we understand how these 

disease pathways merge, prevention attempts and strategies are likely to be ill-

conceived, poorly funded and inefficiently executed. 

 Magnetic resonance imaging (MRI) enables visualisation of brain tissue in vivo, 

which can help elucidate the pathway from risk factors to phenotype. The progression 

of AD and concurrent vascular damage can be measured using MRI. Damage from 

Small Vessel Disease (SVD) is common, increasingly prevalent with age, present at 

autopsy in over 75% of elderly individuals (Ince 2001), and frequently co-occurs with 

AD (Jellinger 2006; Schneider et al. 2007; Brayne et al. 2009). SVD manifests on MRI 

as white matter hyperintensities (WMHs), lacunar infarcts and cerebral microbleeds 

(MBs). However much regarding SVD remains unknown; such as how these lesions 

affect brain tissue; the quantity or volume of lesion required to cause cognitive 

impairment; and whether SVD represents a separate pathway to cognitive impairment 

than AD pathology, or whether the two pathologies interact. 

 Understanding the interactions of vascular health, VRFs and vascular events in 

AD is also necessary to ensure effective treatment for all patients. Clinical trials are 

usually performed in younger, healthier and male populations (Cooper et al. 2014). 

Furthermore clinic-based AD patients have less SVD than community-based AD 

patients (Schneider et al. 2009). These biases in sample characteristics could be 
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problematic; a drug which is effective in a relatively young and healthy test population 

may be not be effective in the wider, older population. This might be particularly 

pertinent if, as evidence suggests, SVD is contributing to cognitive impairment. VRFs 

and evidence of SVD may provide key information relevant to trial design, as 

investigators may wish to stratify their participants or adjust for VRFs in their analysis to 

reduce variance, which in turn reduces the sample sizes required to detect meaningful 

effects (Schott et al. 2010).  

 Structure of the introduction 1.1.2:

In this PhD I will investigate the link between vascular risk, vascular lesions and AD 

phenotype. I will begin this introduction by outlining the current AD theory, followed by 

an explanation of how vascular disease may contribute to AD specifically in the form of 

VRFs and SVD, and why the context of age is important. I will then recapitulate our 

current knowledge and state the aims of the thesis: 

Section 1.2: Current AD theory 

Section 1.3: Vascular pathology in AD 

Section 1.4: Hypertension and AD 

Section 1.6: Age 

Section 1.7: Knowledge Gaps and Study Rationale 

Section 1.8: Thesis Aims 
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1.2: Current AD theory  

 In 1901 Alois Alzheimer examined Auguste Deter, the first patient to be 

diagnosed with AD. She was confused, paranoid, and experiencing memory problems. 

Alzheimer described her as sat with ‘a hopeless expression’ which is captured in Figure 

1:1A (Maurer et al. 1997). Upon Auguste’s death 5 years later, Alzheimer examined her 

brain and discovered prolific senile plaques and neurofibrillary tangles. These tangles 

were illustrated by Alzheimer (see Figure 1:1B). Auguste was 51 when she first visited 

Alzheimer, and so had a form of early onset dementia, as her symptoms began before 

the age of 65 (Rossor et al. 2010). Over 95% of AD cases have the late onset form of 

AD (symptoms occur >65 years) (Masters et al. 2015). Researchers recently identified 

that Auguste had a DNA mutation in the presenilin 1 gene, an amyloid precursor gene 

which leads to overproduction of amyloid beta (Aβ) (Müller et al. 2013).  

A.  

 

B. 

 

 

C. 

 

D. 

 

 

Figure 1:1: August Deter, the first person to be diagnosed with Alzheimer’s disease (A). Drawings of tau inclusions by 

Alois Alzheimer (B), histopathological examination of an amyloid plaque (C) and a tau tangle (D), scale bars for 

C,D=25μm. Images A and B reprinted from The Lancet, 349/9064, Konrad Maurer,Stephan Volk, Hector Gerbaldo, 

Auguste D and Alzheimer's disease, p.1546, Copyright (1997), with permission from Elsevier. Images C and D reprinted 

from Journal of Neuropathology and Experimental Neurology, 67/6, Castellani, Rudy J.; Lee, Hyoung-gon, Alzheimer 

Disease Pathology As a Host Response, p.523, Copyright (2008), with permission from Oxford University Press. 

 

 Since Alzheimer first examined Auguste, efforts to understand AD have focused 

largely on Aβ, one of the pathological proteins involved in Alzheimer’s disease. We now 

know that the senile plaques Alzheimer first described are formed of Aβ, see Figure 

1:1C. A pathological characteristic of AD is a build-up of Aβ in extracellular spaces and 
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also in the blood vessel walls, this Aβ deposition in the blood vessel walls is known as 

cerebral amyloid angiopathy (CAA) (Hardy & Higgins 1992; Pantoni 2010). Intracellular 

tangles of misfolded tau protein also accumulate; see Figure 1:1D. As a result of these 

pathological accumulations, levels of neurotransmitters (such as acetylcholine) are 

decreased, synapses are lost and neuronal death occurs (Masters et al. 2015). At a 

macro level, this neuronal death can be observed on structural MRI as atrophy, see 

Figure 1:2 A and B. In most cases the initial atrophy is specific to certain brain regions, 

particularly the hippocampus (red highlighted area on figure 1:2). An initially amnestic 

condition is related primarily to hippocampal atrophy, however as the disease spreads 

and affects other brain regions progressive loss of function occurs in multiple cognitive 

domains. Subtypes of atypical AD also exist, in which cortical, rather than hippocampal 

areas are vulnerable to AD, so-called ‘hippocampal sparing’ AD (Murray et al. 2011; 

Whitwell et al. 2012). Atypical forms of AD have clinical variants, such as posterior 

cortical atrophy (PCA), a syndrome in which visuospatial and visuoperceptual 

deficiencies are pronounced but memory may remain conserved (Crutch et al. 2012). 

These atypical forms of dementia exhibit distinct atrophy patterns (Whitwell et al. 2012; 

Lehmann et al. 2011) and AD pathological burden (Murray et al. 2011; Ossenkoppele 

et al. 2016). The spreading of pathology was characterised by two pathologists Braak 

and Braak, neuropathologists who noted the spread of the plaques from basal cortical 

regions and tangles from transenthorhinal regions throughout the brain (Braak & Braak 

1991), although, this was based on findings across subjects. 

 However, many individuals have Aβ plaques without any symptoms of 

Alzheimer’s disease. The development of symptoms and loss of brain tissue appears to 

be most closely correlated with changes in tau pathology (Jack et al. 2010; W J P 

Henneman et al. 2009; Blom et al. 2009). The lack of synchrony between abnormal Aβ 

levels and dementia onset is thought to be due to the development of AD over many 

years. AD is hypothesised to initiate by abnormal processing of the protein from which 

Aβ is generated (amyloid precursor protein (APP)), leading to the accumulation of Aβ. 

Through unknown mechanisms this Aβ build up leads to a cascade of events including 

tau aggregation, vascular damage, cell dysfunction and death, brain atrophy and the 

development of AD symptoms (Hardy & Higgins 1992). This ‘amyloid cascade 

hypothesis’ has become the prevailing theory of AD, a bulk of work supporting this idea 

led to a proposed ordering of biomarker abnormalities by Jack et al (Figure 1:3) (Jack 

et al. 2010). Mechanistic differences in AD may also exist; it has been posited that 

reduced Aβ clearance is a feature of late onset AD, as opposed to Aβ over-production, 

which may be detrimental in early onset AD (Mawuenyega et al. 2010; Tarasoff-

Conway et al. 2015). 
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 Biomarkers 1.2.1:

 A biological marker (or biomarker) can be defined as a characteristic which 

reflects in vivo pathology that can be objectively measured and evaluated to indicate 

normal and pathological biological processes, or response to a pharmacological 

intervention (Atkinson et al. 2001). As clinical symptoms are the latter phase of AD, 

biomarkers are useful to understand and combat the disease, as they enable us to 

investigate the prodromal and preclinical phases of disease. The most commonly 

researched AD biomarkers are those derived from cerebrospinal fluid (CSF), brain 

imaging, and neuropsychology, although biomarkers from other sources (e.g. blood 

and urine) are in constant development and use. 

 

Figure 1:2: T1-weighted Magnetic Resonance Image (MRI) from a healthy control (A) and a patient with Alzheimer’s disease (B), 

hippocampi are coloured red. T1-weighted MRI image (C) and a T2 FLAIR MRI image (D) from a patient with Alzheimer’s 

disease, note that the T1 image is registered to the FLAIR. 
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 Biomarkers are tantamount to this PhD; the majority of chapters examine the 

effect of a different predictor on two main biomarkers- structural imaging and 

neuropsychology. I will describe biomarkers most important to this PhD and to the 

current AD theory. 

 Biomarkers of Aβ and tau 1.2.2:

 The classical method of estimating Aβ and tau levels in the brain has been to 

quantify Aβ and tau present in the CSF. Low levels of the 42 amino acid Aβ isoform 

(Aβ42), is thought to indicate the deposition of plaques during AD. The Aβ42 isoform is 

more prone to aggregation, and the low levels of Aβ42 observed in AD (Olsson et al. 

2016) correlate with post mortem Aβ plaque counts (Strozyk et al. 2003), and faster 

brain atrophy rates (J. M. Schott et al. 2010). Increased CSF tau is present in the 

brains of those who have AD, and other neurodegenerative conditions (Olsson et al. 

2016; Riemenschneider et al. 2003), is associated with post mortem tau (Buerger et al. 

2006), and faster clinical progression (Blom et al. 2009). The Alzheimer’s disease CSF 

profile is the combination of low Aβ42  and high tau, and changes in this profile are seen 

to occur 10-15 years before onset of disease in Alzheimer’s disease individuals with 

dominantly inherited genetic disease variants (Bateman et al 2012). 

 

Figure 1:3: diagram from Jack et al 2010 of the proposed dynamic biomarker changes underlying Alzheimer’s disease. 

In this conceptualised model Aβ is identified by CSF Aβ42 or PET imaging, tau-mediated neuronal injury and 

dysfunction is identified by CSF tau or fluorodeoxyglucose-PET and structural changes are measured using MRI. Aβ=β-

amyloid. MCI=mild cognitive impairment. Reprinted from Lancet Neurology, 9/1, Clifford R Jack Jr, David S Knopman, 

William J Jagust, Leslie M Shaw, Paul S Aisen, Michael W Weiner, Ronald C Petersen, and John Q Trojanowski, 

Hypothetical model of dynamic biomarkers of the Alzheimer’s pathological cascade, p119, Copyright(2010), with 

permission from Elsevier 

 



25 
 

 Positron emission tomography (PET) imaging has enabled the visualisation of 

AD pathology in vivo. Pittsburgh compound B (PiB) is able to bind to Aβ with a high 

affinity, which enables the detection of Aβ plaques, present years before symptom 

onset (Villemagne et al. 2013). PiB can also predict conversion from MCI to dementia, 

especially in those with an episodic memory impairment or hippocampal atrophy (Rowe 

et al. 2013). However most individuals with Aβ positive scans do progress to MCI or AD  

over 18-36 months (from cognitively normal or MCI status) (Rowe et al. 2013). The use 

of amyloid PET has become more common with the advent of fluorine based Aβ 

tracers, which have a longer half-life than the original carbon-11 labelled PiB tracer, 

110 (fluorine) vs 20 minutes (carbon) (Johnson et al. 2013). Before this development, 

only sites with cyclotrons were able to image amyloid PET (Johnson et al. 2013). 

Currently, tau PET imaging is under development, 18F-AV-1451 is a recent tracer, 

considered promising, which binds to post mortem tau (Marquie et al. 2015) and 

correlates with level of cognitive impairment (Johnson 2017). 

 The current methods for Aβ measurement (CSF or PET imaging) are invasive 

and expensive; cost-effective and scalable biomarkers are needed. Nakamara et al 

have recently proposed a blood plasma based Aβ biomarker; whereby measurements 

of Aβ were obtained using immunoprecipitation and mass spectrometry (Nakamura et 

al. 2018). Plasma Aβ predicted brain Aβ burden and correlated with CSF markers of 

Aβ. Further validation and longitudinal investigation of this biomarker will be necessary 

before it can be utilised clinically and research settings, however its future impact on 

clinical practice and research could be substantial.  

 This year, a new research framework for the definition of AD was suggested by 

Jack and colleagues, on behalf of the National Institute on Ageing- Alzheimer’s 

Association (NIA-AA) (Jack et al. 2018). These guidelines propose a major shift in how 

AD is traditionally characterised; positing that Alzheimer’s should be defined by in vivo 

biomarkers of Aβ and tau and/or post-mortem evidence of pathology, rather than 

clinical symptoms. The authors have devised the AT(N) framework system for defining 

individuals based on the presence of A (Aβ) and T (tau), where N (neurodegeneration) 

serves as a marker of disease severity, (see Table 1:1). Individuals are regarded as; 

Aβ positive (A+) based on evidence from Aβ PET and CSF derived Aβ42, or a ratio of 

CSF Aβ42/ Aβ40, considered tau positive (T+) from CSF phosphorylated tau, or tau PET 

data. Neurodegeneration, or neuronal injury is used as the measure of severity of 

disease and not to identify AD; it is estimated by observing atrophy on anatomical MRI, 

metabolism using fluorodeoxyglucose (FDG) PET, or by CSF total tau. Individuals who 

are Aβ positive, but which do not display tau pathology are considered to have 

Alzheimer’s pathologic change and be on the ‘Alzheimer’s continuum’. In this 
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approach, the authors stress that there is a spectrum of AD, and try to incorporate the 

preclinical phase of AD in the classification system. Crucially, by defining the disease 

on biomarkers alone they hope to overcome the problem that syndromic symptoms, 

such as amnestic cognitive impairment, are common between different brain diseases 

(Nelson et al. 2011; Román et al. 1993; McKhann et al. 2011). This research 

framework is intended for observational and interventional research, and not clinical 

care.  

AT(N) profile Biomarker Category 

A-T-(N)- Normal AD biomarkers 

A+T-(N)- 
Alzheimer’s pathologic 

change 

Alzheimer’s continuum 

A+T+(N)- Alzheimer’s disease 

A+T+(N)+ Alzheimer’s disease 

A+T-(N )+ 

Alzheimer’s and suspected 

non Alzheimer’s pathologic 

change 

A-T+(N)- Non-AD pathologic change 

A-T-(N)+ Non-AD pathologic change 

A-T+(N)+ Non-AD pathologic change 

Table 1:1: Table from Jack et al 2018. Three biomarker types, amyloid (A), tau (T) and neurodegeneration (N) are used 

to categorise individuals into one of 8 biomarker profiles.  Information printed from Jack, C.R., Bennett, D.A., Blennow, 

K., Carrillo, M.C., Dunn, B., Haeberlein, S.B., Holtzman, D.M., Jagust, W., Jessen, F., Karlawish, J. and Liu, E., 2018. 

NIA-AA Research Framework: Toward a biological definition of Alzheimer's disease. Alzheimer's & Dementia, 14(4), 

pp.535-562.  

1.2.2.1: Structural Imaging 

1.2.2.1.1: T1-weighted imaging 

Important measures of disease progression in AD can also be derived from 

MRI; the neurodegeneration and cell death resulting from the disease process can be 

quantified and changes tracked. Either the visual determination of volume loss, or 

measurements of volume loss made from the scans, tend to be referred to as brain 

atrophy. The most commonly used type of MRI to investigate atrophy is a T1-weighted 

MRI (Figure 1:2). In this type of imaging grey matter appears grey, white matter is light 

grey and CSF dark. Volumetric T1-weighted scans have been widely used because 

their high resolution and good contrast between tissue types allows delineation of 

tissue to measure structure volumes and their changes over time. 

Single time point structural MRI can be used to aid diagnosis in 

neurodegenerative diseases through visualisation of brain atrophy patterns, as is 

recommended by recent diagnostic criteria (McKhann et al. 2011; Jack et al. 2018). 

Structural imaging is recommended to exclude other potential causes of cognitive 

impairment (e.g. tumour), and also to increase the certainty of an AD diagnosis with the 

pattern of brain atrophy, particularly temporal lobe atrophy (McKhann et al. 2011; Jack 
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et al. 2018). Imaging is considered essential for diagnosis of Vascular dementia 

(Skrobot et al. 2018; Van Straaten et al. 2003).  

Serial MRI enables detection of atrophy rates. Aside from investigative research 

such as this thesis and the literature it builds upon, atrophy rates have been used as 

secondary outcome measures in clinical trials, as they are considered sensitive 

measures of disease progression (Salloway et al. 2009; Fox et al. 2005). However, 

considerable heterogeneity exists between individuals of the same diagnosis in atrophy 

rate (Schott et al. 2006). Understanding variables which explain this heterogeneity is 

important for improved accuracy of prognoses in clinical settings and also for clinical 

trial design. In the clinical trial context, sample sizes can be reduced by targeting 

specific populations according to factors which associate with atrophy rate, using 

stratification, or co-varying for the factor in trial designs. 

 AD patients have smaller brains than controls and have greater longitudinal 

rates of tissue loss over time (atrophy rates). Figure 1:2 shows a control brain next to 

an AD brain; the AD brain is smaller, the ventricles are larger, and there is more dark 

CSF between the sulci, indicative of global brain atrophy. Indeed, brain atrophy also 

correlates with cognitive status (Evans et al. 2010), and levels of CSF tau and Aβ42 

(Tosun et al. 2011). In concurrence with Jack’s model of AD, atrophy rates increase in 

the years preceding a diagnosis of AD (Leung et al. 2013; Chételat et al. 2005).  

1.2.2.1.2: T2 weighted imaging 

T2-weighted fluid attenuated inversion recovery (FLAIR) is an MRI sequence 

used to visualise pathology such as SVD and oedema (see Figure 1:2D). T2 FLAIR 

imaging is sensitive to water content, similarly to T2-weighted MRI, but a FLAIR 

modification of the inversion time allows the signal from CSF to be nulled. Bright WMHs 

are often found around the ventricles, therefore nulling the signal from the CSF-filled 

ventricles allows the border of the two tissues to be distinguished, and for CSF filled 

lacunar infarcts to be observed. T1- weighted imaging has been used more commonly 

than FLAIR, and thus developments in this imaging technique are behind T1 MRI, e.g. 

volumetric FLAIR has only recently been developed (Chagla et al. 2008). Variables 

from volumetric FLAIR are likely to provide more accurate measurements than 

previous FLAIR derived variables. 
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1.2.2.2: Neuropsychology 

 Neuropsychological tests are used to measure cognitive deficits thought to be 

caused by AD, and these are usually the primary outcome measures for clinical trials. 

Multiple cognitive tests exist to understand different facets of cognition. The Mini-

mental State Examination (MMSE) is the most widely used neuropsychology test. 

Other tests relevant to this PhD are summarised in Table 1:2. Further examinations for 

specific cognitive functions or to measure decline at different disease stages are in 

constant development. 

 Neuropsychology data is noisy because the recorded cognitive deficits could be 

caused by numerous reasons, depression, fatigue, a urinary tract infection or typos in 

the recording of the pen and paper tests.  One criticism of neuropsychological tests is 

that there are problems with ceiling and floor effects and therefore having the same test 

across all stages of the disease is difficult. As clinical trials move to preclinical stages of 

disease (Jack et al. 2018; Ritchie & Ritchie 2012), we need to use sensitive cognitive 

tests which are able to measure changes in prodromal AD, before cognitive deficits 

become sufficient to interfere with daily life (Ritchie et al. 2017). 

Neuropsychology Test Proposed Cognitive Domain Examined Comment 

Mini-mental state examination 

(Folstein et al. 1975) 

Global cognitive function with a memory 

focus 

Used in clinical examinations of 

various disorders including in AD 

diagnosis 

Digit symbol tracing task (Wechsler 

1941) 

Motor speed  

Logical Story Test (Wechsler 1945) Verbal episodic memory  

Trail Making test A (Wechsler 1941) Attention, visual search and scanning 

psychomotor speed (Salthouse 2011) 

 

Trail Making test B (Wechsler 1941) Executive function, ability to maintain two 

trains of thought (those of trails A also) 

(Salthouse 2011) 

 

Clinical Dementia Rating (Morris 

1993) 

Memory, orientation, judgement and 

problem solving, community affairs, home 

and hobbies and personal care 

Measure of dementia severity 

Alzheimer’s Disease Assessment 

Scale (ADAS) Cog  

(Rosen et al. 1984) 

Cognitive and non-cognitive behavioural 

issues in AD. Memory, language and 

praxis, mood, social skills, cooperation, 

activities of daily living, concentration and 

nocturnal confusion 

Measure of dementia severity 

Table 1:2: Brief description of neuropsychology tests used in this thesis. 
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1.2.2.3: Biomarkers in the clinic 

Biomarkers are currently most useful in the research and clinical trial setting (Dubois et 

al. 2014). Presently biomarkers are not recommended for diagnosis of AD, apart from 

in cases where the routine history and bedside mental status examination (such as the 

MMSE) are unable to identify a confident diagnosis (McKhann et al. 2011). Biomarkers 

are not routinely used in diagnosis because current clinical guidelines are thought to 

provide sufficient diagnostic accuracy. More research is required to ensure that 

biomarker criteria for diagnosis are properly standardised across institutions and that 

they can be accessed in the community (McKhann et al. 2011). It is important to note 

that no single biomarker can accurately identify underlying Alzheimer’s disease, and for 

this definitive diagnosis post-mortem pathological confirmation is required. 
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1.3: Vascular pathology in AD 

Although Alzheimer’s disease (AD) is distinguished clinically from vascular 

dementia (VaD) autopsy studies reveal that the majority of dementia cases have mixed 

dementia (a combination of multiple pathologies) (Schneider et al. 2007; Ince 2001). 

VaD is a type of dementia secondary to stroke and vascular disease. The diagnosis of 

VaD is reliant on medical history of stroke and vascular disease, specific clinical 

features (e.g. mood changes, incontinence or a gait disorder), progression of decline in 

a step-wise fashion, and MRI evidence of vascular lesions (Van Straaten et al. 2003; 

Román et al. 1993). According to Viswanathan et al, the concept of VaD as separate 

from AD emerged in the 1970’s to aid drug development by attempting to create a 

homogenous group of patients sharing the same underlying disease mechanisms 

(Viswanathan et al. 2009). However, separating the two entities is difficult as significant 

vascular pathology is often present on MRI in AD, and AD with vascular lesions is often 

found to be the most common underlying pathology in demented adults (Ince 2001; 

Schneider et al. 2007). Furthermore, medications to treat the symptoms of AD are also 

beneficial in VaD (Black et al. 2003; Erkinjuntti et al. 2002), hypothesised to be either 

due to shared neurotransmitter dysfunction common to both disorders or the secondary 

effect of improving cerebral blood flow (de la Torre 2000). Increasingly AD and VaD are 

considered to exist on a spectrum, with pure vascular dementia at one extreme, and 

pure AD at the other, with a majority of mixed cases in-between (Viswanathan et al. 

2009). 

Cognitive deficits seen in patients along the spectrum from pure AD to VaD can 

also be considered within the concept of Vascular Cognitive Impairment (VCI), see 

Figure 1:4. VCI is a continuum of cognitive disorders from subjective memory 

impairment to dementia (VaD), which is caused by vascular brain pathologies (Van Der 

Flier et al. 2018). Patients with VCI are likely to exhibit slow processing speed and 

impaired executive function (Van Der Flier et al. 2018). In cases of mild VCI, cognitive 

loss is minimal and does not affect every-day activities (Skrobot et al. 2018). The 

mechanisms underlying VCI are not well understood, direct tissue injury, caused by 

ischaemic WMHs and infarcts are considered the most likely cause of cognitive 

impairment (Gorelick et al. 2011). VCI in combination with AD is very common; the 

majority of patients with AD will also have vascular pathologies present at autopsy 

(Boyle et al. 2018; Fernando & Ince 2004). In VaD vascular pathologies are considered 

the sole contributor to dementia, this is the second most common dementia (Goodman 

et al. 2017). VaD is a form of major VCI, and this can be divided into Post Stroke 

Dementia, Multi-infarct dementia (MID), Subcortical Ischaemic Vascular Dementia 
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(SIVD), and Mixed Dementia.  Crucially, an AD diagnosis does not rule out VCI (apart 

from in Post Stroke Dementia, or where multiple infarcts or severe WMHs are present). 

Vascular disease and dementia develop over many years or decades; therefore 

it can be difficult to capture their associations in cross-sectional or small studies. Large 

scale, longitudinal population studies have highlighted the importance of vascular 

health in ageing and the development of dementia. Risk factors for AD are also risk 

factors for stroke and atherosclerotic cerebrovascular disease (Gardener et al. 2015). 

Diabetes, smoking, obesity and high cholesterol increase AD risk (Kivipelto et al. 2005; 

Biessels et al. 2006; Luchsinger et al. 2005). High blood pressure (BP) in middle aged 

adults has been found to associate with later cognitive impairment and dementia 

(Taylor et al. 2013; Kivipelto et al. 2005; Skoog et al. 1996; Swan et al. 1998). The 

Rotterdam Scan study found that dementia, and AD specifically, was more prevalent in 

individuals with atherosclerosis (Hofman et al. 1997). As well as increasing risk, 

vascular risk factors can also exacerbate cognitive decline in AD (Mielke et al. 2007). A 

potent genetic risk factor in AD is the apolipoprotein E (APOE) gene, the allele ε4 

influences age of onset (Breitner et al. 1998), and predicts increased brain atrophy 

(Enzinger et al. 2005). As well as increasing chances of AD (Farrer et al. 1997),  the 

APOE gene is also a risk factor for cardiac disease (Sparks 1997) and is known to play 

 

Figure 1:4: Schematic showing the spectrum from Alzheimer’s disease to Vascular Dementia, and the encompassing 

clinical concept of Vascular Cognitive Impairment (VCI). VCI is any level of cognitive impairment, from subjective, to 

mild cognitive impairment (MCI), to dementia, that can be attributed to underlying cerebrovascular pathology. Vascular 

dementia represents a severe form of  VCI, in which patients with dementia have a large burden of underlying vascular 

pathology. Adapted from van der Flier, W.M., Skoog, I., Schneider, J.A., Pantoni, L., Mok, V., Chen, C.L. and Scheltens, 

P., 2018. Vascular cognitive impairment. Nature Reviews Disease Primers, 4, p.18003. 
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a role in cholesterol metabolism and Aβ clearance at the blood brain barrier (BBB) 

(Masters et al. 2015). The APOE gene is also thought to influence the phenotype of 

AD, ε4 carriers with AD exhibit more memory problems (Lehtovirta et al. 1996) and 

disproportionate hippocampal atrophy compared to non-carriers (Manning et al. 2014)  

There is no clear consensus on how to separate AD from vascular dementia; 

rather clinicians must estimate the relative contribution of each to dementia. The 

evidence implicating VRFs in AD do not undermine or negate the importance of Aβ and 

tau pathology, rather, it is hypothesised that vascular mechanisms may interact with 

AD pathology, acting synergistically or additively to lead to dementia. The processes by 

which VRFs lead to an increased risk of AD are unknown. A simple answer might be 

that VRFs lead to dementia via small vessel disease (SVD). However the associations 

of VRFs to all types of SVD are not yet clear, and the pathways underlying SVD may 

be complex with both genetics and lifestyle risk factors at play (Carmelli et al. 1998; 

Kochunov et al. 2011). Hypertension appears to be the most important risk factor for 

SVD, with much evidence that it predisposes individuals to WMHs (Dufouil et al. 2001; 

de Leeuw et al. 2002; Van Dijk et al. 2008). Smoking and hypertension have also been 

implicated in the development of lacunar infarcts (Kazui et al. 2000). In some studies 

BP lowering has successfully reduced WMH progression (Firbank et al. 2007; Dufouil 

et al. 2005), whereas in others it has been ineffective (Weber et al. 2012). Such unclear 

relationships between hypertension and WMHs may be down to multiple causes of 

SVD, perhaps via other systemic conditions known to increase vascular permeability 

such as liver and renal failure (Lammie et al. 1997). 

 Two ‘hit’ hypothesis 1.3.1:

An important theory linking VRFs to AD is the two hit hypothesis formulated by 

Zlokovic; this posits that vascular risk imparts two barrages (or ‘hits’) of damage and 

dysfunction that lead to AD (Zlokovic 2011). The first hit is led by the impact of VRFs, 

which through unknown mechanisms damage the BBB and lead to a state of 

chronically mild hypoperfusion of the brain (oligaemia). Neurons are highly dependent 

on blood vessels for oxygen and nutrient supply, as well as removal of carbon dioxide 

and other toxic metabolites; even a slight reduction in blood flow impairs this supply 

and decreases toxic clearance if prolonged. When cerebral blood flow stops, neurones 

are damaged within minutes (Moskowitz et al. 2010). The blood brain barrier (BBB) 

regulates the entry of molecules into the brain and ensures the removal of toxic 

metabolites. Adequate blood flow is regulated by neuronal activity and metabolism, 

known as neurovascular coupling  and is reliant on a network of cells that form the 

neurovascular unit (vascular cells, glial cells and neurons) (Iadecola 2004). Dysfunction 

of the neurovascular unit confers a reduction in brain blood flow, causing a hypoxic 
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environment that leads to the development of oedema, white matter lesions and 

crucially, the build-up of Aβ and phosphorylated tau (Zlokovic 2011). This build-up of 

toxic Aβ and tau pathology resulting from hypoxia and reduced clearance comprises 

the second ‘hit’. Together these two hits are hypothesised to lead to neuronal 

dysfunction and injury and eventual cognitive decline and dementia.  

In support of the two-hit-hypothesis, the BBB is compromised in AD, causing 

increased vascular permeability (Farrall & Wardlaw 2009). Reduced cerebral blood flow 

occurs in elderly individuals at risk of AD preceding any evidence of brain atrophy and 

cognitive decline (Smith et al. 1999; Ruitenberg et al. 2005). AD-like neuronal 

dysfunction can also be induced in rats by occluding the carotid artery, leading to 

memory impairment, synaptic dysfunction and Aβ oligomerisation (Wang et al. 2010). 

Notably, the relationship between vascular disease and AD is likely to be two way; in 

the early stages of disease vascular damage may create an environment for promoting 

AD pathology, whilst later in the process AD pathology also damages vascular walls by 

depositing Aβ (CAA) (Hardy & Higgins 1992). The Aβ deposition in vessel walls leads 

to further cerebral blood flow (CBF) dysregulation, BBB impairment and haemorrhages 

caused by vessel rupture (Smith & Greenberg 2003). These small haemorrhages are 

visible on MRI as microbleeds; multiple lobar MB are required for diagnosis of CAA 

(Linn et al. 2010). See Figure 1:5 for a diagram incorporating the two hit hypothesis 

and small vessel disease. 
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Figure 1:5: Diagrammatic representation of the steps leading up to Alzheimer’s disease, combining the two-hit vascular 

hypothesis of Alzheimer’s disease (Zlokovic et al, 2011) with features of Small Vessel Disease (SVD), lacunes, 

microbleeds (MB), and white matter hyperintensities (WMHs) present on Magnetic Resonance Imaging. In the two hit 

hypothesis vascular risk factors comprise the first hit, which lead to blood–brain barrier (BBB) dysfunction and a 

reduction in cerebral blood flow (oligaemia), this leads to a cascade of events involving SVD and ending in brain 

atrophy, cognitive decline and dementia. Vascular pathways are shown in purple, neurodegenerative AD pathological 

events are shown in red. Note that not all markers of SVD are shown in this diagram, only those investigated in this PhD 

(perivascular spaces and recent subcortical infarcts are not included). Aβ=β-amyloid 
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1.4: The importance and complexity of hypertension in AD 

 One of the most consistently linked risk factors to AD and dementia is 

hypertension. Hypertension heightens the risk of many pathological events such as 

heart disease and stroke. Approximately 60% of those over the age of 60 years have 

hypertension (Kearney et al. 2005) and 5% of those over the age of 60 years have AD 

(Prince et al. 2015). Evidence from epidemiological studies has led to 

recommendations that midlife BP should be lowered in hypertensive individuals to 

prevent dementia (Livingston et al. 2017). Long standing high BP may lead to 

atherosclerosis, arterial stiffening and impaired ability to maintain cerebral blood flow 

(cerebral autoregulation), causing tissue vulnerability to hypotension, disruption of the 

BBB and accumulation of Aβ and tau (De La Torre 2004; Zlokovic 2011). Indeed, work 

from the AGES-Reykjavik Study found that a pattern of high midlife BP, followed by low 

BP in later life was associated with lower brain volumes and cognitive scores (Muller et 

al. 2014). Midlife hypertension has also been found to relate to lower brain and 

hippocampal volume (Korf et al. 2004), and greater AD pathological burden at autopsy 

(Petrovitch et al. 2000).  

 Whilst links between mid-life BP and poorer late life outcomes are more 

consistent, the relationships between late-life BP, progressive brain atrophy and 

cognition remain uncertain, and clinical trials of antihypertensive effects on cognition 

are inconclusive (McGuinness et al. 2009; Hughes & Sink 2016). Some work has 

supported a role of late-life hypertension in the development of cognitive impairment 

(Waldstein et al. 2005) and increased brain atrophy rate in cognitively normal 

individuals (Gonzalez et al. 2015; Firbank et al. 2007), others have found low or 

declining BP to associate with increasing atrophy in those with manifest arterial disease 

(Heijer et al. 2003; Jochemsen et al. 2013). The fact that hypertension is most 

consistently associated with brain atrophy when mid-, rather than late-life BP are used 

may be due to the duration of hypertension; recent hypertension in old age may not 

associate with atrophy if such a causal relationship is reliant on a build-up of 

cerebrovascular and AD pathology over many years. 

 Contrarily, low BP has also been related to poor cognition in the very old 

(individuals 85 years or over with a range of cognitive impairments) (Guo et al. 1997; 

Skoog et al. 1998).  Low systolic BP is common in AD patients (Passant et al. 1997; 

Mehrabian et al. 2010; Skoog et al. 1998). In a large longitudinal study Skoog et al 

found that those who developed dementia in their early 80s had higher systolic BP up 

to 15 years before diagnosis, which then declined to a similar or lower level than non-

demented individuals (Skoog et al, 1998). Similarly, individuals with declining BP 

appear more vulnerable to atrophy than those with stable BP (Heijer et al. 2003). The 
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mechanisms underlying this may be ischaemic cell death resulting from hypoperfusion, 

as posited by the two hit hypothesis. Alternatively, the relationship between low BP and 

poor cognition could result from AD pathology affecting brain regions involved in BP 

regulation, or a combination of these two mechanisms. 
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1.5: Small vessel disease (SVD) 

Small vessel disease is an insidious, progressive disease affecting arterioles, 

capillaries and venules of the brain, resulting in grey and white matter damage 

(Wardlaw, E. E. Smith, et al. 2013). The spectrum of SVD includes WMHs, lacunar 

infarcts, microbleeds and perivascular spaces. Despite the substantial contribution of 

SVD to stroke and dementia (Gorelick et al. 2011; Debette & Markus 2010), 

comparatively little is understood about it, possibly due to the methodological difficulties 

of understanding its cause, development and consequences. One methodological 

barrier in understanding SVD is the difficulty of observing small vessels. As SVD is not 

fatal, at autopsy the SVD pathology is usually observed in its late, most severe stages 

(Wardlaw et al. 2015). Neuroimaging is able to bridge this gap, to visualise the dynamic 

changes and evolution of SVD alongside structural brain and clinical changes. I will 

outline in most detail the types of SVD which will be explored in this thesis. One type of 

SVD which will not be explored in this thesis are perivascular spaces, these are usually 

microscopic spaces surrounding the small deep perforating arterioles which become 

enlarged in SVD. Nor will I describe recent small subcortical infarcts or microinfarcts. 

 A B C D E 

 

Figure 1:6: Examples of small vessel disease findings on magnetic resonance imaging (top row), with a schematic representation of 

each injury (bottom row), (A) shows a diffusion-weighted image (DWI)  of an acute small deep lacunar infarct, (B)  shows white matter 

hyperintensities on FLAIR (fluid-attenuated inversion recovery)  image, (C) shows a lacune on FLAIR imaging, a CSF-containing 

cavity, more than 3 mm and less than 1·5 cm diameter, (D) shows perivascular spaces on T2-weighted imaging, they contain CSF-

like fluid and are <3 mm diameter, round or linear in white or deep grey matter. (E) shows a cerebral microbleed on susceptibility-

weighted imaging (SWI), they are round (and/or blooming) and less than 10 mm in diameter. GRE=gradient-recalled echo (Wardlaw 

et al., 2013).  Reprinted from The Lancet Neurology, 12/8, Joanna M Wardlaw, Eric E Smith, Geert J Biessels, Charlotte Cordonnier, 

Franz Fazekas, Richard Frayne, Richard I Lindley, John T O'Brien, Frederik Barkhof, Oscar R Benavente, Sandra E Black, Carol 

Brayne, Monique Breteler, Hugues Chabriat, Charles DeCarli et al., Neuroimaging standards for research into small vessel disease 

and its contribution to ageing and neurodegeneration, p17., Copyright (2013), with permission from Elsevier. 
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 White Matter Hyperintensities (WMHs) 1.5.1:

WMHs appear as hyperintense, white areas on T2 and T2 FLAIR imaging, and 

hypointense on T1 images (see Figure 1:6). WMHs are often characterised according 

to their location visible on axial imaging, where they can be described as periventricular 

(located around ventricles, see green and yellow arrows on Figure 1:7) or deep (red 

arrow). Whilst some studies differentiate the two regions (Kloppenborg et al. 2012; Seo 

et al. 2012; Polvikoski et al. 2010) other imaging studies show pathology in these two 

areas are part of a continuous spectrum (DeCarli et al. 2005; Hernández et al. 2014), 

and in individuals where WMH burden is considerable, deep and periventricular lesions 

often coalesce. The WMHs described and investigated in this thesis are of presumed 

vascular origin (Wardlaw, E. E. Smith, et al. 2013), however WMHs can also be caused 

by inflammatory cell death as in multiple sclerosis or secondary to neurodegeneration 

of cortical grey matter in other diseases (Sudre et al. 2017; Schmidt et al. 2012). 

 

  

Figure 1:7: T1 weighted image and T2 FLAIR weighted image from a person with white matter hyperintensities (WMHs) (top 

row) illustrating periventricular hyperintensities (green arrow), and deep white matter hyperintensities (red arrow), T2 FLAIR 

images from a second individual (bottom row), showing periventricular caps (yellow arrow) and diffuse WMHs (blue arrows). 
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1.5.1.1: Underlying Pathology 

WMHs are associated with age, and until recently were dismissed as an 

inevitable consequence of aging (Yoshita et al. 2006). They are less easily observed 

pathologically than other types of SVD, such as lacunar infarcts, reflected in the relative 

absence of literature on WMHs from pathological studies compared with imaging 

studies (Wardlaw et al. 2015). The pathological difficulties in studying WMHs compared 

to the relative ease of studying WMHs on imaging during life, is probably because early 

stage damage to white matter (WM) is distorted by structural changes that occur during 

death and histopathological tissue fixation which can lead to dehydration and other 

artefacts (Love & Miners 2015; Fazekas et al. 1993; Gouw et al. 2008). This 

dehydration may be pertinent, as neuroimaging evidence suggests that WMH 

development begins with changes in water content (Wardlaw et al. 2015). Pathological 

studies find end-stage WMHs represent a combination of different aetiologies including 

axonal damage, enlarging of perivascular spaces and myelin loss (Schmidt et al. 2011; 

Fazekas et al. 1993). Whilst some WMHs are small, clearly defined and do not spread 

(so-called punctate lesions), there are also numerous diffuse, or confluent lesions with 

no clear border, which grow over time (see Figure 1:7, blue arrows) (Schmidt et al. 

2003). Such punctate WMHs have been found to be non-ischaemic in origin, possibly 

related to enlarged perivascular spaces (Fazekas et al. 1993). Confluent WMHs 

however, represent incomplete, ongoing ischaemic processes (Schmidt et al. 2011). 

Concordantly, neuroimaging evidence suggests confluent WMH grow insidiously, and 

that the spatial extent of white matter (WM) damage spreads further than obvious, 

visible WMH (Maillard et al. 2011; de Groot et al. 2013). Increased BBB permeability 

has been found to be present in the normal appearing white matter (NAWM) in those 

with WMHs (Topakian et al. 2010). Using diffusion tensor imaging (DTI) Maillard et al 

found that the degree of water diffusivity in NAWM was influenced by its proximity to a 

WMH; the tissue in surrounding the WMH was less ordered than NAWM further away. 

Therefore Maillard introduced the idea of the WMH ‘penumbra’; visible WMHs may 

represent the ‘tip of the iceberg’ of vascular damage. There may be multiple 

mechanisms through which WMH appear. They are traditionally thought to be caused 

by ischaemic narrowing or occlusion of small perforating arteries (Black et al. 2009; 

Fazekas et al. 1993; Schmidt et al. 2011). Recent evidence has demonstrated 

perturbations of the BBB lead to movement of interstitial fluid and water in WMHs and 

its surrounding tissue, indicating a further mechanism through which they may arise 

(Wardlaw et al. 2017). 

1.5.1.2: Correlates and consequences of WMHs 

WMHs are not a meaningless consequence of ageing; their prevalence is 

explained by more than age alone. WMHs are predicted by VRFs such as high BP 
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(Firbank et al. 2007), smoking (Debette et al. 2011) and diabetes (Debette et al. 2011). 

Childhood intelligence also associates with WMH level (Valdés Hernández et al. 2013), 

for unknown reasons which may be related to brain resilience. The presence of WMHs 

are associated with an abnormal gait (Silbert et al. 2008), deficits in balance (Whitman 

et al. 2001), and depression (Firbank et al. 2005). Individuals with WMHs are at a 

greater risk of stroke (Debette & Markus 2010; Bokura et al. 2006), brain atrophy 

(Kloppenborg et al. 2012; Barnes et al. 2013), cognitive decline (Inzitari et al. 2009; 

Carmichael et al. 2010), dementia (Yoshita et al. 2006; Kuller et al. 2003) and death 

(Inzitari et al. 2009). Though WMHs are present in the majority of elderly asymptomatic 

individuals, WMH burden is greater in AD and MCI patients than cognitively normal 

individuals (Yoshita et al. 2006; Scheltens et al. 1992). 

As imaging indicates that the early changes underlying WMHs are likely to 

relate to water movement, it has been hypothesised that the extensive end stage 

damage (axonal loss and demyelination) could be prevented (Wardlaw et al. 2015).  

Randomised control trials investigating whether risk factor reduction can prevent WMH 

progression and cognitive decline have yielded mixed results (Firbank et al. 2007; 

Dufouil et al. 2005; Weber et al. 2012). However, due to the current, very basic level of 

understanding of SVD, such studies may be ill-conceived; aggressive BP treatment 

may worsen WMHs if previous hypertension has led to arterial stiffening and impaired 

autoregulation. More work is required to understand whether WMHs may represent a 

modifiable target to reduce brain atrophy and cognitive decline and to understand their 

role, if any, in the pathogenesis of AD. 

 As there is a growing focus on the prodromal phase of AD, initiatives exist to 

begin clinical trials in these pre-symptomatic individuals; for example, the European 

Prevention of Alzheimer’s Dementia project (EPAD) (Ritchie et al. 2016). In order to 

prevent cognitive decline and dementia, it is necessary to understand drivers of 

neuronal loss at its earliest stages. The discrepancy that WMH burden may not 

associate with baseline cognition (they are numerous in cognitively normal adults) may 

be due to changes in WM which occur early in the disease process. For example, 

Silbert et al found an acceleration in WMH volume occurred up to 10 years before 

symptom onset (Silbert et al. 2012). Whether WMHs affect atrophy rates across the 

disease spectrum, at early as well as late stages, is an important question. Notably, it is 

not clear how much WMHs play a role in brain atrophy, which areas of the brain are 

affected and whether this is independent of AD pathology. Previous studies have found 

WMHs associate with longitudinal brain volume changes (Barnes et al. 2013; Enzinger 

et al. 2005; Schmidt et al. 2005), but whether they are associated with longitudinal 

medial temporal lobe atrophy is less clear. Associations between WMHs and single 
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time point measures of the medial temporal lobe atrophy have been found (Crane et al. 

2015; Eckerström et al. 2011; Knopman et al. 2015; Ye et al. 2014). However, 

longitudinal studies of WMHs and brain volume change have not detected relationships 

in medial temporal regions (Du et al. 2006; Ota et al. 2011; Van De Pol et al. 2007). 

Very recent work found that WMH volume had an association with smaller hippocampal 

volume in MCI and SMC individuals with abnormal CSF Aβ but not those with normal 

levels of Aβ (Freeze et al. 2016) and nor in those with AD, however no cognitively 

normal group was present in this study. 

1.5.1.3: Neuroimaging issues in WMH detection 

To conduct research into WMHs, a reliable and accurate method of WMH 

delineation on MRI (segmentation) is required. Furthermore a WMH segmentation 

method must be viable for use with large-scale clinical data sets which are becoming 

increasingly common. Classification of WMHs is complex, as whilst they are clearly 

visible, they are extremely heterogeneous in nature, ranging from large confluent 

WMHs deep in the white matter, to spherical punctate lesions and periventricular 

lesions. Manual delineation of WMHs is one method to assess WMHs, however this 

process is time-consuming, requires training and is still variable in its estimates, 

especially in areas of diffuse WMH which are difficult to segment (blue arrows Figure 

1:7). Whilst manual delineation is impractical for large scale studies, they provide 

essential ‘gold standards’ against which to test automated WMH methods.  

There are various issues in neuroimaging of WMHs which necessitate 

comparison to a human gold standard. Firstly there are numerous artefacts that 

resemble WMHs; CSF flow (Filippi et al. 1998; Gawne-Cain et al. 1997), corticospinal 

tracts, motion (Gawne-Cain et al. 1997), magnetic susceptibility artefact at the floor of 

the frontal lobes due to underlying bone, air, and teeth fillings (Lavdas et al. 2014). 

These artefacts are easily recognised by human raters and dismissed, however any 

hyperintense voxel represents a possible lesions to an algorithm, and therefore errors 

are frequent (Wardlaw et al. 2015). The problem is compounded by the fact that FLAIR 

imaging, which is best to visualise WMHs, is also especially susceptible to bright 

regions of artefact (Bakshi et al. 2000). Therefore automated WMH segmentations 

usually require visual quality assessment. Image registration can also cause 

segmentation errors or distortions in shape and size depending on whether images are 

viewed in native or standard space, or are co-registered to other image types.  

The most common approach to studying WMHs has been to use visual rating 

methods, such as the Scheltens scale and Fazekas scale (Scheltens et al. 1993; 

Fazekas et al. 1987). These scales are subjective, vulnerable to human error and have 

a limited ability to provide information regarding the type, severity and anatomical 
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location of WMHs. Different WMH lesion types are likely to have different pathological 

causes and impacts on clinical progression. However, human generated WMH 

estimates remain liable to human error; therefore in order to ensure an algorithm is 

properly assessed it is important to compare it to a reliable and meticulously generated 

manual gold standard, from multiple raters segmenting sufficient numbers of subjects. 

Numerous WMH segmentation methods are available, and each have their own 

strengths and limitations (Caligiuri et al. 2015; Dadar et al. 2017), however many have 

been developed for multiple sclerosis lesions and therefore may not be appropriate for 

use in aged populations. As well as matching to a gold standard, a suitable automated 

WMH algorithm must be adaptable to different sites and scans. No WMH segmentation 

method is likely to be 100% accurate; rather it is essential to use a properly assessed 

method and one which provides useful data as tested by WMH associations with 

clinically relevant measures.  

 Lacunes 1.5.2:

Lacunes are small, round, ovoid or tubular CSF containing cavities which are 

thought to result from semi-healed small subcortical infarcts (Wardlaw, C. Smith, et al. 

2013). They are hypointense on FLAIR, often surrounded by a hyperintense rim (see 

Figure 1:6). Lacunar stroke accounts for 25% of all first-ever ischemic strokes (Bamford 

et al. 1987), evidence of lacunes are present in 6-11% of autopsied brains (Fisher 

2011; Wardlaw et al. 2003), and detected on MRI in 20% of healthy older adults 

(Vermeer et al. 2002). Although many of these lacunar strokes are clinically silent, they 

may have insidious effects as their presence is associated with an increased risk of 

brain atrophy, cognitive decline, stroke, and dementia (Zekry, Duyckaerts & Belmin 

2003; Kloppenborg et al. 2012; Snowdon et al. 1997; Van Dijk et al. 2008; Vermeer et 

al. 2002). One underlying cause of lacunar stroke is thought to be lipohyalinosis, 

whereby arteriolar walls are thickened and occluded (Farrall & Wardlaw 2009; Fisher 

2011), however they may also result from damage to the BBB (Farrall & Wardlaw 2009; 

Topakian et al. 2010). Concordantly, carotid atherosclerosis has predicted incident 

infarcts in the Rotterdam Scan Study (Van Dijk et al. 2008). Hypertension and smoking 

are also risk factors for lacunar stroke (Fisher 2011; Kazui et al. 2000). Many small 

subcortical infarcts do not cavitate to form lacunes, estimates area that around 28-94% 

cavitate (Potter et al. 2010; Moreau et al. 2012), some evolve into WMHs, others 

appear to disappear (Wardlaw, E. E. Smith, et al. 2013). 

Studies investigating relationships between lacunes and grey matter atrophy 

are relatively rare, and have yielded mixed results. Greater cross-sectional brain 

atrophy in AD, mixed dementia and vascular dementia has been found in subjects with 

lacunes (Hilal et al. 2015; Mungas et al. 2002) and reduced hippocampal volume in 



43 
 

MCI and SMC individuals (Freeze et al. 2016). Lacunes observed at post-mortem have 

also been found to correlate with reduced pre-mortem MRI derived brain volume 

(Jagust et al. 2008; Erten-Lyons et al. 2013). Other studies have found lacunes are 

unrelated to brain volumes (Mungas et al. 2001; Du et al. 2005). Few studies have 

observed lucunar infarct relationships to longitudinal brain atrophy rate; lacunes have 

been found to relate to the progression of brain atrophy in symptomatic atherosclerotic 

diseases (Kloppenborg et al. 2012), and with hippocampal atrophy rate in controls (Du 

et al. 2006), although relationships between hippocampal atrophy rate and lacunes 

were not detected in MCI (Van De Pol et al. 2007). Increased brain atrophy due to 

lacunar infarct is also thought to be a feature of CADASIL (cerebral autosomal 

dominant arteriopathy with subcortical infarcts and leukoencephalopathy), a genetic 

model of subcortical ischemic vascular dementia (Jouvent et al. 2012; Jouvent et al. 

2007). 

 Cerebral Microbleeds (MBs) 1.5.3:

 MBs are radiological constructs which represent small perivascular hemosiderin 

deposits from past micro-haemorrhages. Radio-pathological studies have 

demonstrated that these MBs correspond to haemosiderin laden macrophages 

(Fazekas & Kleinert 1999). The iron-containing hemosiderin deposits exhibit internal 

magnetisation which generates local inhomogeneity in the magnetic field around the 

MB known as the susceptibility effect. This inhomogeneity can be detected as a signal 

void using MRI techniques which are sensitive to susceptibility effects such as T2* 

gradient recalled echo (GRE), and MBs therefore appear as a small black hole of low 

intensity (see Figure 1:6) (Greenberg et al. 2009). The size of the MB detected is much 

larger than the actual haemosiderin deposit, due to a blooming effect which is 

dependent on the MRI parameters used.  As well as size of MB, MRI parameters used 

also influence the number detected, these parameters include pulse sequence, 

sequence parameters, spatial resolution, field strength and image post-processing 

(Tatsumi et al. 2008; Greenberg et al. 2009). Therefore MRI techniques must be 

considered in the interpretation of MB literature. A systematic review found the 

prevalence of MB has been found to be 5% in healthy adults, 34% in people with 

ischaemic stroke and 60% in those with non-traumatic intracerebral haemorrhage (ICH) 

(Cordonnier et al. 2007). More sensitive techniques are able to detect MBs amongst 

35% of healthy individuals (Vernooij, Ikram, et al. 2008). There are also a number of 

mimics due to other bodily tissues which demonstrate the susceptibility effect- such as 

calcium deposits and  flow voids (Greenberg et al. 2009). 

Hypertension is an important predictor of MBs (Cordonnier et al. 2007; Fiehler 

2006). The location of MBs is thought to relate to the specific pathology underlying the 
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micro-haemorrhage; deep or infratentorial MBs are thought to relate to hypertensive 

vasculopathy, whilst lobar MBs relate to CAA (Vernooij, van der Lugt, et al. 2008; 

Fazekas & Kleinert 1999). This pattern was detected by the Rotterdam study, the 

authors of which also noted patterns with APOE, whereby APOE ε4 carriers had more 

isolated lobar MBs (Vernooij, van der Lugt, et al. 2008) although the Framingham found 

no effect of APOE on MB number or location, nor any relationship of MB to atrophy 

(Jeerakathil et al. 2004) though their subject sample was younger than the Rotterdam 

scan study and they used a lower field strength. Goos et al. found that AD patients with 

8 or more MBs were more likely to be APOE ε4 homozygous and to have reduced CSF 

Aβ than AD patients without MBs (Goos et al. 2009). In the same study, although 

cross-sectional atrophy was not related to presence of multiple MB in AD, poorer 

cognitive scores were. MB have also been found to be related to conversion to 

dementia and cognitive function in MCI (Kirsch et al. 2009). However, a recent meta-

analysis found insufficient evidence to suggest that MB were related to increased risk 

of all cause dementia (Bos et al. 2018). 

MBs are related to surrounding tissue damage, and other types of SVD, 

however associations between MBs and grey matter atrophy from MRI are rare and 

relationships are unclear (Fazekas & Kleinert 1999; Tanaka et al. 1999; Goos et al. 

2010). Some studies have found MBs to be related to atrophy in the temporal lobes 

(Samuraki et al. 2015) and to ratings of hippocampal atrophy (Chowdhury et al. 2011). 

Other studies have found no relationship between MB and brain volume (Goos et al. 

2010; Jouvent et al. 2012; Hilal et al. 2015) or to brain volume change (Goos et al. 

2010). Interestingly, despite finding a specific CAA related atrophy pattern present in 

genetic CAA mutation carriers compared to age matched controls, Fotiadis et al. did 

not find MB were related to atrophy in sporadic or hereditary CAA (Fotiadis et al. 2016). 

1.5.3.1: Cerebral Amyloid Angiopathy 

CAA is a common type of SVD, characterised by Aβ deposition in the walls of small to 

medium sizes arteries, arterioles, capillaries of the cerebral cortex and leptomeninges. 

Whilst CAA is not explicitly studied in this PhD, it is an interesting and important topic to 

address, as it is by nature both a vascular pathology and an AD pathology. The most 

important clinical presentation of CAA is symptomatic intracerebral haemorrhage (ICH), 

although small asymptomatic haemorrhages (MB) are often also present (Smith & 

Eichler 2006). Rapidly progressive neurological decline and transient neurological 

symptoms can occur in CAA, but these symptoms are less common than ICH 

(Charidimou et al. 2012). CAA is often present in cognitively normal individuals (Thal et 

al. 2008; Keage et al. 2009), although it is more common in demented subjects (Keage 
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et al. 2009), and is reported in almost all AD subjects (Attems et al. 2008; Jellinger & 

Attems 2003).  

The most important factors for diagnosis of probable CAA are multiple lobar 

haemorrhages or a single haemorrhage combined with cortical superficial siderosis 

(CSS), according to the Boston Criteria (Linn et al. 2010). CSS represents haem 

deposits along the subpial layers of the brain, visible on T2* weighted MRI, caused by 

repeated haemorrhages into the subarachnoid space (Kumar et al. 2006). For definite 

diagnosis of CAA post-mortem examination is required (Linn et al. 2010). The Boston 

criterion uses the term ‘lobar haemorrhage’ to include both lobar ICH and lobar MB, 

attributing the same value to large symptomatic lobar ICH, as small (mostly 

asymptomatic) haemorrhage, visible as MBs. Concordantly, the Boston criteria has 

been found to be highly predictive of pathological CAA when ICH is present (Knudsen 

et al. 2001); however in cases with lobar MB only the criteria has been less effective 

(Martinez-Ramirez et al. 2015). Using lobar MB number only, the criteria predicted CAA 

well in a hospital based population with high numbers of MB, but poorly in a community 

based cohort with few MB (Martinez-Ramirez et al. 2015). Therefore the relevance of 1 

or 2 lobar MB on MRI is difficult to determine. Single MB may be false positives, or 

could be due to other (non-Aβ related routes to micro-haemorrhage) such as 

hypertensive vasculopathy (Cordonnier 2011). 

 The presentation of CAA is thought to be linked to APOE ε4 status; 

Shoamanesh et al. found that ε2 carriers with CAA were more likely to exhibit CSS, 

and less likely to show MB, than ε4 carriers with CAA, in whom MB were more 

common (Shoamanesh et al. 2014). This reflects the finding that cortical capillary CAA 

is more likely in ε4 carriers, whilst ICH due to cracking from larger vessels, is more 

common in ε2 carriers (Thal et al. 2002; Nicoll et al. 1997). 

1.5.3.2: Linking the Vascular and AD hypotheses 

 Overwhelming evidence suggests vascular and AD pathologies co-exist, are 

highly prevalent, and contribute to dementia; but how the two pathologies interact is 

unknown. An additive interaction between the two pathologies would suggest they may 

be acting independently on the same or similar mechanisms to lead to dementia, a 

synergistic interaction would suggest they exert effects on different mechanisms with a 

combined effect greater than the sum of their parts. Both relationship types may exist 

depending on the aspect of vascular damage in question and the time frame 

investigated. Rabin et al. recently found that the contributions of Aβ and poorer 

vascular health to cognitive decline were synergistic; individuals with significant Aβ 

deposition and vascular problems had greater cognitive decline than those without Aβ 

and/or vascular health problems (Rabin et al. 2018). Other studies investigating 
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imaging evidence of SVD have instead suggested independent effects of Aβ and SVD 

on cognitive decline (Marchant et al. 2013; Vemuri et al. 2015) and atrophy (Barnes et 

al. 2013), suggesting that both SVD and Aβ are independent processes which 

converge on dementia. Another study found that VRFs do not influence Aβ, but relate 

to atrophy both directly and indirectly via tau (Vemuri et al. 2017). 

 Evidence from autopsy studies suggests that vascular disease lowers the 

threshold for AD expression. The presence of concomitant vascular disease is likely to 

be particularly important in the early stages of AD; patients in the early stages of AD 

with vascular lesions have lower cognitive scores (Esiri et al. 1999) and require less AD 

pathology for the same level of cognitive impairment (Zekry, Duyckaerts, Belmin, et al. 

2003). Poignantly, Snowdon et al demonstrated that amongst autopsied nuns fitting the 

neuropathological criteria for AD, clinical dementia was more common if infarcts were 

present (Snowdon et al. 1997). Similarly, Schneider et al. found that infarctions lower 

the threshold of AD pathology needed to result in dementia (Schneider et al. 2004). 

The presence of more than one pathology at autopsy increases the risk of dementia by 

over three times (Schneider et al. 2007). The fact that considerable burdens of AD 

pathology can exist without dementia makes it vital to understand the contribution of 

multiple pathologies. 

 Together VRFs and SVD may confer cumulative brain damage, which lowers 

the resilience of the brain to AD, actively promotes AD or contributes to dementia 

through other unknown processes. The synergistic effects of VRFs as opposed to 

additive effects of imaging or autopsy markers of SVD may be due to their differential 

positions in the pathologic process of dementia; VRFs are upstream and may therefore 

capture more branches of possible pathologic processes leading to dementia which are 

not as well represented by downstream SVD and end stage autopsy damage. It is 

therefore vital to consider the disease throughout the life-course, and to contextualise 

each piece of evidence. Neuropathological studies highlight the incredible 

heterogeneity in brain ageing, for example, a recent study found that 94% of a cohort 

had more than 1 type of neuropathology present (Boyle et al. 2018). However, such 

studies represent the end-stage accumulation of all pathology up to death, and are 

therefore unlikely to reflect in vivo evidence of AD during the decades of its 

development; investigating the accumulation and downstream associations of 

pathologies during the lifespan is only possible using at present using in vivo 

techniques, such as imaging.  

1.5.3.3: Multiple clinical constructs 

 A considerable challenge is the problem of classifying patients; numerous 

clinical constructs exist for patient diagnosis; including VCI, AD and CAA. These 
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diagnoses often overlap; an individual could have all three diagnoses, yet 

understanding the relative contribution of each to cognitive impairment is very hard. In 

an attempt to bypass this issue, clinical trials often screen out individuals with multiple 

pathologies, however this severely limits the generalisability of their results, as almost 

all individuals with dementia have multiple pathologies (Schneider et al. 2007; Boyle et 

al. 2018). In the context of AD, a diagnosis of AD does not ‘rule out’ VCI (apart from in 

cases with severe SVD and stroke), yet diagnostic criteria does not factor in its 

contribution either; individuals with significant concomitant cerebrovascular disease are 

given the diagnosis of Mixed dementia (a term which can be used to describe other 

dual presumed pathologies such as AD and Lewy Bodies). At the point of AD 

diagnosis, additional diagnosis of VCI is reliant on the clinician’s judgement. 

 The accuracy of each diagnosis is also limited by the validity of biomarkers and 

diagnostic criteria used for categorisation. In the case of CAA, one study found that a 

third of CAA cases identified using the Boston criteria were in fact Aβ negative 

according to their PET scans (amyloid PET negativity rules out vascular and 

parenchymal Aβ (Charidimou et al. 2017)) (Kim et al. 2018). These patients were 

suggested to have SIVD rather than CAA (which also presents with MBs and severe 

WMH burden); therefore current diagnostic criteria are unable to accurately categorise 

individuals (Kim et al. 2018). A factor of the experimental design in this study meant Aβ 

PET was collected, however this biomarker is not included in the Boston criteria. 

Furthermore it is not currently possible to separate individuals with CAA from AD in 

vivo, as vascular and parenchymal Aβ aggregation types cannot yet be differentiated. 

However evidence suggests individuals with each aggregation type only exist, a recent 

autopsy study found that 20% of CAA cases with vascular Aβ had no cortical Aβ 

(Brenowitz et al. 2015). In summary, this presents itself as a ‘catch 22’;  we do not yet 

fully understand the entities in which we are trying to categorise patients into, yet some 

degree of classification is required for experimentation to understand these diseases. 

Technological advancements in biomarkers, alongside improvements and validation of 

existing diagnostic criteria will help overcome this challenge.  
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1.6: Age 

Age is the most important risk factor for AD, and also for the manifestations of 

SVD; therefore understanding these two pathologies in the context of age is important. 

AD can occur over a very large timespan, from the fourth to the ninth decade of life. 

Understanding the characteristics of AD across the age span and in the presence of 

vascular disease is important for accurate information to be delivered to patients and 

their carers, as well as to enable effective drug therapy.  

 The course of AD appears different in older versus younger AD subjects. In the 

clinic, younger AD patients are more likely to have non-memory cognitive symptoms 

such as difficulties in language processing, attention and visuospatial abilities (Barnes 

et al. 2015). A third of early-onset AD patients (typically defined as younger than 65 

years of age) have non-amnestic presentation, compared with 6% of late-onset AD 

patients (Koedam et al. 2010). Single time-point studies reveal smaller volumes in 

association cortices such as the precuneus and posterior parietal cortex in younger 

compared with older patients; older patients have been found to have lower GM 

volumes in the medial temporal lobe (Frisoni et al. 2005; Möller et al. 2013).  

 Neuropathological subtypes of dementia have been proposed which divide 

atypical individuals into hippocampal-sparing AD and limbic-predominant AD, 

depending on the predominance of plaques and tangles in neocortical and medial 

temporal areas respectively (Murray et al. 2011); in vivo tissue loss in corresponding 

anatomical regions has been confirmed in these sub-types with ante-mortem MRI 

(Whitwell et al. 2012). Previous studies investigating longitudinal atrophy differences 

with age have found differences with respect to age although being small in scale (Cho, 

Jeon, et al. 2013) lacking adjustment for normal ageing effects on atrophy within 

patient groups (Cho, Jeon, et al. 2013; Hua et al. 2010) or having used regions of 

interest (ROI) that are more associated with typical patterns of AD, and thus may not 

reflect the anatomical differences more often found in younger cases (Holland et al., 

2012; Nosheny et al., 2015). A further paper by Holland et al. found numerous regions 

atrophy more at younger ages in AD, including the medial temporal lobe and the 

inferior parietal lobe (Holland et al. 2013). 

 AD pathology is not the only driver of brain atrophy with age; there are other 

biological reasons which may explain why AD differs with age. Although baseline age 

may act as a potential marker of AD heterogeneity at younger ages, aging, or the 

accrual of damaging processes with time, also results in cerebral atrophy. SVD is an 

important and potentially modifiable determinant of brain aging (Viswanathan et al. 

2009). Genes also influence AD: the APOE ε4 allele is another important risk factor for 
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atrophy patterns and age of onset; it is implicated in an earlier age of onset (Corder et 

al. 1993; Breitner et al. 1998), targeted hippocampal atrophy (Manning et al. 2014), and 

although it is a risk factor for one presentation of  atypical early-onset AD: PCA, (Schott 

et al. 2015) its effects are weaker than for typical AD. 
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1.7: Knowledge gaps and study rationale 

Whilst SVD may reflect accumulating subclinical vascular disease throughout life 

(Launer 2004), the independent effects of recent vascular risk factors, and SVD on the 

progression of atrophy and cognitive decline are not well understood. Whether recent 

vascular burden, as opposed to lifetime burden, has a stronger relationship with 

disease progression has also yet to be elucidated, for example, the areas of the brain 

which are particularly affected by SVD need to be determined, and whether SVD 

appears more important at different stages of AD. Understanding these relationships 

could have a significant impact on disease prevention strategies as well as prognostic 

information given to patients. Results from such observational studies may also 

translate into new clinical trial designs and analysis for novel disease-modifying 

treatments. 

Through this thesis I will contribute to the field by investigating the following knowledge 

gaps, which are diagrammatically represented in Figure 1:8. These aims can be 

broadly split into three segments; improving methods, investigating risk factor effects 

on cognition and atrophy and investigating SVD lesion associations to atrophy. 

 Improving methods; study 1 1.7.1:

Progression of knowledge in the field is limited by the quality of techniques for 

detection of WMHs. As it is currently impossible to observe brain cells directly in vivo, 

we use MRI to indirectly measure them; in the case of FLAIR the water content of 

tissues is used for WMH estimation. Anything which interferes with the signal can 

potentially lead to incorrect inferences, for example the mis-segmentation of artefact as 

WMH. The necessity for well validated methods is compounded by the scale of 

experiments in this field. As AD is an insidious, complex syndrome, which is highly 

variable from person to person, large-scale clinical data sets are required to provide 

insights into disease mechanisms and progression. As studies increase in size, we are 

increasingly reliant on automated methods to estimate WMH volume as opposed to 

human manual segmentation.  However errors in algorithm performance may lead to 

incorrect inferences. Therefore in chapter 3 (study 1) I will generate a protocol for 

manual segmentation, generate gold standard WMH segmentations and will compare 

these to an automated WMH segmentation technique (Bayesian Model Selection ( 

BaMoS)) developed by Dr Carole Sudre (Sudre et al. 2015). 

 Risk factor associations with atrophy and cognitive changes (BP); study 2 1.7.2:

High BP is considered a potent VRF for the development of SVD and cognitive 

impairment (Dufouil et al. 2001; Kazui et al. 2000; Gorelick et al. 2011; Norton et al. 

2014). Recommendations exist to lower midlife BP in order to prevent dementia 
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(Livingston et al. 2017; Gorelick et al. 2011). However, in old age and in the context of 

SVD the relationships between blood pressure, cognition and brain atrophy are 

unknown and often conflicting (Gonzalez et al. 2015; Heijer et al. 2003; Walhovd et al. 

2014). In fact, whilst high blood pressure is a risk factor for dementia (Luchsinger et al. 

2005; Whitmer et al. 2005), many cognitively impaired individuals have low blood 

pressure (Guo et al. 1997; Skoog et al. 1996). Therefore, understanding how BP, 

cognition and brain atrophy change together over time is important, both in cognitively 

normal individuals and in the context of AD. Study 2 will therefore investigate the joint 

longitudinal change of BP, cognition and atrophy across the disease spectrum (study 

3). 

 Risk factor associations with atrophy (age); study 3 1.7.3:

 As age is the largest risk factor for Alzheimer’s disease (AD) (Launer et al. 

1999) and SVD, the need to understand AD in the context of age is important. AD can 

develop at any point during the adult lifespan from the fourth decade of life and it is 

unlikely that the disease remains the same, a 40 year old has not been exposed to the 

same level of accumulating damage as an 80 year old. Therefore investigating how 

disease progression varies with age is important; in study 3 this will be investigated.  

 SVD associations with atrophy; studies 4, 5 and 6 1.7.4:

 Several of the studies in this thesis explore the relationships between SVD and 

brain atrophy. In study 4 I investigate whether WMH volume associates with cross-

sectional brain volume and brain volume loss over time and where in the brain is 

affected, with a particular interest in hippocampal atrophy. Hippocampal atrophy rate is 

an important marker of AD progression, it is considered more specific than whole brain 

measures of atrophy (W J.P. Henneman et al. 2009). Understanding predictors of 

hippocampal atrophy rate is important because they are often used as an outcome 

measure in clinical trials (Fox et al. 2005; Dubois et al. 2015; Soininen et al. 2017). It is 

unknown whether WMHs associate with atrophy because of shared risk factors 

between WMH and AD, therefore Study 5 will determine what the possible drivers of 

atrophy are and whether any WMH-atrophy association is explained by AD pathology. 

Study 6 will investigate the independent associations of MB, lacunes and WMHs with 

longitudinal brain atrophy in a different dataset from studies 4 and 5.  
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Figure 1:8: Processes underlying the vascular theory of Alzheimer’s to be investigated in this thesis; each red arrow 

represents a process to be tested, with the associated number representing the study conducted. The flowchart 

combines the two-hit vascular hypothesis of Alzheimer’s disease (Zlokovic et al, 2011) with features of Small Vessel 

Disease (SVD), lacunes, microbleeds (MB), and white matter hyperintensities (WMHs) present on Magnetic Resonance 

Imaging. In this thesis a novel automated WMH segmentation algorithm will be assessed (study 1), the associations of 

blood pressure to cognitive decline and brain atrophy will be investigated (study 2), the relationships between age and 

brain atrophy will be examined (study 3), and the associations of lacunes, MB and WMH volume to brain atrophy will be 

investigated (4, 5, 6). BBB= blood–brain barrier (BBB). Aβ=β-amyloid  
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1.8: Thesis aims 

 The individual aims I will be addressing in this thesis are: 

Study 1: Generate gold standard manual WMH segmentations using multimodal 

imaging techniques and use these to assess a novel automated WMH segmentation 

technique. 

Study 2: Investigate how baseline and change in blood pressure (BP) is associated 

with cognition, and brain volume change over time. 

Study 3: Investigate how age affects brain atrophy rate patterns in the context of SVD. 

Study 4: Map brain tissue loss associated with baseline WMH volume, and determine 

whether the hippocampus is disproportionately associated with WMH volume. 

Study 5: Establish whether relationships between WMH and atrophy are independent 

of CSF Aβ and tau pathology, age, vascular risk factors and total intracranial volume 

(TIV). 

Study 6: Investigate the independent associations of WMHs, MBs and lacunes with 

brain volume changes.  
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Chapter 2: Methods 

2.1: Subjects 

 ADNI 2.1.1:

Much of the data used in this thesis has been downloaded from the Alzheimer’s 

Disease Neuroimaging Initiative (ADNI) database (http://www.loni.usc.edu/).  Launched 

in 2003 and based in the USA, ADNI is a multicentre, private/public funded longitudinal 

study investigating healthy adults, MCI and AD subjects and is led by Principle 

Investigator Michael W. Weiner, MD. Its primary goal is to test whether serial magnetic 

resonance imaging (MRI), positron emission tomography (PET), other biological 

markers, and clinical and neuropsychological assessment can be combined to 

measure AD progression. For up-to-date information, see www.adni-info.org. Written 

informed consent was obtained as approved by the Institutional Review Board at each 

participating centre. Participants took part in baseline clinical, neuropsychometric and 

MRI assessments, and periodical assessments thereafter, the frequency of which 

varied dependent on the diagnostic group. CSF data were collected in a proportion of 

subjects, details of the Aβ and tau analysis have been described previously (Shaw et 

al. 2009). 

Details of exclusion criteria can be found here http://adni.loni.usc.edu/wp-

content/uploads/2010/09/ADNI_GeneralProceduresManual.pdf. Of importance to the 

studies in this thesis, all participants had to have been in good overall health, with a 

rating of 4 or less on the Haschinski scale (Hachinski et al. 1975), therefore the 

subjects involved in this study had a low prevalence of cerebrovascular disease. 

Secondly, in order to be included as an MCI or an AD participant, an amnestic 

impairment was required, this was included to try to limit the sample to typical ADs. 

ADNI is composed of several phases. The first phase was ADNI1 in which 200 normal 

controls, 400 MCI and 200 mild AD participants were enrolled. Most ADNI1 subjects 

were scanned only on 1.5T scanners. 500 ADNI1 normal controls and MCIs were then 

continually followed up throughout ADNIGo and ADNI2. The second phase, ADNIGo, 

was a linking phase between ADNI1 and ADNI2 where 200 new early MCI participants 

were recruited. All newly enrolled participants were scanned using 3T MRI. ADNI2 was 

the third phase, which enrolled new controls, EMCI, LMCI, AD patients and individuals 

with subjective memory complaints, also scanned using 3T scanners. Where ADNI2 

http://www.adni-info.org/
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and ADNIGo datasets are combined in this thesis, they referred to using the ‘ADNI2Go’ 

portmanteau. 

 NACC 2.1.2:

For data in chapter 4 I used participants from the NACC data set 

(http://www.alz.washington.edu/). NACC has developed and maintains a database of 

standardised clinical research visits, collected from 39 past and present Alzheimer’s 

Disease Centres (ADCs) in the United States. The standardised clinical evaluation 

became known as the Uniform Dataset (UDS). Written and informed consent is gained 

from all enrolled subjects, who are followed up annually for as long as the subject is 

able or willing to participate. In depth information about the recruitment of NACC 

participants can be found elsewhere (Beekly et al. 2007; Morris et al. 2006). As of 

December 2017 the UDS comprised data from over 36,500 subjects; 12,900 control 

subjects, 6000 MCI, 16,000 AD and 6,000 with other impairments (including Lewy body 

dementia, vascular dementia and frontotemporal lobe dementia). 

Criteria on MCI diagnosis for Alzheimer’s Disease Centres (ADCs) was developed 

using consensus guidelines set by an expert panel (Winblad et al. 2004).  

2.2: MRI Acquisition 

 ADNI1 2.2.1:

The ADNI MRI protocol has been described in detail elsewhere (Jack et al. 2008).  

Most participants were scanned using a 1.5T scanner. Two T1-weighted MPRAGE 

images were acquired and the highest quality scan was chosen by analysts at the 

Mayo Clinic (Rochester, MN). Following acquisition, each image underwent quality 

control which included protocol compliance check, inspection for clinically significant 

medical abnormalities, and image quality assessment. Several pre-processing steps 

were applied by the Mayo Clinic which were specific to the scanner manufacturer and 

head coil used. Pre-processing correction was applied for gradient warping (Jovicich et 

al. 2006), B1 non-uniformity (Narayana et al. 1988) and intensity non-uniformity 

correction (Sled et al. 1998). These pre-processed images underwent internal quality 

control at the Dementia Research Centre, London, UK to check for artefacts that may 

influence atrophy measures including significant motion artefact.   

 ADNI2 2.2.2:

There were protocol changes from ADNI1 to ADNI2 and ADNIGo, for in depth protocol 

detail please see, http://adni.loni.usc.edu/methods/documents/mri-protocols/ and 

appendix. For ADNIGo all newly recruited participants were scanned on 3T scanners. 

For ADNI2, all participants were scanned on 3T scanners. Accelerated and Non-

http://www.alz.washington.edu/
http://adni.loni.usc.edu/methods/documents/mri-protocols/
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accelerated T1-weighted MPRAGE were collected. The same pre-processing steps as 

for ADNI1 (described above) were applied for ADNIGo and ADNI2. Axial T2 FLAIR 

scans were acquired with voxel sizes of 0.85994 x 0.8594 x 5mm. Following 

acquisition, each image underwent quality control at the Mayo Clinic (Rochester, MN, 

USA), as with ADNI1 images, including protocol compliance check, inspection for 

clinically significant medical abnormalities, and image quality assessment. 

2.3: MRI Analysis 

 Voxel Based Morphometry 2.3.1:

Many of the chapters (chapters 5, 6 and 8) in this thesis utilise voxel based 

morphometry (VBM) to investigate differences in brain anatomy from MRI images. VBM 

is a tool which allows the researcher to pinpoint differences in local grey matter volume 

or white matter volume between groups of subjects. VBM also enables detection of 

differences in brain volume which are correlated with a variable of interest. MRI images 

are not able to be analysed straight from the scanner (i.e. in their native space); a 

considerable amount of processing precedes statistical analysis in VBM (pre-

processing). VBM is run in Statistical Parametric Mapping software in MATLAB (see 

below). For full VBM methodology, please see (Ashburner & Friston 2000). The 

following explains the methods used in this thesis: 

2.3.1.1: Pre-processing  

2.3.1.1.1: Segmentation 

Images were segmented into grey matter (GM), white matter (WM) and cerebrospinal 

fluid (CSF) using SPM12’s Segment tool. In the segmentation step voxels are classified 

into tissue classes according to their intensity and their spatial location, for the latter 

tissue probability maps are used which give the prior probability of any voxel belonging 

to each tissue class. Bias correction is interwoven with segmentation. Deviating from 

the default values, I opted to use 2 Gaussian curves to model the distribution of 

intensities in GM and WM (the SPM12 update changed the defaults from 2 to 1 

Gaussian). On T1-weighted imaging WMHs are hypointense, and using 1 Gaussian 

distribution for GM and WM segmentation leads to a significant volume of WMH 

mistakenly included in the GM segmentation; whereas 2 improves the segmentation 

(causing the WMHs to be included in the CSF segment rather than the GM segment).  

2.3.1.1.2: Registration 

Registration is important as in order to identify which brain regions differ according to a 

hypothesis of interest, subject’s brains must be precisely aligned. It is important in the 

aging field to create a group specific template, as other brain templates (such as 
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Montreal Neurological Institute (MNI) space) have been based on younger brains, and 

older brains tend to be smaller and with larger ventricles (especially in groups with 

dementia patients). To create a study specific group template the DARTEL tool is used 

(Ashburner 2007). DARTEL improves normalisation by averaging GM segments that 

are approximately aligned to make a template, to which the original GM segments are 

then non-linearly warped, this is repeated 7 times (averaging the newly warped 

segments to make a new average to which the segments are warped etc.). The 

resultant GM segments are very well aligned.  

2.3.1.1.3: Modulation 

Registering to a group-wise space involves voxel contraction and expansion; however 

research questions usually concern the original size of brain regions. The original 

anatomical differences are encoded in the deformations which result from registration. 

Therefore, to preserve information about brain volume for analysis voxels are 

modulated. During modulation normalised voxel intensities are multiplied by 

deformations from normalisation in order that the total grey matter remains 

approximately the same as the original images.  

2.3.1.1.4: Smoothing 

Finally the smoothing step reduces the likelihood that any errors incurred during the 

registration are processed as differences in volume. Smoothing makes the data more 

normally distributed, which is a requirement for later parametric tests. Images were 

smoothed with a Gaussian Full Width Half Maximum kernel of 6mm (FWHM). 

2.3.1.1.5: Analysis of data 

2.3.1.1.5.1: Masking 

To limit the number of multiple comparisons during the statistical analysis, I used a 

mask which included only brain tissue. This mask was generated using a script 

developed for the masking of atrophied brains (Ridgway et al. 2009). This technique 

makes an average of all segments and creates a mask based on optimal thresholding 

of the average, which maximises the correlation between the original segment and the 

thresholded segment. This approach reduces the risk of excluding areas commonly 

vulnerable to atrophy, such as the hippocampus, therefore reducing the likelihood of 

false negatives. 

2.3.1.1.5.2: Mean Averages for Overlay 

For each study, bias corrected, DARTEL-transformed T1-weighted images were 

averaged in order to make an image to overlay results. 
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2.3.1.1.5.3: Modelling 

VBM statistical analysis uses the general linear model (GLM) at each voxel, assuming 

that voxel volume (y) can be explained by predictor variables (β) and error (𝜖): 

𝑦 = 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 +  𝛽𝑥1 + 𝜖 

In this framework y is a matrix of voxel volumes, the intercept is the mean voxel 

volume, β is the effect size for the covariate of interest, x is a matrix of the variable of 

interest and 𝜖 is the error.  

In this thesis I used VBM to investigate the effect of a covariate of interest (WMH 

volume, MB, lacunes and age) on atrophy. I modelled all groups (control, MCI and AD), 

in the same model and used interaction terms to investigate the effect of a covariate of 

interest on atrophy in each diagnostic group. To test the interaction term (investigate 

whether a covariate of interest had different effects on atrophy in the different groups) I 

used F contrasts (F-tests). To explore the effect of each covariate of interest on atrophy 

in each group, I used T contrasts (t-tests). The output of each contrast is a statistical 

parametric map showing regions of GM or WM with significant correlations or between 

group differences, according to the test applied. Contrasts are one tailed T tests, 

therefore the reverse (unexpected) contrasts were also performed. 

2.3.1.1.5.4: Multiple Comparisons Correction 

 As GLM and t tests are run at each voxel during VBM, this amounts to 

thousands of tests. Multiple comparisons corrections are applied to reduce the chance 

of false positives. Family wise error is the most conservative method of multiple 

comparisons correction (Worsley et al. 1996). It assumes random field theory, or that 

assuming the distribution of statistics in the imaging data follow a smoothly varying 

random field. This requires the data to be smooth. The family-wise error rate controls 

the probability of making at least one error. The false discovery rate is another form of 

multiple comparisons correction which controls the proportions of false positives among 

all rejected tests. The FWE automatically controls FDR; FDR is less stringent and leads 

to a gain in power compared to the FWE. 

 Longitudinal VBM 2.3.2:

So far I have described cross-sectional VBM, i.e. a method to look at differences in 

brain volume at one timepoint between individuals. In this PhD I have also used 

longitudinal VBM, which has enabled me to investigate volume changes over time. This 

has been enabled in two ways, pairwise longitudinal registration (between two roughly 

equally spaced time points only) and serial longitudinal registration (registration of 

multiple images). 
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2.3.2.1: Pairwise Longitudinal Registration 

The SPM12 longitudinal registration involves a rigid body registration, correction for 

intensity inhomogeneity and non-linear diffeomorphic registration between two time 

points. T1-weighted scans are first reoriented to MNI space, to facilitate quality 

assurance. They are then registered using SPM’s longitudinal registration toolbox. This 

registration produces a midpoint average image in the subject specific space and 

Jacobian determinants maps. Jacobian determinant maps are the difference between 

deformations for the initial and follow up scan to the midpoint image, divided by the 

time interval. Values less than 0 indicate contraction, values above 0 indicate 

expansion (Ashburner & Ridgway 2012). 

 Practically, the pairwise longitudinal VBM can be carried out similarly to the 

cross-sectional, with the midpoint average (rather than the baseline cross-sectional 

image) entering the pipeline for segmentation, with DARTEL registration and 

modulation, occurring as described above. The Jacobian maps also undergo DARTEL 

transformation in order that they are in the same space as the GM segments, but these 

are not modulated (in order that they retain their volume change information and do not 

encompass the change required to register to DARTEL space). The tissue weighted 

smoothing (TWS) step combines the spatial information of the GM segment and 

volume change information from the Jacobians. During TWS the Jacobian differences 

are smoothed within the limits of the GM and thresholded at 0.5. This yields a GM 

segment with voxels which represent the voxel conformational change which occurred 

during the pairwise registration. 

 As the data is balanced (same number of time-points and follow up time points for 

each individual), it is possible to apply the GLM to these rates of change, similarly to 

cross-sectional data. There is one data point per subject, as voxel volume change 

between the two time-points (Jacobian determinant) replaces voxel volume; statistics 

can therefore be carried out as above. 

2.3.2.2: Multi-timepoint (sandwich model)  

 The multi-timepoint approach has the benefit that multiple MRI scans can be 

used, making it a powerful tool to detect longitudinal brain volume changes. Secondly, 

many participants don’t fit the criteria for two equally spaced time-points as they may 

drop out before the final timepoint, this is especially the case for old, frail and demented 

subjects, this introduces bias to the pairwise approach. By including all possible scans, 

even from subjects who drop out before the end of the study the multi-timepoint 

method avoids this bias. However, using repeated measures without a balanced design 

requires a more complex statistical approach which does not assume the variances 

and correlations are equal across time points. Appropriate methods accounting for the 
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repeated measures design are fulfilled by the Sandwich estimator model (Guillaume et 

al. 2014). However, for use of any longitudinal method at least 2 scans are required, 

which therefore excludes a proportion of subjects which were unable to provide a 

second scan. 

 The multi-timepoint registration process occurs similarly to the pairwise 

registration (Ashburner & Ridgway 2012). Serial registration produces a volume 

change map per timepoint (encoding changes from that scan to midpoint), and one 

midpoint average image. The midpoint average image is again segmented as before, 

and the Jacobian maps and GM segments are combined during the TWS step, 

producing smoothed volume change maps for each timepoint.  

 The Sandwich Estimator (SwE) enables longitudinal multi-timepoint 

investigation by using a marginal model, a type of mixed model, to account for intra-

visit correlation and to account for the unbalanced nature of the data. With this 

approach only fixed effects are estimated and random components are modelled as 

nuisance. This is a useful method because misspecification of random effects can lead 

to invalid results, as is the problem with other longitudinal mixed modelling methods for 

neuroimaging data (Guillaume et al. 2014). 

The statistical model is fitted using each volume change map (if a subject has 6 time-

points, there will be 6 volume change maps for analysis). A vector is used to inform the 

model which volume change maps belong to which subject. The interval in years from 

image to midpoint is included as a fixed effect, in order to model annualised voxel 

change as an outcome. All covariates are interacted with time-to-midpoint so that their 

inclusion can influence rate of volume change. T contrasts, and F contrasts are 

completed, as before. FDR correction is given automatically by the SwE software. In 

order to obtain FWE corrected results, models are run on the cluster using the wild 

bootstrap with 2000 iterations. 

 Brain Region Segmentation 2.3.3:

 The brain volume measurement techniques described so far have been 

investigating anatomical differences at the voxel level; statistical tests are at each 

voxel. This is useful for looking for locations of difference according to a hypothesis 

with no a priori assumptions about where atrophy may occur. An alternative is to 

investigate brain volumes, or brain volume changes at the whole brain, or regional 

level, as the following methods describe: 

2.3.3.1: Brains  

Brains were segmented using the Multi-Atlas Propagation and Segmentation (MAPS) 

(Leung et al. 2011).  Whole brain includes the grey and white matter, separated from 
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the skull, skin, dura and other non-brain tissue. The MAPS technique compares the 

target image to a template library of semi-automatically segmented whole-brain 

regions, and the best matched templates are then combined to create the target image 

segmentation. Segmentations are performed in native space and comprise of voxels 

containing grey and white matter with the brainstem included until the most inferior 

cerebellar slice. 

2.3.3.2: Hippocampi 

The hippocampal multi-atlas propagation and segmentation (HMAPS) algorithm was 

used to generate hippocampal segmentations (Leung et al. 2010). This technique uses 

non-linear registration of the best matched templates from the hippocampal template 

library to generate multiple segmentations and combines them using the STAPLE 

algorithm (Warfield et al 2004). 

2.3.3.3: (External) White Matter Hyperintensity Segmentation 

For chapters 6 and 7, ADNI1 WMH volumes generated by University California Davis 

were used in analyses (Schwarz et al. 2009). These values were downloaded from the 

ADNI website. Briefly, the WMH volumes were segmented from baseline PD, T1 and 

T2 images using an automated technique, these were checked by a trained analyst 

and edited for gross errors (Carmichael et al. 2010; Schwarz et al. 2009).  

2.3.3.4: BaMoS White Matter Hyperintensity Segmentation 

 BaMoS is a novel data modelling framework for segmentation of pathological 

tissue types (e.g. white matter hyperintensities), generated by Carole Sudre (Sudre et 

al. 2015). This technique was used to segment WMHs for chapters 3 and 8, and was 

assessed compared to manual lesion segmentation in chapter 3. BaMoS is able to 

jointly model normal and unexpected pathological tissue types by modelling the data as 

a hierarchical three-level Gaussian mixture model that jointly considers inliers 

(expected observations) and outliers (unexpected observations). WMHs were 

segmented jointly using T1 and T2-FLAIR sequences rigidly co-registered in T1 space. 

Images are bias field corrected. BaMoS models the data as a multivariate mixture of 

Gaussians and can be used for segmentation of pathological tissue types (e.g. WMHs). 

The model is able to jointly model normal and unexpected observations. Each 

anatomical tissue class (GM, WM, CSF, non-brain) is modelled as a mixture of 

Gaussians whose number is automatically and dynamically determined using a split 

and merge strategy and constrained by anatomical probabilistic atlases and 

neighbourhood constraints (Markov Random Field). Both skull-stripping and atlases are 

obtained as a result of the label-fusion GIF framework (Cardoso et al. 2015). Skull 

stripping was incorporated in the automated segmentation in order to normalise the 

data as part of the BaMoS pipeline. 
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 Correction for false positives was lastly applied to discard regions of muscle, fat, skin, 

choroid plexus or other wrongly classified tissue based on clinical knowledge of WMHs. 

In order to increase sensitivity to smaller WMH lesions where partial volume effect was 

more likely to happen, a two-step two-threshold detection of candidate lesions was 

adopted. Furthermore, the classification of candidate lesion connected components 

was performed in two consecutive steps: first with a 6 neighbourhood followed by an 18 

neighbourhood definition in order to avoid discarding region of mixed origin (artefacts + 

true lesion). 

All WMH segmentations were checked by a trained WMH rater for gross errors.  This 

quality control step was used to further develop robust improvement to the post-

processing step, contributing to a better handling of artefacts and their differentiation 

from true WMH. The corresponding cases were re-processed with the appropriate 

modifications. Where there were image duplicates the best segmentation was chosen. 

2.3.3.5: Total intracranial volume (TIV) 

In many analyses TIV is used as a proxy for prodromal brain size. TIV was estimated 

using a previously described technique (Malone et al. 2015); using summed SPM12b 

GM, WM and CSF segments. 

 Volume Change Measurement 2.3.4:

2.3.4.1: Brains 

The symmetric boundary shift integral (BSI) was used to calculate brain volume change 

over time.  Brains were segmented firstly using BMAPS  (Leung et al. 2011). Pairs of 

scans were symmetrically registered (using 12 degrees of freedom). The results of all 

the pairwise registrations were then averaged to find the midpoint space. Scans were 

transformed to the midpoint space and underwent differential bias correction (DBC). 

Volume change between each scan pair was then measured using the BSI in the 

average space (Leung et al. 2012). The BSI uses the registrations to directly (from 

scan pairs) calculate how much the brain boundary shifts using intensity windowing 

directly on the normalised voxel intensities (Freeborough & Fox 1997). The outcome of 

the BSI represents the ml of brain change during the scan interval. Only the changes 

from baseline to each follow up were used in this study. All registrations were visually 

checked and excluded in cases of severe motion or warp due to positional differences 

or inadequate grad warp correction. 

2.3.4.2:  Hippocampi  

 Images were rigidly aligned to MNI space. Following whole brain registration 

(12 degrees of freedom) hippocampal segmentations at each timepoint were generated 

using an automated technique (Leung et al. 2010). The left and right hippocampi were 
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then separately locally symmetrically registered (6 degrees of freedom) for scan pairs. 

These pairwise scans were averaged to form a common space for each subject (as in 

2.3.4.1:), scans pairs were transformed into this common space. DBC was then applied 

and volume change was calculated using the double window symmetric BSI (Leung et 

al. 2012). The outcome of the BSI represents the ml of hippocampal change during the 

scan interval, with changes from baseline to each follow up were used in this study. All 

registrations were visually checked and excluded in cases of severe motion or warp 

due to positional differences or inadequate grad warp correction. 

 Statistics 2.3.5:

2.3.5.1: Demographics 

 Linear regression analyses, with F tests, were used to test for between-group 

differences in baseline age, Mini-Mental State Examination (MMSE), total intracranial 

volume (TIV), WMH volume, whole brain and hippocampal volume and other 

continuous variables relevant to the specific study. Fisher’s exact test was used to 

investigate gender differences, and APOE status and other categorical variables 

relevant to the specific study. For group differences in race, Pearson’s chi squared was 

used. For WMH volume, brain and hippocampal volume analyses, TIV was added as a 

covariate. 

2.3.5.2: WMH volume comparison metrics 

Numerous metrics were used to assess the performance of the automated and semi-

automated WMH segmentations. For equations, see appendix.  

2.3.5.2.1: True Positive lesions 

True positive voxels (TP) are lesions which share at least one voxel between the 

segmentation and the reference image. 

2.3.5.2.2: False Positive lesions 

False positive (FP) voxels are voxels those which are wrongly classified in the 

segmentation as WMH and not present in the reference. 

2.3.5.2.3: False Negative lesions 

False negative (FN) voxels are those which are classified as lesions in the reference 

segmentation only, and not detected in the segmentation.  

2.3.5.2.4: Detection error and outline error 

Detection error (DE) corresponds to the number of voxels in the segmented lesion for 

which the full extent of the corresponding connected component of segmented voxels 

is completely absent from one of the compared segmentations. In turn, outline error 
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(OE) corresponds to voxel elements that are considered as lesion in only one of the 

segmentations but the lesion which it joins to overlaps by at least one voxel in both 

segmentations. These subtypes of error were further divided into false positives (FP) 

and false negatives (FN). See Figure 2:1 for an illustration of these error types. 

2.3.5.2.5: Dice Score Coefficient 

The Dice Score Coefficient is a measure of spatial overlap between two 

segmentations. When considering lesions the Dice score is highly dependent on lesion 

load, with the same amounts of error between two segmentations affecting the Dice 

score of the small volume more than the larger volume. Dice scores are also 

dependent on the shape of the lesion, with errors higher for tetrahedral and spherical 

lesions compared to cubic lesions. Dice scores of over 0.7 are generally considered 

good in the literature (Caligiuri et al. 2015). The Dice score coefficient is calculated as 

follows: 
 2𝑇𝑃

2𝑇𝑃+𝐹𝑁+𝐹𝑃
 

 Software 2.3.6:

2.3.6.1: NiftyMIDAS 

NiftyMIDAS is a software tool used in this thesis for white matter hyperintensity 

segmentation. NiftyMIDAS has recently been developed by Centre for Medical Imaging 

Computing (CMIC) at UCL. NiftyMIDAS enables simultaneous segmentation of multi-

modal data, which was used in this work to semi-automatically segment and display T2 

FLAIR and T1-weighted images. NiftyMIDAS has  recently been made open source as 

part of NifTK (https://cmiclab.cs.ucl.ac.uk/CMIC/NifTK) (Clarkson et al. 2015) 

 

Figure 2:1: Illustration of error subtypes; OEFP=Outline error false positive, OEFN=Outline error false negative; DEFP= 

detection error false positive; DEFN= Detection error false negative; Ref= reference segmentation; Seg= test 

segmentation. For a given shared WMH lesion OEFP denotes voxels included in the test segmentation which are not in 

the reference. OEFN denotes, for a given shared WMH lesion, voxels which are included in the reference and not the 

test segmentation. DEFP denotes voxels included in the test segmentation and not the reference (false positive lesions), 

and DEFN denotes lesions included in the reference and not the segmentation (missed lesions). Image reproduced with 

permission from Dr Carole Sudre. 

https://cmiclab.cs.ucl.ac.uk/CMIC/NifTK
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2.3.6.2: Stata 

Stata is a statistical software package created by StatCorp which was used to run 

statistical analyses for this PhD for all data chapters (3-8). 

2.3.6.3: Matlab  

Matlab (Matrix Laboratory) is a computing environment developed by MathWorks. I 

used MATLAB R2014b to run SPM, the software used for image analysis in this PhD, 

see below 

2.3.6.4: SPM 

I used Statistical Parametric Mapping (SPM) software for chapters 5-8. SPM was 

created by the Wellcome Trust for Neuroimaging at UCL. SPM is freely available and is 

continually updated. The version used for this work is SPM2012b. SPM allows for the 

analysis of brain imaging data for hypothesis testing. I also used an extension for SPM 

called the Sandwich Estimator. 

2.3.6.5: Sandwich Estimator 

The sandwich estimator (SwE) toolbox contains a method for modelling longitudinal 

repeated measures neuroimaging data (see point 2.3.2.2:). This toolbox was generated 

by Bryan Guillaume and Thomas Nicholls (Guillaume et al. 2014) and can be 

downloaded here: https://warwick.ac.uk/fac/sci/statistics/staff/academic-

research/nichols/software/swe 

  

https://warwick.ac.uk/fac/sci/statistics/staff/academic-research/nichols/software/swe
https://warwick.ac.uk/fac/sci/statistics/staff/academic-research/nichols/software/swe
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Chapter 3: Assessment of an automated 

WMH segmentation method 

3.1: Introduction 

 SVD is an important cause of cognitive decline. WMHs of presumed vascular 

origin can be detected on MRI using FLAIR sequences, and represent one type of 

cerebrovascular damage which are common in AD. Drawing correct inferences relies 

on choosing a well validated WMH segmentation method that is reliable, accurate, and 

adaptable to data from multiple sites. WMHs from large-scale datasets may prove 

valuable in understanding whether WMHs play a causative role in cognitive impairment 

and dementia, and the mechanisms underlying this link. Manual delineation of WMHs 

is one method to assess WMHs; however, this process is time-consuming, requires 

training and is still variable in volume estimation, especially in areas of diffuse WMH. 

Techniques which incorporate human decision making and computerised thresholds to 

automatically draw boundaries are useful in speeding up the manual segmentation 

process. The protocol used for manual WMH segmentation in this chapter uses this 

combination of human decision making and computerised thresholds, is therefore 

referred to in this chapter as semi-automated segmentation.  

In this study, I assess BaMoS, which has previously been found to compare well to a 

small number of gold standard human estimates, and to a larger dataset of existing 

automated segmentations (Sudre et al. 2015). BaMoS has undergone methodological 

improvements since 2015, and this study serves as better, more in depth assessment 

of the algorithm than previously, with a larger set of gold standards produced by 

multiple raters, an extensive examination of errors, and an assessment of the cognitive 

associations of BaMoS generated WMH volumes. First, I will assess whether BaMoS 

performs well against human semi-automated estimates of WMH volume in a subset of 

60 ADNIGo and ADNI2 control and AD patients. Secondly, I will investigate whether 

BaMoS-generated WMH volumes are associated with changes in cognition in a large 

set of ADNIGo and ADNI2 controls, early MCI (EMCI), late MCI (LMCI), Subjective 

Memory Concern (SMC) and AD patients.  
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3.2: Methods 

 Participants 3.2.1:

ADNI2 and ADNIGo participants were used in this study (see 2.1.1:). To assess 

how BaMoS estimated WMH volume associates with longitudinal cognitive change the 

Mini-Mental State Examination (MMSE), Clinical Dementia Rating (CDRGlobal), Trails 

A, Trails B and the Alzheimer’s disease Assessment Scale- cognitive subscale (ADAS-

Cog) were investigated. 

For protocol development, MRI from 20 type II Diabetes and control patients 

were supplied by Utrecht University. All patients were over the age of 50 and had 

varying burdens of WMH (Reijmer et al. 2013). This study was approved by the 

medical ethics committee of the University Medical Center Utrecht, the Netherlands, 

and written informed consent was obtained from all participants  

 Image Acquisition and Assessment 3.2.2:

All baseline 3T T1-weighted and 3T T2 FLAIR images were downloaded for ADNIGo 

and ADNI2 patients on 6th November 2014. The ADNI MRI protocol is described in 

detail elsewhere (Jack et al. 2008).  Axial 3T FLAIR was acquired with voxel sizes of 

0.85994 x 0.8594 x 5mm. Following acquisition, each image underwent quality control 

as described in 2.2.2: Pre-processing steps using the standard ADNI image processing 

pipeline were applied to T1 images, as described in 2.2.1: 

  For semi-automated segmentation, T1 images were registered to T2 FLAIR 

images, as WMHs are clearer and more easily viewed on T2 FLAIR. T1 images were 

co-registered to FLAIR using Reg-Aladdin in NiftyReg 

(https://sourceforge.net/projects/niftyreg/), using the Point Spread Function (Modat et 

al. 2014). All FLAIR images for semi-automated segmentation, including the protocol 

adaptation, training and test sets were visually assessed for motion and significant 

artefact. NiftyMIDAS was the software used for segmentation see section 2.3.6.1:. 

 Utrecht images were acquired on a 3T Philips scanner, voxel sixes for FLAIR 

were 0.958 x 0.958 x 3mm. The 3D T1-weighted scan was registered to the T2 FLAIR. 

All images were bias corrected. Semi-automated WMH segmentations were produced 

by trained raters (Reijmer et al. 2013).  

 Semi-automated segmentation 3.2.3:

3.2.3.1: Initial Protocol development (Utrecht Scans) 

 For this study, a semi-automated WMH segmentation protocol was developed 

to provide a human-derived gold standard for WMH segmentation. The segmentation 

https://sourceforge.net/projects/niftyreg/
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process is referred to as ‘semi-automated’ (rather than manual) due to the use of 

computerised thresholds for segmentation, whereby a given voxel is included if it 

exceeds a predetermined intensity value (% of median brain intensity). Raters must 

decide which voxels are considered as WMHs, by placing a threshold ‘seed’ in a voxel.  

 Initial rules for thresholds and classification of WMHs were developed by 

referring to an existing set of manual WMH segmentations from type II Diabetes 

patients and controls scanned in Utrecht. These 20 segmentations were viewed on 

their corresponding FLAIR and T1-weighted images. Inspection of these manual WMH 

segmentations and consultation of the literature, led to rules for the location and 

appropriate thresholds for WMH delineation, as well as window values for viewing 

scans. General rules included ensuring potential voxels of WMH were hyperintense on 

FLAIR and hypointense on T1, dismissing artefact (by consulting both T1 and T2 

FLAIR), and avoiding commonly hyperintense areas (such as the corticospinal tracts) 

(Gawne-Cain et al. 1997; Wardlaw et al. 2015), see appendix for full protocol  

3.2.3.2: Segmentation of ADNI2/Go  

A total of 80 scans were used in the three phases to the ADNI2/Go semi-automated 

segmentation process; adaptation of the protocol to ADNI2Go scans (11 unique 

scans), training raters (9 unique scans), and segmentation of the assessment set by all 

raters (60 unique scans), see Figure 3:1. There were 4 raters.  At each stage of the 

semi-automated segmentation process (protocol adaptation, training raters and 

automated assessment) different scans were used in each set of images. 

3.2.3.2.1: Adaptation of Protocol 

The protocol required adaptation for ADNIGo and ADNI2 images, due to the thicker T2 

FLAIR slices, and some ventricular ghosting artefacts. ADNI scans were also acquired 

at multiple sites using different scanners, as opposed to the Utrecht dataset. Multiple 

scanner models exist across the sites in ADNI. For the methods comparison I chose to 

restrict the sample segmented to the most popular model types from the three main 

ADNI scanner manufacturers, Signa HDxt (General Electric (GE) medical systems), 

“Achieva” (Philips) and “Triotim” (Siemens). To adapt the protocol from Utrecht scans 

to ADNI2Go, 11 scans (5 GE, 3 Philips and 3 Siemens) were used. These 11 

participants were chosen to reflect a variety of WMH loads using WMH values from 

University California Davis (http://www.loni.usc.edu/ see 

ADNI2_Methods_UCD_WMH_Volumes_20131218.pdf).  

http://www.loni.usc.edu/
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Figure 3:1: Flowchart of process from initial protocol 

(developed on 20 Diabetes Mellitus and controls subjects 

from Utrecht (DM2)), through to BaMoS segmentation 

assessment set. At each stage different subject’s scans 

were used. ADNI2Go= Alzheimer’s Disease Neuroimaging 

Initiative Phases 2 and GO 

 

 

 Following ADNI pre-processing of the T1, and registration of T1s to FLAIR 

space (both detailed above), the images for semi-automated segmentation were not 

processed any further.  Raters began segmentation without prior information, other 

than thresholds required for segmentation. The defining characteristics of this semi-

automated protocol were the use of two thresholds (defined as a % of median brain 

intensity), with a higher intensity threshold for WMHs with uncertain fuzzy boundaries, 

and a lower threshold for WMHs with definite boundaries. The higher threshold was 

used in areas where WMHs are likely to be developing, for WMHs which may have a 

bright core, surrounded by diffuse (possibly developing) hyperintensity, and so-called 

confluent hyperintensities. High thresholds were also used in regions where some 

hyperintensity is considered clinically normal (e.g. periventricular caps and 

corticospinal tracts) (Gawne-Cain et al. 1997). A lower threshold was used for lesions 

that are less bright, which have defined boundaries, so-called punctate WMHs. A 

manual freehand approach with no threshold was also possible in cases where the 
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rater was certain of a WMH, but which was not picked up by the thresholds, in such 

cases abnormal signal was apparent on both imaging modalities (T1 and FLAIR), extra 

care was taken to avoid temporal lobe artefacts and vascular flow artefacts. Thresholds 

were based on the median whole brain intensity, which was calculated using a brain 

mask generated using BMAPS on the T1 image and then copied to the FLAIR image 

(Leung et al. 2011).  

 A high (low) threshold was set at 130% (120%) of median brain intensity for 

Siemens and Philips. GE scanners tended to produce scans with a hyperintense 

posterior brain region; therefore for this scanner type the thresholds were increased to 

145% and 130%. For viewing FLAIR scans maximum viewing intensities were 238% 

for Siemens and Philips and 340% for GE scanners. 

3.2.3.2.2: Choice of Segmentation Assessment Set 

 The assessment set was composed of 60 individuals, 30 controls and 30 AD 

patients, who had not been used during protocol development. There were 10 controls 

and 10 AD patients from each of the three scanner types (Siemens, Philips and GE 

scanner).  

The assessment set was segmented by 4 raters after being trained by practicing on 9 

images. Rater 1, who developed the protocol, trained raters 2 and 3. Rater 2 trained 

rater 4. Raters were blinded to each other’s segmentations. Raters were accepted 

when they segmented with a mean volume difference of less than 15% compared to 

the reference (rater 1) on the training set of 9 images, inclusive of small volumes. All 

raters were accepted. The assessment set was blinded to raters in terms of the subject 

identity, diagnosis, other rater’s segmentations and scanner type. Rater 1 segmented 

the dataset again to obtain intra-rater reliability. 

3.2.3.2.3: Consensus segmentations 

Consensus segmentations were generated using combinations of rater segmentations. 

These consensus segmentations were used to look for specific differences in each 

rater’s performance, for example, rater 1 would be compared to a consensus 

combination of 2, 3, and 4; rater 2 would be compared to a consensus of 1, 3 and 4, 

etc. A consensus combination of all 4 rater’s segmentations was used for the 

comparison with BaMoS. Consensus’ were generated using majority voting, firstly 

majority voting was used for consensus sets of three out of four raters ( raters 1-2-3, 

raters 1-2-4, raters 2-3-4 and raters 1-3-4), then majority voting using each of the 4 

consensus sets were obtained for the overall consensus.  

 Automated segmentation 3.2.4:

WMHs were estimated on the baseline scan, see section 2.3.3.4:. 
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BaMoS segmentations are run in T1 space, whilst the semi-automated segmentations 

are performed in FLAIR space. To account for this, BaMoS segmentations were re-run 

in T2 FLAIR space to generate segmentations for the 60 individuals in the assessment 

set that would be comparable to the semi-automated segmentations. The assumption 

that T1 space segmentations generated in the full dataset would be more-or-less 

equivalent to the T2 FLAIR segmentations from the assessment set was tested (see 

below, statistics section).  

 Statistical methods 3.2.5:

3.2.5.1: Group Demographics  

To look for differences in baseline variables between diagnostic groups demographics 

were assessed as per 2.3.5.1:. Median WMH volumes were reported from T1 space 

BaMoS segmentations, as opposed to T2 FLAIR space segmentations (see above). 

Demographics were also assessed in the subset used for the WMH methods 

comparison, also as per 2.3.5.1:.  

3.2.5.2: Assessment of Semi-Automated Segmentation and BaMoS 

I performed two sets of analysis to examine the agreement between WMH volumes 

resulting from raters using semi-automated segmentation. Firstly I assessed intra-rater 

reliability from the interclass correlation coefficient (ICC) for agreement between the 

two sets of segmentations by rater 1. Then I assessed the inter-rater reliability by 

calculating the ICC comparing rater 2, 3 and 4’s segmentations with rater 1, and then 

by comparing each rater to consensus combinations of the remaining raters’ 

segmentations. To compare volumes between raters, WMH volumes were log 

transformed to the base 2 (log2WMH), as WMH values were skewed. A paired t-test 

was used to compare the mean log transformed volume between raters compared to 

rater 1. 

To assess the agreement between semi-automated segmentation and BaMoS, I 

calculated the interclass correlation coefficient (ICC) for agreement between BaMoS 

and each rater’s semi-automated segmentation, and to a consensus combination of the 

four raters. To compare volumes between raters and BaMoS, WMH volumes were log 

transformed to the base 2 (log2WMH). A paired t-test was used to compare the mean 

log transformed volume from BaMoS and each rater’s and with the consensus 

combination. I used a Bland-Altman plot to graphically compare BaMoS’s WMH 

estimates with the consensus estimates; the difference between the volumes from the 

two techniques was plotted against the average of the two volumes. The mean 

difference between the two techniques, and the 95% limits of agreement (mean 

difference +/- 1.96*standard deviation of differences), were also calculated and plotted. 
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In order to evaluate overlap between segmentations, I used the Dice score coefficient 

expressed as the ratio between twice the volume of overlap and the sum of segmented 

volumes. To further understand the origin of disagreement between segmentations, 

discrepancies were separated into two categories, outline error FP and FN, and 

detection error FP and FN following the description given by Wack et al 2012 (Wack et 

al. 2012). Details and illustration of these subtypes of error can be found in 2.3.5.2:. 

I compared the volumes between BaMoS-generated WMH estimated in T1 space and 

BaMoS-generated WMH estimated in FLAIR space. I log-transformed WMH volumes to 

the base 2, and assessed whether there were differences in mean volumes using a t-

test. The inter-class correlation coefficient was used to assess correlation between the 

methods. 

Lastly, I investigated differences in BaMoS’s performance according to different 

scanner types. Using linear regression I modelled each overlap metric separately 

(Dice, OEFP, OEFN, DEFN, DEFP), predicted by scanner type (Philips, Siemens or 

GE) and adjusted for each rater providing the reference segmentation (rater 1, rater 2, 

rater 3, rater 4, consensus). 

3.2.5.3: Diagrammatic representation of WMH regional distribution 

In order to represent the regional distribution of WMHs, the white matter and deep grey 

matter volume was divided into 36 regions (Sudre et al. 2018). In a first stage, the 

volume encompassed between the ventricular surface and the cortical sheet is divided 

into equidistant layers using the solution to the Laplace equation solved on this volume. 

Second, the lobar parcellation of the grey matter obtained from the GIF software are 

propagated onto the white matter +deep grey matter volume to separate the region into 

lobes. Basal ganglia, thalamic and infratentorial regions are considered separately. The 

layer and lobar divisions lead to a total of 36 regions (4 x 9) that were then used to 

visually represent the spatial distribution of WMH differences between BaMoS and the 

consensus in the shape of bullseye plots. In these plots, each angular segment 

corresponds to a different lobar region while the concentric layers represent the 

equidistant extracted layers with the distance from the ventricular surface increasing 

with the radius. To represent the spatial distribution of differences between BaMoS and 

the consensus OEFP, OEFN, DEFP and DEFN were displayed in the bullseye plots as 

proportions of total error and as proportions of true positive WMH volume. To further 

illustrate locations of errors difference maps were overlaid on images randomly 

selected from individuals with a low (<2ml), medium and high (>6ml) WMH load. 
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3.2.5.3.1: Associations of BaMoS derived WMHs to baseline, and change in 

neuropsychology 

I fitted multilevel linear mixed-effects regression models for repeated measures of 

cognition (MMSE, ADAS Cog, Trails A, Trails B and CDR-Global). I used the global 

score of the Clinical Dementia Rating, and the total 13 elements of the ADAS-Cog. 

Interval in years between baseline scan and follow up cognitive examination date was 

included as a fixed effect, in order that the resulting coefficient represented change in 

cognition per year (outcome). Models were fitted separately in each diagnostic group. 

The following covariates were included as main effects and as interaction terms with 

interval, in order that their inclusion could affect mean MMSE and how this changed 

over time: WMH volume, age, gender, years of education, APOE ε4 carrier status 

(presence/absence of an ε4 allele) and race, similarly to Carmichael et al. (Carmichael 

et al. 2010). Race was a binary covariate coding white race vs non-white race; there 

were insufficient numbers to investigate the effect of each race on the outcome. Models 

were run using log2WMH as a predictor. Participant-level random effects for intercept 

and time since baseline were included to permit between-participant heterogeneity in 

baseline MMSE and in rate of change in MMSE. Models were run using other 

neuropsychological tests in place of the MMSE. Unstructured covariance of the random 

effects was used to allow for a correlation between baseline psychological test score 

and rate of change in score. A separate residual variance was fitted for each diagnostic 

group.   
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3.3: Results 

 Participants  3.3.1:

Of 1,010 downloaded ADNI scans, 10 failed WMH segmentation quality control, 2 had 

incomplete data, 65 were duplicate scans, and 3 participants had no baseline 

diagnostic information. After quality control of WMHs, 22 cases were re-processed with 

the appropriate modifications, as per the re-processing step, see 2.3.3.4:. 930 

participants were included in this study, with on average 3 to 5 research visits; the AD 

group had the shortest follow up time and fewer visits than the other groups (see Table 

3:1). All groups overlapped in age, though the EMCI group were slightly younger than 

the other groups, and the AD group marginally older. There was no difference in 

gender distribution, and participants were not racially diverse, the majority were white, 

with the second largest group being black African Americans. As expected, prevalence 

of the APOE ε4 allele was greater in the EMCI, LMCI and AD groups than the SMC 

and control group. Baseline cognitive scores were similar between controls and SMC, 

and were poorer in EMCI, LMCI and AD groups. ADs had the largest volume of WMH. 

The characteristics of the 60 individuals chosen for the semi-automated comparison 

section of the study, see Table 3:2, were similar to the larger set, although the controls 

were slightly older and more likely to be APOE ε4 carriers, notably median WMH 

values were similar between the subset and larger set (although these comparisons 

were not formally tested). 

 Comparison Results 3.3.2:

3.3.2.1: Semi-Automated Comparisons 

There was a high level of agreement between semi-automated segmentations, 

indicated by the volumes, correlation coefficient, inter-rater reliability and overlap 

measures, see Table 3:3, The median segmentation volumes for all raters varied from 

the lowest of 5.62 ml (rater 4) to highest of 6.07 ml (rater 2), no significant difference in 

WMH volumes was detected between each segmentation compared to rater 1. A very 

high interclass coefficient of 0.97 was achieved between the semi-automated 

segmentations, indicating good inter-rater reliability. 
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Table 3:1: Subject demographics and basic imaging information for the ADNI cohort.  Demographics are shown for 

controls, Early Mild Cognitive Impairment (EMCI), Late Mild Cognitive Impairment (LMCI), Subjective Memory Concern 

(SMC) and Alzheimer’s disease (AD). Values are mean (SD) unless stated in the table, White matter hyperintensity 

(WMH) is reported as median,(interquartile range). Abbreviations: Mini-mental state examination (MMSE), Clinical 

Dementia Rating Global score (CDRGlobal), Trails A and Trails B and  Alzheimer’s disease Assessment scale- 

cognitive subscale  (ADAS-Cog). 

 

  

 
Controls SMC EMCI LMCI AD 

Group 

difference 

(p value) 

N 180 107 320 171 151 
 

Age at baseline, years 
73.4 

(6.2) 
72.3 (5.5) 71.0 (7.5) 72.4 (7.6) 

74.9 

(8.0) 
<0.001 

Male (%) 46 43 54 56 56 0.08 

Percentage APOE ε4 carriers 33 36 47 60 71 <0.001 

Years of education 
16.5 

(2.5) 
16.8 (2.5) 16.0 (2.6) 16.5 (2.5) 

15.7 

(2.8) 
<0.001 

Race 
(%) 

Asian 
Native Hawaiian or Pacific 
Black or African American 

American Indian or Alaskan 
White 

More than one race 
Race Unknown 

1.11 
0.00 
9.44 
0.00 
87.78 
1.11 
0.56 

0.00 
0.00 
2.80 
0.00 

94.39 
2.80 
0.00 

1.25 
0.31 
3.44 
0.31 

91.56 
2.19 
0.94 

0.58 
0.58 
3.51 
0.00 

94.74 
0.58 
0.00 

3.31 
0.00 
3.97 
0.00 
91.39 
1.32 
0.00 

0.2 

Follow up time 3.3 (1.5) 2.1 (0.9) 3.5 (1.8) 2.9 (1.6) 1.2 (0.7) <0.001 

Number of visits 5.3 (1.5) 4.1 (1.0) 5.9 (2.2) 5.5 (2.0) 3.6 (1.1) <0.001 

Baseline MMSE 
29.0 

(1.3) 
29.0 (1.3) 28.3 (1.6) 27.6 (1.8) 

23.1 

(2.1) 
<0.001 

Baseline CDRGlobal 0 (0) 0 (0) 0.5 (0.03) 0.5 (0.03) 0.8 (0.3) <0.001 

Baseline ADAS-Cog 9.0 (4.4) 8.9 (4.3) 12.7 (5.5) 18.8 (7.2) 
31.1 

(8.5) 
<0.001 

Baseline Trails A 
33.3 

(10.4) 

34.3 

(13.0) 

36.9 

(14.8) 
42.3(19.0) 

60.8 

(33.4) 
<0.001 

Baseline Trails B 
81.8 

(43.4) 

86.5 

(41.0) 
99.0 (50) 

121.6 

(70.2) 

195.5 

(86.2) 
<0.001 

Baseline WMH (ml) 3.4 (4.8) 3.4 (4.4) 3.8 (6.1) 3.7 (8.1) 5.8 (9.0) <0.001 
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Controls AD Group difference (p value) 

N 30 30 
 

Age at baseline, years 75.0 (5.4) 75.4  (7.2) 0.8 

Male (%) 50 60 0.3 

Percentage APOE ε4^ 47 73 0.03 

Years of education 16.0 (2.6) 16.0 (2.6) >0.9 

Race 
(%) 

Black or African American 
White 

7 

93 

0 

100 
0.2 

Follow up time 3.6 (0.9) 1.5 (0.6) <0.001 

Number of visits 5.7 (0.6) 4.0 (0.7) <0.001 

Baseline MMSE 28.6  (1.4) 23.0 (2.0) <0.001 

Baseline CDRGlobal 0 (0) 0.8 (0.3) <0.001 

Baseline ADAS-Cog 10.3 (5.1) 32.5 (9.1) <0.001 

Baseline Trails A 34.8 (12.7) 68.7 (33.3) <0.001 

Baseline Trails B 85.4 (36.1) 212.7 (92.1) <0.001 

Baseline WMH (ml) 3.6 (4.8) 5.3 (8.0) 0.2 

Table 3:2: Subject demographics and basic imaging information for the subset which were semi-automatically 

segmented.  Demographics are shown for controls and Alzheimer’s disease (AD). Values are meaning (SD) unless 

reported, White matter hyperintensity (WMH) is reported as median, (interquartile range). Abbreviations: Mini-mental 

state examination (MMSE), Clinical Dementia Rating Global score (CDRGlobal), Trails A and Trails B and  Alzheimer’s 

disease Assessment scale- cognitive subscale  (ADAS-Cog). 
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A. 
Rater 1 

CF 
Rater 2 

JB 
Rater 3 

HP 
Rater 4 

PW 
Test between 

raters 

WMH Volume 
(ml) 

5.70 
(3.12-12.60) 

6.07 
(3.37-14.19) 

(p=0.63) 

5.96 
(3.16-12.11) 

(p=0.92) 

5.62 
(3.14-12.33) 

(p=0.91) 
 

Inter-rater 
reliability 

0.974 (0.96-0.98) 
 

B. Semi- Automated Comparison to Rater 1 

ICC 
 

0.956 (0.92-0.98) 0.998 (0.99-0.99) 0.992 (0.99-0.99) 
 

Dice Score 
 

0.88 (0.84 -0.92) 0.94 (0.91 -0.97) 0.89 (0.87 -0.93) <0.001 

OEFP 
 

122.5 (45 -407.5) 53.5 (8 -147) 81 (36.5 -255.5) 0.01 

OEFN 
 

49.5 (13.5 -145.5) 38 (4.5 -129) 61 (16.5 -205.5) 0.07 

DEFP 
 

56 (31.5 -89.5) 21.5 (5.5 -50) 30.5 (14 -52) <0.001 

DEFN 
 

17 (6 -77) 22.5 (7.5 -51.5) 25 (8.5 -106) 0.3 

C. Semi-Automated Comparison to  Consensus 

ICC 0.998 (0.99-0.99) 0.958(0.89-0.98) 0.997(0.99-0.99) 0.996 (0.99-0.99) 
 

Dice Score 0.93 (0.9 -0.95) 0.90 (0.86 -0.94) 0.93 (0.89 -0.95) 0.91 (0.88 -0.94) 0.01 

OEFP 42.5 (10 -126.5) 106 (35 -312) 44.5 (17.5 -88.5) 76.5 (22 -173.5) <0.001 

OEFN 68 (30 -233) 42.5 (14.5 -114) 72 (28.5 -226) 65.5 (21 -199) 0.07 

DEFP 16 (6 -73.5) 52 (30 -80.5) 25.5 (10.5 -80) 27 (14 -46) 0.002 

DEFN 23.5 (12 -44.5) 13.5 (3.5 -78.5) 26 (18.5 -56.5) 22.5 (8 -78) 0.3 

Table 3:3: Table comparing semi-automated segmentations between raters. Values are reported as median (inter-

quartile range). Section A shows the median volumes, upper and lower quartiles of WMH volume from each rater, with 

(p value) showing statistical difference in each volume compared to rater 1. Inter-rater reliability (Inter-class coefficient) 

is shown between all raters with 95% confidence intervals. Section B of the table shows each raters performance 

compared to rater 1, correlation of WMH volumes using inter class correlation coefficient (ICC) with 95% confidence 

intervals, Dice scores of overlap, outline error false positive (OEFP) which, for a given shared WMH lesion, denotes 

voxels included in the segmentation which are not in the reference; outline error false negative (OEFN) which denotes, 

for a given shared WMH lesion, voxels which are included in the reference and not the segmentation; detection error 

false positive (DEFP) which denotes voxels included in the segmentation and not the reference (false positive lesions), 

and detection error false negative (DEFN) denoting lesions included in the reference and not the segmentation (missed 

lesions). Section C compares each rater to a consensus of the three remaining raters, using the metrics from section B. 

Statistical tests are shown for differences between each spatial metric for each rater. There were 10 controls and 10 AD 

patients from each of the three scanner types (Siemens, Philips and General Electric scanners). 
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Dice scores for segmentations were high compared to rater 1, ranging from a median 

of 0.88 (rater 1 compared to rater 2) to 0.94 (rater 1 compared to rater 3); with 

significantly greater overlap between raters 1 and 3, compared to 2 and 4. Dice scores 

of each rater compared to consensus estimates of the remaining 3 raters also showed 

excellent overlap, with median Dice scores of over 0.9. Further investigation of the 

overlap measures showed that compared to rater 1 and consensus estimates, raters 2 

and 4 had a higher median OEFP and DEFP, indicating slight over segmentation 

compared to the reference segmentation.  

The intra-rater reliability was also high, with an intraclass coefficient of 0.98 comparing 

rater 1’s first and second segmentation see Table 3:4. A median dice score of 0.91 also 

showed excellent spatial overlap. In contrast to raters 2 and 4, the second 

segmentation of rater 1 showed a tendency to under-segment (indicated by a high 

OEFN), this was also reflected in the slightly lower median volume in the second 

segmentation compared to the first, although there was no overall significant difference 

in volumes between the first and second set of segmentations. 

A. 
Rater 1 

First segmentation 
Rater 1 

Second segmentation 

Volume 
5.70 

(3.12-12.60) 

5.31 
(2.73-11.00) 

(p=0.4) 

Intra-rater reliability 0.976 (0.92-0.99) 

B. Comparison to first segmentation 

Dice Score 
 

0.91 
(0.86 -0.94) 

OEFP 
 

34.5 
(12.5 -100.5) 

OEFN 
 

149 
(69 -373) 

DEFP 
 

7.5 
(4 -24) 

DEFN 
 

24 
(9 -55) 

Table 3:4: Table comparing semi-automated segmentations between rater 1’s first and second segmentation. Values 

are reported as median (inter-quartile range), unless stated. Section A shows the WMH volume from the first and 

second segmentation rounds, and (p value) showing statistical differences between these WMH volumes. Intra-rater 

reliability (inter class correlation coefficient) with 95% confidence intervals is reported. Section B of the table shows Dice 

scores of overlap, outline error false positive (OEFP) which, for a given shared WMH lesion, denotes voxels included in 

the segmentation which are not in the reference; outline error false negative (OEFN) which denotes, for a given shared 

WMH lesion, voxels which are included in the reference and not the segmentation; detection error false positive (DEFP) 

which denotes voxels included in the segmentation and not the reference (false positive lesions), and detection error 

false negative (DEFN) denoting lesions included in the reference and not the segmentation (missed lesions). There 

were 10 controls and 10 AD patients from each of the three scanner types (Siemens, Philips and General Electric 

scanners) 
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3.3.2.2: BaMoS Comparisons  

There was an excellent agreement between the automated and semi-automated 

volumes; with a strong correlation of volumes between BaMoS and each rater, and 

BaMoS and the consensus of all 4 raters, ranging from 0.88 (rater 2) to 0.96 (raters 1, 

3, and consensus), see Table 3:5. There was no statistically significant difference in 

estimated volumes between the raters, consensus and BaMoS. 

 

BaMoS Rater 1 
CF 

Rater 2  
JB 

Rater 3 
HP 

Rater 4 
PW 

Semi-
automated 
Consensus 

Test 
(BaMoS 

vs 
raters) 

Volume 
5.56 

 (3.88 -11.18) 

5.70  
(3.12-
12.60) 
(0.94) 

6.07  
(3.37-14.19) 

(0.58) 

5.96  
 (3.16-12.11) 

(0.87) 

5.62  
(3.14-12.33) 

(0.97) 

5.61  
(2.94-11.94) 

(0.83) 
 

Comparison to BaMoS 

ICC 

 0.957 
(0.93-
0.97) 

0.875 
(0.78-
0.93) 

0.958 
(0.93-
0.97) 

0.944 
(0.91-
0.97) 

0.959 
(0.93-0.98)  

Dice 
Score 

 0.73  
(0.63 -0.81) 

0.74  
(0.66 -0.81) 

0.73  
(0.64 -0.8) 

0.72  
(0.66 -0.8) 

0.74  
(0.66 -0.82) 

>0.9 

OEFN 
 261.5  

(144.5 -490) 
219.5  

(136.5 -420) 
263  

(145 -502) 
245.5  

(152.5 -481) 
250 

 (150 -498) 
0.3 

OEFP 
 234.5  

(114 -544.5) 
306.5  

(147 -738.5) 
255  

(124 -527.5) 
260.5  

(121.5 -640) 
226 

 (120 -543.5) 
0.5 

DEFP 
 197  

(144.5 -255.5) 
169  

(114 -220.5) 
204  

(151 -255) 
196  

(147.5 -273) 
210 

 (150 -264) 
0.2 

DEFN 
 8 

(73.5 -63.77) 
53 

(33 -120) 
47  

(13 -131) 
45  

(18 -108.5) 
26 

 (8 -73.5) 
0.8 

Table 3:5: Table comparing semi-automated segmentations from each rater, and consensus of the 4 raters, to BaMoS 

automated values. Values are reported as median (inter-quartile range), unless stated. Volumes from each rater, the 

consensus, and BaMoS are reported, with (p value) showing difference compared to BaMoS. Correlation coefficients 

are given for each method compared to BaMoS using inter class correlation coefficient (ICC) with 95% confidence 

intervals. Spatial metrics of the following are given for to compare BaMoS with each rater/consensus as the reference;  

Dice scores of overlap, outline error false positive (OEFP) which, for a given shared WMH lesion, denotes voxels 

included in the segmentation which are not in the reference; outline error false negative (OEFN) which denotes, for a 

given shared WMH lesion, voxels which are included in the reference and not the segmentation; detection error false 

positive (DEFP) which denotes voxels included in the segmentation and not the reference (false positive lesions), and 

detection error false negative (DEFN) denoting lesions included in the reference and not the segmentation (missed 

lesions). Statistical tests are shown for differences between each spatial metric for each rater. There were 10 controls 

and 10 AD patients from each of the three scanner types (Siemens, Philips and General Electric scanners) 

BaMoS’ segmentations overlapped well with each rater and the consensus 

segmentations, with median dice scores between 0.72 and 0.74 for all the raters. There 

was no difference in BaMoS’s performance between the raters in any spatial 

comparison metric. There was also no clear pattern in outline error between BaMoS 

and the semi-automated segmentations; both OEFP and OEFN were similarly high, 

suggesting that BaMoS tended to both under- and over-segment true positive lesions in 
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roughly equal measure. However, DEFN was much lower than DEFP, indicating that 

whilst BaMoS tended not to have any issues missing WMH segmentations, the 

algorithm more often classified hyperintense non-lesion voxels as WMH than missed 

lesions. 

T1-space BaMoS segmentations had a median volume of 4.38ml (IQR 3.10-8.32), 

whilst FLAIR space BaMoS had a slightly higher median volume of 5.56ml (3.88-

11.18). There was no significant difference between volumes in T1 space and T2 

FLAIR space (t=1.56, p=0.12). BaMoS segmentations performed in T1 space 

compared well to those run in T2 FLAIR space, with a correlation coefficient of 0.87 

(95%CI 0.67-0.94).  

GE scanners were associated with greater WMH volumes than Philips and Siemens for 

both BaMoS and the semi-automated consensus, see Table 3:6. Analyses on the log-

transformed volumes showed this GE-related difference was significant. Both Siemens 

and GE scanners were associated with a significantly higher Dice score than Philips’ 

scanners. OEFP and OEFN were significantly lower for Siemens than Philips, and 

significantly higher than Philips for GE scanners. There were no differences between 

scanner performance for DEFN, and DEFP. 

Table 3:6: Methods comparison differences between scanner types. Estimates of Dice score, Outline Error False Positive 

(OEFP), Outline Error False Negative (OEFN), Detection Error False Positive (DEFP), Detection Error False Negative 

(DEFN) are given for each scanner type as an estimate [95% confidence intervals]. Models were adjusted for rater. † 

Different from Philips (p<0.05) ^ Different from Siemens (p<0.05).  Volumes from the consensus and BaMoS are given as 

median, with [first and third quartile], tests of differences between scanners were performed on log transformed (base 2) 

WMH values. For a given shared WMH lesion OEFP denotes voxels included in the segmentation which are not in the 

reference. OEFN denotes, for a given shared WMH lesion, voxels which are included in the reference and not the 

segmentation. DEFP denotes voxels included in the segmentation and not the reference (false positive lesions), and DEFN 

denotes lesions included in the reference and not the segmentation (missed lesions). Reference segmentation is the 

segmentation from each rater, (rater 1, rater 2, rater 3, rater 4 or consensus). 

 
Philips Siemens GE 

Volume (consensus) 
5.32 

[2.67, 1.17] 

5.55 

[3.06, 9.35] 

7.38†^ 

[3.00, 14.3] 

Volume (BaMoS) 
5.74 

[2.72, 9.64] 

5.45 

[3.90, 9.29] 

7.69†^ 

[4.36, 14.98] 

Dice Score 
0.66 

[0.63,0.70] 

0.76† 

[0.73, 0.80] 

0.74† 

[0.70, 0.77] 

OEFP 
329.5 

[242.2, 416.8] 

186.6† 

[99.3, 273.9] 

402.7^ 

[315.4, 490.0] 

OEFN 
627.5 

[434.1, 820.8] 

406.4† 

[213.0, 599.8] 

831.0†^ 

[637.6, 1024.4] 

DEFP 
188.5 

[158.4, 218.7] 

189.0 

[158.9, 219.2] 

165.1 

[134.9, 195.2] 

DEFN 
92.6 

[57.9, 127.3] 

82.3 

[47.7, 117.0] 

99.5 

[64.9, 134.2] 
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3.3.2.3: Bland Altmann  

The Bland Altmann plot (Figure 3:2) shows a good distribution of points overall above 

and below the mean difference line, with the mean difference close to zero. BaMoS 

tends to slightly overestimate volume at small and medium loads indicated by points 

above the line at lower volumes (<10ml), whereas at larger volumes BaMoS tends to 

underestimate WMH volume compared to consensus (>15ml). 

3.3.2.4: BaMoS Comparisons by location 

OEFP (over-segmentation of true positive lesions) is a major contributor of the total 

volume of error between BaMoS and consensus per individual (Figure 3:3) as indicated 

by bullseye a, compared to bullseyes c, e and g. This widespread association may be 

mainly driven by OEFP as a large proportion of total error at small volumes, because 

when OEFP volume is considered as a proportion of true lesion volume (bullseye b), 

OEFP has a reduced predominance, affecting a few regions, particularly the 

subcortical, parietal, and frontal regions. Observation of the difference maps (Figure 

3:4) shows that OEFP (in blue), is prevalent at all lesion loads, and to a larger degree 

in the left hemisphere (right-hand side of images and bullseyes). The periventricular 

 

Figure 3:2 Bland Altmann of BaMoS generated WMH volumes compared to consensus of 4 raters WMH volumes. The 

difference between the two volumes is plotted on the y axis and the mean of the two volumes is plotted on the x axis. 

The mean difference between the two volumes is represented by the black line, and the 95% limits of agreement are the 

dotted line (mean difference + 1.96*standard deviation of the mean difference). 
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caps are affected by OEFP in the low load example, perhaps explaining the bullseye 

association in the frontal lobes.  

OEFN, denoting under-segmentation of true positive lesions by BaMoS, contributes to 

overall error in a few key areas pointed out by the bullseye c, namely the frontal and 

subcortical regions. When considering the volume of OEFN in consideration of TP 

volume it does not appear to be influential; suggesting that OEFN may be contributing 

most to error at larger lesion loads. OEFN is indicated by yellow in the difference maps 

and is present at all lesion volumes, particularly in the right hemisphere, which is also 

clear in bullseye c (left on image and on bullseye).  

DEFP, denoting bright areas mistaken for lesions, contribute to error across the brain 

(bullseye e); however, when considered as a proportion of true lesion volume, FP 

appears as an issue at small volumes in the subcortical, occipital and temporal regions. 

DEFP is denoted by green in the difference maps (Figure 3:4), and it is noticeable that 

it tends to be picked up in the subcortical regions at all loads.  

DEFN, exemplifying lesions missed by BaMoS, are uncommon compared to the other 

error types, and hardly contribute to total error (bullseye 3 g). On the difference maps 

they are denoted in red. A missed lesion is apparent in right parietal lobe in Figure 3:4 

(left on image from medium load case and bullseye), this is indicated on the bullseye 

on DEFN/TP, showing this region is vulnerable over numerous participants.
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Figure 3:3: Bullseye plots showing ratios of spatial metrics as a proportion of total error (a, c, e and g) and as a proportion of true 

positive white matter hyperintensity (WMH) volume (b, d, f and g). Each concentric ring of the bullseye represents a cortical WM 

layer from each lobe, with the innermost ring representing the inner cortical layer (closest to the midline ventricles), and the outer 

ring representing the cortical layer nearest the grey matter. A and b report outline error false positive (OEFP) denoting voxels 

included in the segmentation (BaMoS) which are not in the reference (consensus). C and d represent outline error false negative 

(OEFN), voxels which are included in the reference and not the segmentation. Bullseyes e and f show detection error false positive 

(DEFP) denoting voxels included in the segmentation and not the reference (false positive lesions). g and h show detection error 

false negative (DEFN) denoting lesions included in the reference and not the segmentation (missed lesions) 
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Figure 3:4: Images showing differences in spatial metrics between BaMoS automated segmentation and consensus of all 4 

raters, in subjects with low, medium and high WMH loads. FLAIR images are shown in the left column, with difference maps 

overlaid in the right column. Blue voxels signify outline error false positive (OEFP) which, for a given shared WMH lesion, 

denotes voxels included in BaMoS which are not in the consensus. Yellow represents outline error false negative (OEFN) which 

denotes, for a given shared WMH lesion, voxels which are included in the consensus and not in BaMoS. Green represents 

detection error false positive (DEFP) which denotes voxels included in BaMoS and not the reference (false positive lesions). Red 

represents detection error false negative (DEFN) denoting voxels included as lesion in the consensus and not BaMoS. 
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 Associations of BaMoS derived WMH to baseline, and change in 3.3.3:

neuropsychology 

After fitting the initial models, the residuals were calculated and plotted (using the 

qnorm function in Stata) to check for model fit and outliers. Due to ceiling effects, 

residuals were skewed in all tests apart from ADAS Cog, this affected all groups apart 

from AD. To counteract this skew, models were rerun using bootstrap with 2000 

iterations, for controls, early MCI, late MCI and SMC groups, for MMSE, CDR Global, 

Trails A and B. Twenty-three outliers were identified from residual plots and the 

cognitive scores underlying the outliers were investigated for each participant. Five 

outliers were judged to be genuine errors in data collection or entry, with the remaining 

18 outliers assessed likely to be caused by sudden deteriorations or fluctuations in 

cognitive abilities see Table 3:7. The covariance structure was changed to independent 

where necessary (as participant baseline score was not sufficiently correlated with 

participant decline in that score) in Controls CDRGlobal, LMCI CDRGlobal, SMC 

MMSE, SMC CDRGlobal, SMC Trails A and SMC Trails B.  

3.3.3.1.1: Controls 

Significant deterioration in MMSE, CDRGlobal, and Trails B were detected in controls 

over the course of the study (see Table 3:8).No overall change over time in ADAS-Cog 

and Trails A was observed. Controls with greater WMH values performed worse on 

Trails A at baseline. A doubling of WMH volume also predicted a greater decline in 

MMSE, of 0.07 points per year; this represents a 70% increase in MMSE decline 

compared to the average change of -0.1 points per year. A doubling of WMH volume 

predicted a borderline significant worsening of 0.12 ADAS-Cog points per year, 

compared to no overall average change. 

3.3.3.1.2: SMC 

SMC participants did not show any change over time in Trails A, Trails B and ADAS-

Cog, but did decline in MMSE and CDRGlobal. Increased WMH volume was borderline 

associated with higher MMSE score and poorer baseline ADAS-Cog score. A 0.11 

increase in MMSE decline was predicted in those with double the average WMH 

volume, a 73% increase in MMSE decline compared to the average annual decline of 

0.15. 
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Visit MMSE Total 13 Trails A Trails B CDR Residual 

Control Outlier 1 (RID=4060) 

Screening 30 
   

0 
 

Baseline 
 

10 27 80 
 

-19.09 

Month 6 30 9 36 74 0 -11.19 

Month 12 29 11 31 79 0 -17.08 

Month 24 30 11 115 112 0 65.05 

Month 48 26 13 40 135 0 -13.61 

Control Outlier 2 (RID=4491) 

Screening 30    0  

Baseline  12 30 147  -9.16 

Month 6 30 14 65 62 0 26.13 

Month 12 30 6 33 57 0 -5.54 

Month 24 30 7 33 63 0 -4.89 

Month 48 29 14 33 110 0 -3.59 

LMCI Outlier 1 (RID=4114) 

Screening 28    0.5  

Baseline  17 30 75  -10.82 

Month 6 27 21 30 90 0.5 -9.88 

Month 12 27 21 97 77 0.5 57.66 

Month 24 27 27 22 85 0.5 -16.40 

Month 36 27 22 33 84 0.5 -4.41 

Month 48 25 25 29 107 0.5 -7.05 

Month 60 24 23 34 111 0.5 -0.92 

SMC Outlier 1 (RID=5202) 

Screening 30    0  

Baseline  10 36 74  -12.42 

Month 6 29 10 26 63 0.5 -25.69 

Month 24 29 11 31 173 0.5 75.54 

Month 36 29  31 74  -27.82 

SMC Outlier 2 (RID=5244) 

Screening 30    0  

Baseline  5 24 300  161.63 

Month 6 30 1 43 79 0 -55.29 

Month 24 30 2 31 50 0 -71.74 

 

Table 3:7: Neuropsychology test scores at each visit for 5 subjects with outliers which were judged to be due to errors in 

data collection or entry. Residuals and the test score they correspond to are shown in red. All neuropsychology test 

scores are given for context (to show that these are likely true errors, as scores on other cognitive tests on the same 

day do not concur). Residual corresponds to trails A for Control and LMCI outliers (RIDs, 4060; 4491; 4114), for SMC 

outliers, residuals are from errors in trails B (RID 5202; 5244). Numerous residuals were identified that were deemed 

likely to represent true fluctuations in cognitive performance which are not shown here (n=18). LMCI= late mild cognitive 

impairment; SMC= subjective memory concern; RID= Respondent identifier (study subject number) 
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a 
 

Controls EMCI LMCI SMC AD 

Baseline 

MMSE 
28.96 

(<0.001) 
[28.65, 29.28] 

28.12 
(0.00) 

[27.47 - 28.76] 

28.30 
(<0.01) 

[27.17 - 29.43] 

28.62 
(<0.001) 

[27.83, 29.41] 

21.96 
(<0.01) 

[20.53, 23.39] 

CDRGlobal 
0.02 

(0.27) 
[-0.02, 0.06] 

0.42 
(<0.001) 

[0.38, 0.47] 

0.53 
(<0.01) 

[0.48, 0.57] 

0.02 
(0.40) 

[-0.02- 0.06] 

0.82 
(<0.001) 

[0.65, 0.99] 

ADAS-Cog 
9.00 

(<0.001) 
[7.27, 10.74] 

11.97 
(<0.001) 

[9.79, 14.16] 

11.97 
(<0.001) 

[7.13, 16.80] 

11.27 
(<0.001) 

[8.21, 14.32] 

27.98 
(<0.01) 

[22.45, 33.51] 

Trails A 
35.88 

(<0.001) 
[31.16, 40.59] 

44.29 
(<0.01) 

[38.14 - 50.44] 

49.09 
(<0.001) 

[36.56, 61.63] 

41.60 
(<0.001) 

[30.33- 52.86] 

68.00 
(<0.001) 

[46.47, 89.53] 

Trails B 
102.33 

(<0.001) 
[74.16 - 130.50] 

124.61 
(<0.01) 

[102.76 - 146.46] 

128.56 
(<0.001) 

[73.56 - 183.56] 

95.52 
(<0.001) 

[69.22 ,121.82] 

208.44 
(<0.01) 

[155.98, 260.90] 

Change 
in 

MMSE 
-0.10 
(0.01) 

[-0.17, -0.03] 

-0.23 
(<0.001) 

[-0.33, -0.14] 

-1.12 
(<0.01) 

[-1.38, -0.86] 

-0.15 
(0.01) 

[-0.26, -0.03] 

-2.15 
(<0.001) 

[-2.69, -1.61] 

CDRGlobal 
0.02 

(<0.001) 
[0.01, 0.03] 

-0.01 
(0.25) 

[-0.01, 0.00] 

0.09 
(<0.01) 

[0.06, 0.12] 

0.05 
(<0.001) 

[0.03, 0.07] 

0.24 
(<0.001) 

[0.17, 0.30] 

ADAS-Cog 
0.06 

(0.49) 
[-0.11, 0.22] 

0.61 
(<0.001) 

[0.38, 0.85] 

2.36 
(<0.001) 

[1.79, 2.93] 

0.03 
(0.85) 

[-0.30, 0.37] 

5.44 
(<0.001) 

[4.25, 6.63] 

Trails A 
0.07 

(0.75) 
[-0.36 - 0.49] 

0.31 
(0.35) 

[-0.33, 0.95] 

4.16 
(<0.001) 

[2.26, 6.07] 

0.22 
(0.74) 

[-1.09- 1.53] 

10.46 
(<0.001) 

[5.79, 15.13] 

Trails B 
2.31 

(0.02) 
[0.37 - 4.25] 

2.76 
(<0.01) 

[0.94, 4.59] 

11.13 
(<0.001) 

[6.44, 15.83] 

1.37 
(0.33) 

[-1.39, 4.14] 

21.95 
(<0.001) 

[10.63, 33.28] 

Effect of 
WMH on 
Baseline 

MMSE 
-0.08 
(0.21) 

[-0.19, 0.04] 

-0.02 
(0.73) 

[-0.13, 0.09] 

-0.20 
(0.05) 

[-0.40, 0.01] 

0.15 
(0.05) 

[0.00, 0.30] 

0.02 
(0.87) 

[-0.28, 0.33] 

CDRGlobal 
0.00 

(0.45) 
[-0.00, 0.01] 

0.00 
(0.68) 

[-0.01, 0.01] 

-0.00 
(0.64) 

[-0.02, 0.01] 

0.00 
(0.75) 

[-0.01, 0.01] 

0.02 
(0.37) 

[-0.02, 0.05] 

ADAS-Cog 
0.03 

(0.89) 
[-0.39, 0.45] 

0.18 
(0.44) 

[-0.27, 0.63] 

1.06 
(0.01) 

[0.27, 1.84] 

0.58 
(0.04) 

[0.02, 1.14] 

0.10 
(0.86) 

[-1.06, 1.26] 

Trails A 
1.37 

(0.02) 
[0.18, 2.57] 

0.63 
(0.34) 

[-0.65, 1.92] 

1.26 
(0.31) 

[-1.16, 3.68] 

1.03 
(0.19) 

[-0.51 - 2.57] 

0.57 
(0.81) 

[-4.18, 5.32] 

Trails B 
3.61 

(0.17) 
[-1.51, 8.72] 

3.99 
(0.06) 

[-0.19, 8.18] 

4.67 
(0.37) 

[-5.65, 14.99] 

1.08 
(0.67) 

[-3.87 - 6.04] 

5.21 
(0.42) 

[-7.38, 17.79] 

Effect of 
WMH on 
change in 

MMSE 
-0.07 
(0.04) 

[-0.13, -0.00] 

-0.07 
(0.01) 

[-0.13, -0.02] 

-0.08 
(0.34) 

[-0.24, 0.08] 

-0.11 
(0.03) 

[-0.21, -0.01] 

0.06 
(0.77) 

[-0.32, 0.44] 

CDRGlobal 
0.00 

(0.37) 
[-0.01, 0.01] 

0.01 
(0.08) 

[-0.00, 0.01] 

0.03 
(0.01) 

[0.01, 0.05] 

-0.00 
(0.68) 

[-0.02, 0.01] 

0.04 
(0.08) 

[-0.01, 0.098 

ADAS-Cog 
0.12 

(0.05) 
[-0.00, 0.24] 

0.18 
(0.03) 

[0.02, 0.34] 

0.22 
(0.26) 

[-0.16, 0.59] 

0.01 
(0.47) 

[-0.16, 0.36] 

-0.21 
(0.62) 

[-1.05, 0.63] 

Trails A 
0.19 

(0.30) 
[-0.17, 0.55] 

0.12 
(0.56) 

[-0.29, 0.53] 

0.29 
(0.64) 

[-0.93, 1.52] 

0.61 
(0.11) 

[-0.174, 1.37] 

-1.63 
(0.34) 

[-4.99, 1.72] 

Trails B 
1.55 

(0.06) 
[-0.09, 3.18] 

0.94 
(0.07) 

[-0.09, 1.97] 

0.07 
(0.96) 

[-2.68, 2.82] 

0.12 
(0.92) 

[-2.25, 2.54] 

-1.11 
(0.80) 

[-9.91,7.69] 

Table 3:8: Results of the models of neuropsychological change predicted by white matter hyperintensity (log2WMH) volume. Values 

are shown as estimate (p value) [95% confidence intervals]. Models were run separately in each group; controls, early Mild Cognitive 

Impairment (EMCI), late mild cognitive impairment (LMCI), Subjective Memory Concern (SMC) and Alzheimer’s disease (AD). 

Baseline scores and change in each neuropsychology test predicted by the model are reported; Mini-mental state examination 

(MMSE), Clinical Dementia Rating Global score (CDRGlobal), Trails A and Trails B and  Alzheimer’s disease Assessment scale- 

cognitive subscale  (ADAS-Cog). Estimates are shown for a change in neuropsychology (baseline or change in) for a doubling of 

baseline WMH compared to the average baseline volume. Models are adjusted for age, gender, years of education, APOE genotype 

(binary covariate indicating presence of an ε4 allele). Models were bootstrapped for all groups apart from AD. 
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3.3.3.1.3: EMCI 

EMCI participants declined in performance in MMSE, ADAS-Cog and Trails B over the 

course of the study. No differences over time were seen in CDRGlobal and Trails A. 

There were no significant correlations between baseline WMH volume and baseline 

neuropsychology. A doubling of WMH volume predicted a 0.07 point greater 

annualised decline in MMSE, a 30% increase in MMSE decline compared with the 

average MMSE decline of 0.23 MMSE points per year. A worsening of 0.18 on ADAS 

Cog was observed for a doubling of WMH volume, compared to an average change of 

0.61, indicating a 30% increase in decline. 

3.3.3.1.4: LMCI 

LMCI participants experienced decline over time in all the neuropsychological tests 

investigated. Greater baseline WMH volume was associated with lower baseline 

MMSE score. A doubling of WMH volume predicted a 0.03 increase in CDRGlobal 

change per year, a 33% increase in CDRGlobal deterioration, compared to the average 

change of 0.09 CDRGlobal points per year. 

3.3.3.1.5: AD 

AD participants declined over time in all neuropsychology tests. Baseline WMH volume 

was found to be neither associated with baseline neuropsychology, nor change in 

neuropsychology. 

3.3.3.1.6: Results before bootstrapping and outlier removal 

Results before bootstrapping and outlier removal are seen in Table 3:9. Results are 

very similar with and without bootstrapping and before outlier removal. Outliers may be 

due to errors in data collection or entry (see Table 3:7). A few minor changes were 

present after outlier removal and bootstrapping; with bootstrapping/outlier removal the 

relationship between WMH volume and change in Trails B changes to trend level from 

p<0.05 for controls and EMCI. With bootstrapping/outlier removal the relationship 

between WMHs and baseline MMSE in LMCI and SMC changed to p<0.05 from trend 

level. 
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Table 3:9: Results of the models of neuropsychological change predicted by white matter hyperintensity (log2WMH) 

volume for the models which were not bootstrapped. Values are shown as estimate (p value) [95% confidence 

intervals]. Models were run separately in each group; controls, early Mild Cognitive Impairment (EMCI), late mild 

cognitive impairment (LMCI), and Subjective Memory Concern (SMC). Baseline scores and change in each 

neuropsychology test predicted by the model are reported; Mini-mental state examination (MMSE), Clinical Dementia 

Rating Global score (CDRGlobal), Trails A and Trails B and  Alzheimer’s disease Assessment scale- cognitive subscale  

(ADAS-Cog). Estimates are shown for a change in neuropsychology (baseline or change in) for a doubling of baseline 

WMH compared to the average baseline volume. Models are adjusted for age, gender, years of education, APOE 

genotype (binary covariate indicating presence of an ε4 allele). Results for AD group are shown in table 3:8. 

  Controls EMCI LMCI SMC 

Baseline   MMSE 28.95 
 (<0.001) 

[28.54, 29.37] 

28.16 
(<0.001) 

[27.63, 28.68] 

28.35 
(<0.001) 

[27.03, 29.68] 

28.51 
(0.00) 

[27.60, 29.43] 
CDRGlobal 0.02 

(0.28) 
[-0.02, 0.06] 

0.42 
(<0.001) 

[0.38 - 0.47] 

0.49 
(<0.001) 

[0.41, 0.57] 

0.02 
(0.70) 

[-0.06, 0.09] 

ADAS-Cog 9.00 
(<0.001) 

[7.27, 10.74] 

11.97 
(<0.001) 

[9.79, 14.16] 

11.97 
(<0.001) 

[7.13, 16.80] 

11.27 
(<0.001) 

[8.21, 14.32] 

Trails A 36.20 
(<0.001) 

[31.77, 40.62] 

43.42 
(<0.001) 

[37.89, 48.95] 

48.37 
(<0.001) 

[35.35, 61.38] 

41.32 
(<0.001) 

[32.21, 50.42] 

Trails B 103.34 
(<0.001) 

[86.96, 119.73] 

124.61 
(<0.001) 

[104.73, 144.50] 

128.56 
(0.00) 

[77.20, 179.92] 

95.09 
(<0.001) 

[64.76, 125.42] 
Change in MMSE -0.09 

(0.02) 
[-0.16, -0.01] 

-0.23 
(<0.001) 

[-0.31, -0.15] 

-1.12 
(<0.001) 

[-1.36, -0.88] 

-0.14 
(0.03) 

[-0.27, -0.01] 
CDRGlobal 0.02 

(<0.001) 
[0.01, 0.03] 

-0.01 
(0.24) 

[-0.01, 0.00] 

0.09 
(<0.001) 

[0.06, 0.12] 

0.05 
(<0.001) 

[0.03, 0.07] 

ADAS-Cog 0.06 
(0.49) 

[-0.11, 0.22] 

0.61 
(<0.001) 

[0.38, 0.85] 

2.36 
(<0.001) 

[1.79, 2.93] 

0.03 
(0.85) 

[-0.30, 0.37] 

Trails A 0.06 
(0.77) 

[-0.36, 0.49] 

0.31 
(0.19) 

[-0.16, 0.77] 

4.08 
(<0.001) 

[2.46, 5.70] 

0.16 
(0.80) 

[-1.11, 1.43] 
Trails B 2.00 

(0.03) 
[0.22, 3.78] 

2.76 
(<0.001) 

[1.34, 4.18] 

10.72 
(<0.001) 

[6.95, 14.49] 

0.56 
(0.76) 

[-3.03, 4.17] 

Effect of 
WMH on 
Baseline   

MMSE -0.08 
(0.20) 

[-0.19, 0.04] 

-0.02 
(0.75) 

[-0.13, 0.09] 

-0.20 
(0.06) 

[-0.41, 0.01] 

0.14 
(0.11) 

[-0.03, - 0.32] 

CDRGlobal 0.00 
(0.45) 

[-0.00, 0.01] 

0.00 
(0.63) 

[-0.01, 0.01] 

-0.00 
(0.63) 

[-0.02, 0.01] 

0.00 
(0.80) 

[-0.01, 0.02] 
ADAS-Cog 0.03 

(0.89) 
[-0.39, 0.45] 

0.18 
(0.44) 

[-0.27, 0.63] 

1.06 
(0.01) 

[0.27, 1.84] 

0.58 
(0.04) 

[0.02, 1.14] 

Trails A 1.36 
(0.02) 

[0.25, 2.46] 

0.63 
(0.31) 

[-0.58, 1.85] 

1.20 
(0.26) 

[-0.90, 3.30] 

1.03 
(0.24) 

[-0.68, 2.74] 

Trails B 3.61 
(0.10) 

[-0.74, 7.95] 

3.99 
(0.06) 

[-0.12, 8.11] 

4.67 
(0.27) 

[-3.70, 13.05] 

0.09 
(0.98) 

[-5.88, 6.06] 
Effect of 
WMH on 
change in 

MMSE -0.07 
(0.01) 

[-0.12, -0.01] 

-0.07 
(0.01) 

[-0.13, -0.02] 

0.08 
(0.34) 

[-0.24, 0.08] 

-0.11 
(0.04) 

[-0.21, -0.00] 
CDRGlobal 0.00 

(0.37) 
[-0.00, 0.01] 

0.01 
(0.08) 

[-0.00, 0.01] 

0.03 
(<0.001) 

[0.01, 0.05] 

-0.00 
(0.77) 

[-0.02, 0.14] 
ADAS-Cog 0.12 

(0.05) 
[-0.00, 0.24] 

0.18 
(0.03) 

[0.02, 0.34] 

0.22 
(0.26) 

[-0.16, 0.59] 

0.01 
(0.47) 

[-0.16, 0.36] 
Trails A 0.24 

(0.13) 
[-0.07, 0.56] 

0.12 
(0.45) 

[-0.19, 0.43] 

0.33 
(0.55) 

[-0.74, 1.40] 

0.61 
(0.22) 

[-0.39, 1.60] 
Trails B 1.55 

(0.02) 
[0.22, 2.88] 

0.94 
(0.05) 

[-0.02, -1.90] 

0.07 
(0.96) 

[-2.47, 2.61] 

1.02 
(0.48) 

[-1.77, 3.82] 
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3.4: Discussion 

 In this study, I assessed the performance of BaMoS, an automated approach to 

WMH estimation. I have found BaMoS’s WMH estimates to agree well with gold 

standard semi-automated segmentations, and that BaMoS’s values have the ability to 

predict cognitive change over time in control, EMCI, LMCI and SMC individuals. The 

success of BaMoS’s ability to estimate volumes over several scanner types, which 

match well to human ratings and which are also able to predict neuropsychological test 

outcomes, demonstrate the algorithm’s potential to be applied to large scale data sets, 

inform disease processes underlying dementia, and to potentially contribute to clinical 

practise with further research. 

  WMH volumes produced by BaMoS were able to predict cognitive change over 

time in controls, EMCI, LMCI and SMC participants. These results are consistent with 

previous studies, which have found higher baseline WMH volume is related to lower 

baseline cognition (Mosley et al. 2005) in controls and greater cognitive decline in 

controls, (De Groot et al. 2002), as well as in MCI and AD (Carmichael et al. 2010). 

Others have found that lesion progression is related more to progression of cognitive 

decline (Silbert et al. 2008; Van Dijk et al. 2008), and that WMHs in combination with 

atrophy relates to poorer cognition (van der Flier et al. 2005; Swardfager et al. 2018). In 

this study WMH volume was also a predictor of cognitive decline in SMC individuals, as 

was found by Benedictus (Benedictus et al. 2015). BaMoS-generated volumes had 

strong predictive power for cognitive change, a doubling of WMH volume was 

associated with a >70% increase in MMSE decline in controls and SMC.  That such 

large effects sizes for cognitive change were predicted by automated volumes is 

promising; further useful insights may be gained by using BaMoS segmentations in 

future studies. 

 BaMoS’s correlation coefficient of 0.96 and median Dice score of 0.74 indicates 

a good agreement compared to the semi-automated consensus segmentation; a Dice 

score exceeding 0.7 is considered the benchmark of a good segmentation (Caligiuri et 

al. 2015). This ranks BaMoS well compared to other WMH segmentation tools in the 

literature, although comparing Dice scores across studies is problematic due to 

differences between studies in scanner types, image acquisition and study populations 

(Caligiuri et al. 2015). Other WMH segmentation tools which have been tested in 

healthy control and AD populations have achieved similar average Dice scores to 

BaMoS; Seghier 0.64; de Boer 0.72; Yoo 0.76; Griffatini 0.76; Wang 0.78; and Yang 

0.81 (Seghier et al. 2008; de Boer et al. 2009; Yoo et al. 2014; Griffanti et al. 2016; 

Wang et al. 2012; Yang et al. 2010). However, few studies have used data from 

multiple sites, Samaille used information from several sites as in this study (Dice score 
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of 0.72), and Dyrby from 10 sites (Dice of 0.56) (Samaille et al. 2012; Dyrby et al. 

2008). The most comparable study to this is from Dadar et al, who also investigated 

ADNI2Go participants over a range of scanner types achieved a Dice score of 0.72, 

similar to this study (Dadar et al. 2017). In 2017, The Medical Image Computing and 

Computer Assisted Intervention Society, held a conference challenge in which 

segmentation algorithms were compared to manual WMH estimates, results of which 

ranged from Dice scores of 0.23 to 0.80, with a mean score of 0.64. Notably BaMoS is 

disadvantaged by the Dice metric, as larger WMH volumes lead to higher Dice scores, 

and BaMoS in this study has estimated a lower volume than other studies on similar 

participant groups; the median value in the comparison subset was just over 5ml 

(5.3ml), whilst other studies generally report values under 5ml as at the lower end of 

WMH burden, with  medium loads between 5 and 20ml (Griffanti et al. 2016; Dadar et 

al. 2017). Taking into consideration the lower volumes estimated and multisite nature of 

this study, BaMoS performs excellently. Whilst BaMoS achieves a comparable WMH 

performance to that in the literature, the focus of this study is to demonstrate the 

similarity of BaMoS to human ratings of WMHs and feasibility to large multisite studies 

and not to compare it to existing techniques, for which it has already been extensively 

validated (Sudre et al. 2015). 

 To better understand any proposed WMH segmentation method, it is important 

to have multiple complementary metrics to assess its performance compared to the 

gold standard. The Dice score alone is unable to tell us about over- or under-

segmentation, nor any information about the location of errors, which is important to 

consider as some regions are more difficult to segment than others. I employed a 

variety of metrics to assess the performance of BaMoS compared to the gold standard, 

including spatial overlap metrics, difference maps and bullseye plots (Sudre et al. 

2018). I found that whilst errors are common across the brain, they are found more in 

some regions due to biases in both the semi-automated protocol and BaMoS. BaMoS 

was most consistently vulnerable to errors in subcortical regions, both over-, and 

under-segmenting in this area, and more prone to false positives lesions here too, 

which were also issues in the temporal and occipital lobes. Other problematic regions 

were the parietal lobes and frontal lobes, likely due to the presence of diffuse dirty 

white matter in the parietal lobes and difficulties segmenting periventricular caps.  

BaMoS also appeared to over-segment at lower volumes compared to the gold 

standard and under-segment at higher volumes. However, the bias towards under-

segmentation at higher volumes compared to consensus may rather be an issue 

caused by the semi-automated segmentation protocol; thresholds for semi-automated 

segmentation were based on median brain intensity, in individuals with higher WMH 

volume the median brain intensity would be higher, therefore causing greater inclusion 



92 
 

of borderline hyperintense voxels at higher volumes.  A further systematic cause of 

difference between protocols may be due to bias correction; FLAIR images were bias 

corrected by BaMoS preceding WMH segmentation but were not viewed as bias 

corrected by raters during semi-automation segmentation. The bias correction 

difference is apparent on the left vs right hemisphere, with more included in the 

consensus on the left, (visible on left side of images from the highest load Figure 3:4). 

It is necessary to understand how and why differences with respect to human 

segmentation arise in order for methods to be improved. 

 WMH segmentation is challenging for both humans and computers, to tackle 

this a superior gold standard was generated, using segmentations from four raters who 

each segmented 60 participants. Using information from multiple raters reduced the 

risk of the algorithm being penalised as a result of human error. Such a rigorous 

generation of a gold standard is uncommon in the literature, algorithms are usually 

compared to segmentations from one or two raters of 20-30 participants (Anbeek et al. 

2004; Yoo et al. 2014; Beare et al. 2009; Wang et al. 2012). Some authors have 

generated superior gold standards; Griffatini used 3 raters, and Admiraal Beehoul and 

Dyrby segmented a larger proportion of the dataset (100% in the case of Dyrby) 

(Griffanti et al. 2016; Admiraal-Behloul et al. 2005; Dyrby et al. 2008). Raters in this 

study agreed well in their WMH estimates, achieving mean Dice scores of 0.90-0.93 

and mean correlation coefficients of 0.96-0.99 when comparing each rater to 

consensus estimates. Although efforts were taken to make the semi-automated 

segmentation as objective as possible, each rater naturally developed subtle 

tendencies to include or exclude WMHs in their segmentation. There were similarities 

between raters which reflected who taught whom the segmentation protocol. Raters 1 

and 3 were highly similar, whilst raters 2 and 4 were most similar; rater 1 trained 3 (and 

2), and rater 2 trained rater 4. Differences arose because Raters 2 and 4 were more 

likely to include WMHs, than raters 1 and 3. Interestingly the intra-rater dice score of 

0.91, was exceeded by the inter-rater Dice score between raters 1 and 3, in other 

words the segmentation of a different rater was more similar than two segmentations 

from the same rater. This may be due to the delay of several months between first and 

second segmentation which contributed to the intra rater reliability. These individual 

differences demonstrate the inherent difficulty of the WMH segmentation, the need for 

a well generated gold standard, and the need for frequent retraining of manual 

segmentors, even when using a structured protocol incorporating semi-automated 

thresholding.  

 Direct comparison between semi-automated and automated methods is 

hindered by differences in T1 and T2 FLAIR image resolution; semi-automated 
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segmentation occurs in FLAIR space, whilst the algorithm segments in T1 volumetric 

space. FLAIR space is preferable for human rater segmentation because WMHs are 

more clearly visible on FLAIR than on T1, and resampling issues arise when the thicker 

slice FLAIR is registered to the T1. However, the most accurate automated 

segmentations can be obtained in T1 space. The segmentations used in the 

neuropsychology assessment were generated by BaMoS in T1 space, whilst FLAIR 

space segmentations were used for method comparison. BaMoS’s volumes in FLAIR 

space correlated well with T1 space segmentations, so it is valid to assume that they 

are functionally equivalent, and that this assessment of FLAIR space segmentations is 

relevant to those generated in T1 space. Differences between methods were also 

found to be scanner dependent; individuals scanned with GE Scanners had higher 

WMH volumes and greater differences in outline error (OEFP, OEFN) than Philips and 

Siemens. It is difficult to pinpoint the reason for the observed difference; GE scanners 

may have a hyperintense bias present which leads to greater inclusion of WMHs, or 

they may be more sensitive to a particular lesion type which is poorly detected by 

Philips and Siemens. Notably, the semi-automated protocol recognised a general 

hyperintensity in GE images in the posterior white matter, and raised the thresholds for 

segmentation for this scanner type compared to Philips and Siemens. Interestingly, 

individuals scanned with a GE scanner had higher WMH volumes detected by both 

BaMoS and the semi-automated segmentation, indicating both methods classified the 

increased hyperintensity as lesion, withstanding the bias correction unique to BaMoS, 

and the higher thresholds implemented for GE scanners from the semi-automated 

protocol. FLAIR has not been as widely used as T1 MRI sequences, especially for 

quantitative analysis. Increased research using FLAIR, and volumetric FLAIR, in the 

coming decade, will likely progress our knowledge of differences between scanner 

types, understanding of the pathology underlying hyperintense signal, and improve 

comparability between semi-automated and automated methods. 

 The strengths of this study lay notably in the existence of multiple rater WMH 

estimates that enabled the comparison of a total of 300 segmentations from 60 

participants. I developed the protocol for semi-automated segmentation in collaboration 

with UMC Utrecht; no harmonisation of protocols exist for WMH classification, as has 

been achieved with hippocampal segmentations (Boccardi et al. 2015). Further 

research is required to validate WMH protocols across institutions. I investigated the 

performance of BaMoS using a number of comparison metrics that allowed a greater 

understanding of the origins of discrepancies between methods, and where differences 

were most likely to occur. I studied participants scanned at multiple sites, allowing the 

algorithm to be assessed using images from multiple scanners. I did not adjust for 

multiple comparisons in tests of WMHs and cognition, as these tests were hypothesis 
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driven and answering different questions. I adjusted for multiple covariates in analyses 

with cognitive outcomes, such as race, years of education, age, gender and APOE ε4 

status, as per Carmichael et al (Carmichael et al. 2010), however, I did not adjust for 

cardiovascular risk. Whether head size is related to change in cognition is yet 

unresolved and I did not adjust for this covariate in my analyses. Some studies have 

suggested larger head size is protective against cognitive decline (Guo et al. 2013; 

Perneczky et al. 2010), however how head size associates with cognition is a complex 

question related to theories of cognitive reserve, which deserves thorough 

investigation. Since the relationship of WMHs to cognition is well-established (Prins & 

Scheltens 2015), and the purpose of this study was to assess how WMH volumes from 

a novel automated technique relate to cognitive change, I did not investigate TIV 

effects. I noted that the subcortical area was most prone to discrepancies which may 

be explained by a lower signal-to-noise ratio in this region. The semi-automated 

segmentation set consisted only of controls and AD patients; any difference in the 

performance of the algorithm that may exist in other diagnostic groups could therefore 

not be tested. Additionally, the ADNI population is not sufficiently ethnically diverse for 

use to understand the confounding effect of race on the WMH-cognitive relationship.  

 In conclusion, I have assessed the performance of BaMoS and found it match 

excellently to human generated WMH segmentation methods, and to be predictive of 

change in neuropsychology scores in controls, SMC, EMCI and LMCI. This method 

was meticulously compared to ‘gold standards’ and found to perform well over multiple 

sites and scanners. BaMoS can therefore be confidently applied to large-scale multi-

site studies, and, with more research, this algorithm may be of potential clinical use. 
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Chapter 4: Blood pressure, cognition and 

atrophy 

4.1: Introduction 

 Hypertension heightens the risk of many pathological events such as heart 

disease and stroke. Research has linked hypertension to cognitive decline and 

dementia, including the most common cause of dementia, AD (Livingston et al. 2017). 

The link between hypertension and brain tissue loss (atrophy rate), is poorly 

understood, and results are conflicting (Heijer et al. 2003; Jochemsen et al. 2013; 

Gonzalez et al. 2015; Firbank et al. 2007).  

 Current treatments for AD do not stop or slow disease progression; risk factors 

such as hypertension, which can be treated, require thorough investigation. 

Hypertension may be a modifiable risk factor not just for prevention, but also 

progression of AD (Mielke et al. 2007).  The rate of progression in AD is heterogeneous 

and blood pressure (BP) may partly account for this variability. It is also necessary to 

understand how BP associates with atrophy rates to enable effective and efficient 

planning of clinical trials in which they are used as outcome measures.  

Longitudinal data linking change in BP, atrophy and cognition is lacking, and the 

absence of evidence means that current recommendations for healthcare professionals 

may be inadequate; targeting BP in the same way across the cognitive spectrum may 

not be appropriate (Qiu et al. 2005). Low BP is associated with poorer cognition in the 

elderly (Skoog et al. 1998).   

 Here, I aimed to understand the relationships between longitudinal change in 

late-life BP, cognition, and brain volume in 700 participants from the Alzheimer’s 

Disease Neuroimaging Initiative (ADNI1).  I also investigated BP and cognition in a 

group of 8240 participants from the National Alzheimer’s Coordinating Center (NACC) 

study. 
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4.2: Methods 

 Participants  4.2.1:

4.2.1.1: ADNI 

 I analysed data from ADNI1 control, MCI and AD participants, see section 

2.1.1:. 

4.2.1.2: NACC 

 I included participants from the NACC data set (http://www.alz.washington.edu/), 

from the March 2014 data freeze, see section 2.1.2:. 

I included patients seen at 34 ADCs from its inception in September 2005 to February 

2014. All participants visited for research purposes and were not enrolled in ADNI1 

(see Figure 4:1).  Imaging data was available in a small number of subjects, therefore 

for NACC I have investigated BP and cognition relationships only. 

MCI patients were included if they had amnestic impairment. AD patients were 

demented with a diagnosis of probable or possible AD at first visit, according to 

standard diagnostic criteria (McKhann et al. 1984), and were excluded if other 

neurological diseases were present.  

 BP Readings 4.2.2:

 Seated systolic blood pressure (SBP) and diastolic blood pressure (DBP) 

readings were measured at all visits for ADNI and at approximately annual visits for 

NACC, although physical assessments were not compulsory for inclusion in NACC and 

some individuals may not have provided BP due to frailty. Pulse pressure (PP) was 

calculated as SBP minus DBP.  

 Image Analysis 4.2.3:

 The ADNI MRI protocol is detailed elsewhere(Jack et al. 2008). Imaging data 

consisted of all available ADNI1 time points from baseline to 36 months (0-, 6-, 12-, 18, 

24- and 36- month scans), with a T1-weighted volumetric scan acquired on a 1.5T 

scanner of sufficient quality, see  2.2.1:. Whole-brain and hippocampal volumes were 

estimated automatically from the 1.5T volumetric T1-weighted images using BMAPS 

(Leung et al. 2011) and HMAPS respectively (Leung et al. 2010), see section 2.3.3.1: 

and 2.3.3.2:. The BSI was used to estimate change directly from scan pairs following 

segmentation, (Leung et al. 2012), see section 2.3.4.1: and 2.3.4.2:. TIV was also 

calculated, see section 2.3.3.5:. 

  

http://www.alz.washington.edu/
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Figure 4:1 Flowchart showing the selection of subjects for analysis for (a) ADNI and (b) NACC. Abbreviations; ADNI 

(Alzheimer’s Disease Neuroimaging Initiative), NACC (National Alzheimer’s Co-ordinating Center), AD (Alzheimer’s 

disease), MCI (Mild Cognitive Impairment). AD patients were excluded (261 cases) if another major neurological 

disorder or disease was present and primarily contributing to cognitive outcomes, including the following: Dementia with 

Lewy Bodies, Vascular dementia, Alcohol related dementia, Dementia of underdetermined aetiology, Frontotemporal 

dementia, Primary progressive aphasia, Progressive non-fluent aphasia, Semantic dementia,  Progressive supranuclear 

palsy, Corticobasal degeneration, Huntington’s disease, Prion disease, Cognitive dysfunction related to medication 

usage, dysfunction related to medical illness, depression, other major psychiatric illness, Down’s syndrome, Parkinson’s 

disease, Stroke, Hydrocephalus, Traumatic Brain Injury, CNS neoplasm, other cognitive/neurological condition 

 Cognition 4.2.4:

 I investigated 3 longitudinal outcomes of cognition; Mini Mental State 

Examination (MMSE) for global impairment, Logical Memory Immediate Story Recall 

(LM) for memory, WAIS-R Digit Symbol (DSST) for processing speed. The MMSE 

measured global impairment, the LM explored verbal episodic memory, and DSST 

tested processing speed. I investigated the Immediate Story Recall component of the 

LM and did not explore the delayed recall part, due to floor effects in MCI and AD 

Examinations were administered at each visit, apart from LM in ADNI, which was 

administered annually. 
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 Statistical Models 4.2.5:

4.2.5.1: Demographic Information 

 Patient demographics were assessed as per 2.3.5.1:. 

4.2.5.2: Joint Modelling of Outcomes 

 I jointly modelled change in BP (using SBP, DBP and PP in separate models), 

change in cognition and change in brain/hippocampal volume. Due to the nature of 

these models, there was no ‘predictor’ as with traditional regression models; to observe 

concurrent changes in BP, cognition and atrophy, each of the three variables were 

jointly modelled as outcomes. Multivariate mixed linear regression models were fitted 

with outcomes of BP (SBP, DBP, PP), atrophy (whole-brain, hippocampal change), and 

cognition (MMSE, LM, DSST). A random intercept (BP, atrophy rate and cognition) and 

random slope were included for the participant level with unstructured covariance to 

allow for correlations between all random effects (REs), apart from the random 

intercept for atrophy rate. The atrophy rate random intercept was included to account 

for the random measurement error at the first scan, which would be shared between all 

atrophy measures. Likelihood ratio tests were used to test random effects correlations 

between outcomes. The following correlations were examined: 1) baseline BP, change 

in brain volume, 2) change in BP, change in brain volume, 3) baseline BP, baseline 

neuropsychology, 4) baseline BP, change in neuropsychology, 5) change in BP, 

change in neuropsychology. All models were run separately in each diagnostic group. I 

used the multilevel modelling software MLWin version 2.36 (Rasbash, J., Charlton, C., 

Browne, W.J., Healy, M. and Cameron 2009), February 2016 release. 

 No fixed effects (FE) intercept was included in the model for change in brain 

volume due to the assumption that the estimated atrophy rate over a scan interval of 

zero is zero. As no intercept, or measure of baseline volume change is estimated using 

BSI (volume change) data, I separately modelled baseline brain and hippocampal 

volume in a regression model (see below). For BP and cognitive models, age and 

gender were added as covariates to adjust for their associations with the baseline 

value of these outcomes, and for all outcomes these covariates were interacted with 

time, in order to adjust for their associations with changes in outcome. APOE ε4 status 

(binary covariate indicating presence or absence of an ε4 allele) was adjusted for in all 

ADNI models. APOE ε4 status was included in the relevant models to adjust for 

associations with baseline BP, baseline MMSE, MMSE change and brain volume 

change.  

 Due to lack of any detectable change over time in SBP and DBP, for ADNI AD 

patients the RE slope for change in blood pressure was removed to allow the model to 
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converge. For PP in the ADNI AD group the RE slope was permitted, but the RE 

correlation between baseline PP and change in PP was omitted. 

 For NACC, the above models were fitted for cognition and BP change only. 

Models were fitted with and without adjustment for antihypertensive medication use. 

NACC models were adjusted for antihypertensive medication use (a binary longitudinal 

variable indicating use of an antihypertensive medication at each timepoint). The 

following BP lowering agents were considered: angiotensin converting enzyme 

inhibitor, angiotensin II receptor blocker, adrenergic agent, beta blocker, calcium 

channel blocking agent, diuretic, and vasodilator. Notably, I did not take into account 

whether patients were prescribed these as antihypertensives, therefore many may be 

taking these medications for other reasons. Models were refitted in the subset of NACC 

participants with APOE ε4 genotyping (binary covariate indicating presence or absence 

of an ε4 allele) as a covariate, similarly to ADNI models. 

4.2.5.3: Statistical Models of Baseline brain/hippocampal data 

 In ADNI, to investigate correlations between baseline BP and baseline whole 

brain/hippocampal volumes, regression models were fitted, with separate outcomes of 

whole-brain/hippocampal volume and baseline BP (either SBP, DBP or PP) as the 

predictor. Age, APOE ε4 status, TIV and gender were additionally included as 

covariates. 

4.2.5.4: Analysis by hypertensive status in AD 

 In NACC, I re-ran post hoc exploratory analyses between SBP and MMSE in 

AD patients according to hypertensive status, based upon initial BP and 

antihypertensive usage. BP cut offs for hypertension were defined as =>140mmHg for 

SBP and/or =>90mmHg for DBP (Chobanian AV, Bakris GL, Black HR, Cushman WC, 

Green LA, Izzo JL, Jones DW, Materson BJ, Oparil S, Wright JT 2003). Hypotension 

was defined as SBP  =< 90mmHg and/or =<60 mmHg for DBP, as defined by the 

United States Institute of Health (https://www.nhlbi.nih.gov/health-topics/hypotension). 

4.2.5.5: Tabulation and graphing 

Models were repeated substituting one outcome for another, all models and 

combinations came to 36 models for ADNI and 9 for NACC. Correlations are the 

primary outcome and each correlation is between two variables. However, each model 

is constructed with three different outcomes (a neuropsychology outcome, a BP value 

and a whole-brain/hippocampal volume change value). The results for correlation 

between two variables are very similar when the third variable is changed. For example 

the relationship between brain volume change and BP are highly similar when either 

LM, DSST or MMSE are used the third outcome; results are therefore tabulated with 

https://www.nhlbi.nih.gov/health-topics/hypotension
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MMSE as the third variable. Likewise the correlations between each psychology test 

and BP are very similar whether hippocampal volume or whole-brain volume is the third 

variable, therefore for correlations between each neuropsychology test and BP, whole-

brain volume is the third outcome. The baseline average MMSE in the demographic 

table (see Table 4:1) may vary from the baseline MMSE predicted from the FE portion 

of the model (see Table 4:2). Residuals from statistically significant REs correlations 

(p<0.05) were plotted. 

4.2.5.6: Multiple comparisons correction 

I additionally corrected for multiple comparisons using a Bonferroni correction. I 

considered each question asked separately, and applied correction accordingly: 

• For each relationship between baseline BP and baseline neuropsychology, 

three BP measures were tested (SYS, DIA, PP), between three cognitive tests (MMSE, 

LM, DSST), in three groups (C, MCI and AD), in two cohorts (ADNI and NACC) 

resulting in a threshold of alpha/54, 0.05/54=0.0009. 

• For the relationships between BP and atrophy, three BP measures were tested 

(SYS, DIA, PP) in two atrophy conditions (whole brain, hippocampal), for three groups 

(C, MCI and AD), for each cognitive test (MMSE, LM, DSST) in ADNI only, resulting in 

a threshold of alpha/54, 0.05/54= 0.0009. 

• For the post-hoc analysis in the AD group split by medication and hypertensive 

status, six groups were used to test the relationship between SYS and MMSE for each 

question, resulting in a threshold of 0.05/6= 0.008. 

4.3: Results 

 Demographic information 4.3.1:

 Data from 840 participants were downloaded from the ADNI website. 140 

participants were excluded (see Figure 4:1) following quality control. A total of 700 

ADNI participants were included in this study. MCI and AD patients had lower brain and 

hippocampal volumes, greater cognitive impairment and were more likely to be an 

APOE ε4 carrier (see Table 4:1).  

 Of the 14,717 participants from the March 2014 NACC data freeze, 8240 were 

suitable for the present study. Controls were older and were more likely to be female, 

compared with the MCI and AD groups. In the subset with available medication data, 

AD patients were least likely to be taking anti-hypertensive medication. 
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 Control Results 4.3.2:

 From both ADNI and NACC, controls on average had no significant change in 

BP over time (see Table 4:2). ADNI controls had significant rates of brain and 

hippocampal volume loss, but did not, on average, show any decline in cognition. Both 

MMSE and DSST showed no change, while for LM, significant improvements were 

seen for controls over time.  The NACC controls had, on average, a decline in MMSE 

and LM. 

4.3.2.1: BP and atrophy 

 ADNI control participants with higher baseline DBP had lower baseline brain 

volumes, (see Figure 4:2a, see Table 4:3, corresponding to a -0.88ml decrease for a 1 

mmHg increase in diastolic BP, from the average brain volume of 1,120ml (estimate, 

[95%CI] (p value) (-0.88 [-1.59, -0.17] (0.01)). However, there were no significant 

correlations between baseline, or change in, blood pressure and brain/hippocampal 

volume change over time. 
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ADNI Group 

difference   
(p value) 

NACC Group 
difference   
(p value) 

 
Controls MCI AD Controls MCI AD 

N 200 346 154 
 

1098 2297 4845 
 

Follow up length, years 
2.6 

(0.8) 
2.3 

(0.8) 
1.7 

(0.6) 
<0.01 4.5 (1.8) 2.4 (2.0) 1.4 (1.7) <0.01 

Number of time-points 
(min., max.) 

3.2 (1, 4) 3.6 (1, 5) 2.3 (1, 3) <0.01 4.9 (1, 7) 3.0 (1, 7) 2.3 (1, 7) <0.01 

Age at baseline, years 76.0 (5.2) 75.0 (7.2) 75.0 (7.7) 0.22 78.1 (8.7) 75.3 (9.1) 75.5 (10.0) <0.01 

Percentage male 53 63 54 0.02 38 50 47 <0.01 

Percentage APOE ε4^ 26 55 69 <0.01 36 45 59 <0.01 

Years of education 16.1 (2.8) 15.7 (3.0) 14.8 (3.0) <0.01 15.8 (7.4) 15.4 (5.4) 14.9 (8.7) <0.01 

Total brain vol., ml 
1068.0 
(103.1) 

1061.9 
(114.6) 

1022 .0 
(115.1) 

<0.01
#
 

N/A 

Total hippocampal vol., 
ml 

5.2 (0.7) 4.5  (0.8) 3.9 (0.9) <0.01
#
 

Baseline SBP, mmHg 
133.9 
(16.3) 

134.4 
(17.9) 

137.5 
(17.2) 

0.1 135.2 (18.2) 136.0 (18.9) 134.9 (19.2) 0.09 

Baseline DBP, mmHg 74.4 (10.3) 74.5 (9.5) 74.4 (9.5) 0.9 73.5 (10.2) 74.8 (10.4) 74.5 (10.9) <0.01 

Baseline pulse 
pressure, mmHg 

59.4 (15.2) 59.9 (15.8) 63.1 (16.5) 0.07 61.7 (16.5) 61.2 (16.6) 60.4  (17.0) 0.03 

Baseline MMSE, /30 29.1 (1.0) 27.0 (1.8) 23.4 (1.9) <0.01 28.5 (1.6) 26.9 (2.5) 19.7 (6.8) <0.01 

Baseline LM, /25 13.9 (3.4) 7.1 (3.1) 3.9 (2.8) <0.01 12.1 (3.9) 8.4 (4.0) 4.0 (3.6) <0.01 

Baseline DSST, /93 46.0 (10.2) 37.0 (11.2) 27.5 (12.4) <0.01 41.0 (11.8) 37.1 (12.0) 24.8 (14.1) <0.01 

Percentage on 
antihypertensive 

medication at baseline* 
n/a 

 
62% 60% 54% <0.01 

Percentage of non-
medicated 

hypertensives at 
baseline 

  
66% 67% 70% 0.1 

Table 4:1: Subject demographics and basic imaging information for the ADNI and NACC cohorts. Values are mean (SD) 

unless reported. . Systolic blood pressure (SBP) and diastolic blood pressure (DBP), MMSE (Mini-mental state 

examination), LM (logical immediate story recall) and DSST (WAIS-R Digit Symbol) are investigated. # Adjusted for 

Total Intracranial Volume. ^Data missing in 199 NACC control subjects, 873 NACC MCI patients and 1861 NACC AD 

patients. *data missing in 34 NACC control subjects, 17 NACC MCI patients and 46 NACC AD patients. The proportion 

of NACC individuals with hypertensive baseline BP readings, who were not on antihypertensive medication was 

calculated as a percentage 
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Fixed effects 
ADNI NACC 

Control MCI AD Control MCI AD 

Baseline 

Systolic 
(mmHg) 

132.53  
[129.54, 
135.52] 
(<0.01) 

136.05, 
[133.14, 
138.95] 
(<0.01) 

133.48 
[129.33, 
137.63] 
(<0.01) 

135.1 
[133.8, 
136.4] 

(p<0.01) 

136.4 
[135.37, 
137.44] 
(p<0.01) 

135.8 
[135.07, 
136.54] 
(p<0.01) 

Diastolic 
(mmHg) 

73.78 
[71.97, 
75.59] 
(<0.01) 

73.95 
[72.28, 
75.63] 
(<0.01) 

73.94 [71.57, 
76.31] 
(<0.01) 

73.63 [72.9, 
74.36] 

(p<0.01) 

74.39 
[73.82, 
74.96] 

(p<0.01) 

74.32 [73.92, 
74.73] 

(p<0.01) 

Pulse 
(mmHg) 

58.82  
[56.08, 
61.55] 
(<0.01) 

62.04 
[59.54, 
64.55] 
(<0.01) 

59.5 [55.86, 
63.15] 
(<0.01) 

61.48 
[60.37, 
62.58] 

(p<0.01) 

62.01 
[61.13, 
62.89] 

(p<0.01) 

61.48 [60.85, 
62.11] 

(p<0.01) 

Change 

Systolic 
(mmHg/yr.) 

-0.11 [-1.11, 
0.89] 
(0.83) 

-0.43 [-1.45, 
0.59] 
(0.41) 

0.25 [-1.46, 
1.95] 
(0.78) 

-0.18 [-0.5, 
0.14] 
(0.28) 

-0.34 [-0.71, 
0.02] 
(0.07) 

-0.98 [-1.33, 
-0.64] 

(p<0.01) 

Diastolic 
(mmHg/yr.) 

-0.49 [-1.01, 
0.04] 
(0.07) 

-0.87 [-1.40, 
-0.34] 

(<0.01) 

0.75 [-0.19, 
1.7] 

(0.12) 

-0.03 [-0.21, 
0.15] 
(0.72) 

-0.35 [-0.56, 
-0.15] 

(p<0.01) 

-0.41 [-0.61, 
-0.21] 

(p<0.01) 

Pulse 
(mmHg/yr.) 

0.36 [-0.49, 
1.2] 

(0.41) 

0.44 [-0.43, 
1.32] 
(0.32) 

-0.5 [-2.11, 
1.12] 
(0.55) 

-0.15 [-0.41, 
0.12] 
(0.28) 

0.02 [-0.31, 
0.34] 
(0.92) 

-0.58 [-0.87, 
-0.28] 

(p<0.01) 

Baseline 

Brain volume 
(ml) 

1,120 [1,060 
- 1,181] 
(<0.01) 

1,046 [1,003 
- 1,088] 
(<0.01) 

1,011 [937 - 
1,086] 
(<0.01) 

N/A 

Hippocampal 
volume (ml) 

5.03 [4.3 - 
5.8] 

(<0.01) 

4.661 [4.055 
- 5.266] 
(<0.01) 

3.4 [2.348 - 
4.506] 
(<0.01) 

Change 

Brain volume 
(ml/yr.) 

6.23 [5.41, 
7.04] 

(<0.01) 

10.71 [9.38, 
12.05] 
(<0.01) 

14.15 [12.06, 
16.24] 
(<0.01) 

Hippocampal 
volume (ml/yr.) 

0.06 [0.05, 
0.08] 

(<0.01) 

0.14 [0.12, 
0.16] 

(<0.01) 

0.17 [0.14, 
0.21] 

(<0.01) 

Baseline 

MMSE (/30) 

29.16 
[28.98, 
29.35] 
(<0.01) 

26.99 [26.6, 
27.38] 
(<0.01) 

23.69 [23.03, 
24.35] 
(<0.01) 

28.79 
[28.67, 
28.91] 

(p<0.01) 

27.04 [26.9, 
27.19] 

(p<0.01) 

19.52 [19.25, 
19.79] 

(p<0.01) 

DSST (/93) 

49.13 
[47.01, 
51.25] 
(<0.01) 

38.34 
[35.83, 
40.86] 
(<0.01) 

28.19 [24.03, 
32.35] 
(<0.01) 

42.39 
[41.55, 
43.22] 

(p<0.01) 

37.85 
[37.17, 
38.54] 

(p<0.01) 

24.62 [23.96, 
25.27] 

(p<0.01) 

LM (/25) 

14.76 
[14.06, 
15.46] 
(<0.01) 

7.94 [7.3, 
8.57] 

(<0.01) 

4.24 [3.36, 
5.13] 

(<0.01) 

12.44 
[12.14, 
12.74] 

(p<0.01) 

8.75 [8.52, 
8.97] 

(p<0.01) 

3.97 [3.82, 
4.11] 

(p<0.01) 

Change 

MMSE 
(Δ/yr.) 

0.03 [-0.05, 
0.12] 
(0.43) 

-0.83 [-1.14, 
-0.53] 

(<0.01) 

-2.47 [-3.29, 
-1.64] 

(<0.01) 

-0.52 [-0.58, 
-0.46] 

(p<0.01) 

-0.81 [-0.91, 
-0.72] 

(p<0.01) 

-1.21 [-1.56, 
-0.86] 

(p<0.01) 

DSST (Δ/yr.) 
0.37 [-0.1, 

0.85] 
(0.13) 

-1.43 [-2.19, 
-0.67] 

(<0.01) 

-4.05 [-1.44, 
-2.56] 
0.76 

-0.18 [-0.5, 
0.14] 
0.28 

-1.8 [-2.02, -
1.58] 

(p<0.01) 

-3.11 [-3.43, 
-2.79] 

(p<0.01) 

LM (Δ/yr.) 
0.3 [0.04, 

0.55] 
(0.03) 

-0.12 [-0.41, 
0.18] 
(0.45) 

-0.76 [-1.18, 
-0.34] 

(<0.01) 

-0.46 [-0.54, 
-0.39] 

(p<0.01) 

-0.39 [-0.47, 
-0.31] 

(p<0.01) 

-0.56 [-0.62, 
-0.5] 

(p<0.01) 

 

  

Table 4:2: Fixed effects from mixed models assessing the relationship between blood pressure (systolic, diastolic and pulse 

pressure), cognition ((mini-mental state examination (MMSE), logical memory immediate story recall (LM) and WAIS-R Digit 

Symbol (DSST)), and whole-brain or hippocampal volume change. Estimates are shown with (p values) and [95% confidence 

intervals].  For brevity I do not report fixed effects (FE) from each model, which can be very similar between models. In ADNI all 

BP fixed effects values are taken from models where DSST and whole-brain volume change are the second and third 

outcomes. Whole-brain and hippocampal volume change estimates are taken from models where DSST and SBP are the 

second and third outcomes. All neuropsychology fixed effects are from models with whole-brain volume change and SBP as 

the second and third outcomes. Baseline volumes for the brain and hippocampus are from linear regression. In NACC all BP 

fixed effects are taken from models where DSST is the second outcome. All neuropsychology fixed effects are taken from 

models where SBP is the second outcome.  ADNI models are adjusted for age, gender, intracranial volume and APOE e4 

status, NACC models are adjusted for age and gender. 
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Table 4:3: Results of the regression model assessing the relationship between whole-brain volume and blood pressure, 

and hippocampal volume and blood pressure measure (systolic (SBP), diastolic (DBP) or pulse pressure (PP)) in control 

(C), mild cognitive impairment (MCI) and Alzheimer’s disease (AD) patients. Estimates are shown for difference in 

whole-brain or hippocampal volume (ml) with (p values) and [95% confidence intervals] for a 1 mmHg increase in blood 

pressure measure. Models were run separately in each diagnostic group and adjusted for APOE genotype (binary 

variable indicating presence of an ε4 allele), age, gender and total intracranial volume. 

 
SBP DBP PP 

 
C MCI AD C MCI AD C MCI AD 

Whole-brain 

volume (ml) 

1,120 

[1,060, 

1,181] 

1,046 

[1,003, 

1,088] 

1,011 

[936, 

1,086] 

1,132 

[1,077, 

1,186] 

1,064 

[1,020, 

1,109] 

1,011 

[937, 

1,086] 

1,070 

[1,040, 

1,101] 

1,053 

[1,030, 

1,076] 

1,013 

[972, 

1,053] 

BP effect  on 

whole-brain 

volume 

-0.41 

[-0.86, 

0.03] 

(0.07) 

0.13 

[-0.18, 

0.44] 

(0.40) 

-0.01 

[-0.55, 

0.52] 

(0.96) 

-0.88 

(0.01) 

[-1.59, 

-0.17] 

-0.01 

(0.96) 

[-0.60, 

0.58] 

-0.01 

(0.96) 

[-0.55, 

0.52] 

-0.08 

(0.74) 

[-0.57, -

0.40] 

0.18 

(0.33) 

[-0.18,  

0.53] 

-0.05 

(0.86) 

[-0.63, 

0.53] 

Hippocampal 

volume (ml) 

5.03 

[4.29, 

5.77] 

4.66 

[4.05, 

5.27] 

3.43 

[2.35, 

4.51] 

5.47 

[4.80, 

6.14] 

4.83 

[4.20 , 

5.47] 

3.69 

[2.66, 

4.72] 

4.96 

[4.59, - 

5.33] 

4.59 

[4.26, 

4.92] 

3.88 

[3.29, 

4.47] 

BP effect on 

hippocampal 

volume 

0.00 

[-0.00, 

0.01] 

(0.77) 

-0.00 

[-0.00, 

0.00] 

(0.92) 

0.01 

[-0.00, 

0.01] 

(0.20) 

-0.00 

[-0.01, 

0.00] 

(0.31) 

-0.00 

[-0.01 , 

0.01] 

(0.53) 

0.01 

[-0.01, 

0.02] 

(0.41) 

0.00 

[-0.00 , 

0.01] 

(0.32) 

0.00 

[-0.00, 

0.01] 

(0.79) 

0.00 

[-0.00, 

0.01] 

(0.39) 
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Figure 4:2: Graphs to demonstrate relationships between baseline blood pressure (BP) and baseline psychology or 

hippocampal volume (ADNI denoted by blue crosses and NACC by red). Predicted values from linear regression of 

baseline diastolic BP (DBP) and baseline whole-brain volume in ADNI control (C) patients(1a); All others, graphs of 

participant level residuals, demonstrating random effect correlations between:(1b) baseline DBP and baseline Mini-

mental state examination (MMSE) in ADNI control patients; (1c) baseline SBP and baseline Logical Memory Immediate 

Story recall (LM) in control patients from NACC; (1d) baseline systolic BP (SBP) and baseline MMSE in NACC MCI 

patients; and (1e) baseline SBP and baseline MMSE in NACC AD patients. All ADNI relationships are corrected for 

APOE genotype, age, gender and TIV. All NACC relationships adjusted for age and gender.  

Key: ◊ Similar relationship exists for pulse pressure. 
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4.3.2.2:  BP and neuropsychology  

 In both cohorts, higher BP tended to be associated with worse baseline 

neuropsychology scores in controls, although this was not found across all measures. 

In ADNI, control participants with higher baseline DBP had a worse baseline MMSE 

score (correlation coefficient, p value) (-0.24, 0.05) (see Table 4:4, Figure 4:2b). In 

NACC, controls with higher SBP had lower baseline LM (-0.13, 0.01) (see Table 4:5, 

Figure 4:2c). NACC controls with higher PP also had lower DSST scores (-0.12, 0.01). 

In both datasets, no correlations were found between changes in BP and changes in 

neuropsychology over time. 

 MCI Results 4.3.3:

 In both ADNI and NACC, MCI participants had falling DBP (see Table 4:2) and 

a trend towards falling SBP over time. PP did not show any change over time. ADNI 

MCI participants declined in MMSE and DSST over time, but not LM. The NACC MCI 

participants showed significant rates of decline in all neuropsychology measures. 

4.3.3.1: BP and atrophy 

 For ADNI MCI patients, higher baseline SBP was associated with higher 

hippocampal atrophy rates (correlation coefficient, p value) (0.20, <0.01) (see Table 

4:6, Figure 4:3a) and those with higher PP also had greater hippocampal atrophy rates 

(0.21, <0.01). There was little evidence to support a correlation between changes in BP 

and hippocampal atrophy rate. No significant correlations were seen between baseline 

BP or changes in BP, and whole brain atrophy rates. 

4.3.3.2: BP and neuropsychology 

 There was no consistent evidence of an association between baseline BP or 

changes in BP with neuropsychology in ADNI MCI patients. However, in NACC higher 

baseline SBP and higher PP tended to be associated with worse baseline 

neuropsychology scores and faster declines in neuropsychology scores over time. 

Higher baseline SBP showed significant correlations with lower baseline MMSE (-0.11, 

0.01) (see Table 4:5, Figure 4:2d), and LM (-0.09, 0.01), and faster decline in DSST (-

0.12, 0.02) (see Figure 4:3b). Higher baseline PP had significant associations with 

lower baseline MMSE (-0.10, 0.02) and LM (-0.08, 0.03), and decline in MMSE (-0.14, 

<0.01), DSST (-0.16, <0.01) and LM (-0.14, 0.02), (see Figure 4:3d). Low DBP was 

related to a decline in LM (0.14, 0.02) (see Figure 4:3c). 

Falling SBP was associated with declining DSST (0.43, <0.01) (see Figure 4:3g), and a 

similar effect was seen with falling pulse pressure and declining DSST (0.40, <0.01), 

MMSE (0.32, 0.01) and LM (0.28, 0.01).  
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ADNI Neuropsychology Control MCI AD 

Correlation of interest 
BP  

variable 

Correlation with neuropsychology 

MMSE LM DSST MMSE LM DSST MMSE LM DSST 

Baseline BP measure, 

Baseline 

neuropsychology 

SBP 
-0.11 

(0.37) 

-0.18  

(0.06) 

-0.01  

(0.87) 

0.02 

(0.80) 

-0.08  

(0.33) 

-0.03 

 (0.71) 

-0.12  

(0.37) 

-0.07  

(0.54) 

-0.06  

(0.56) 

DBP 
-0.24  

(0.05) 

-0.05  

(0.47) 

0.08  

(0.34) 

-0.06  

(0.50) 

-0.03  

(0.73) 

-0.06  

(0.39) 

-0.06  

(0.65) 

0.11 

(0.30) 

-0.07  

(0.51) 

PP 
0.03  

(0.79) 

-0.16  

(0.09) 

-0.07  

(0.45) 

0.07  

(0.43) 

-0.07  

(0.39) 

0.01  

(0.91) 

-0.12  

(0.45) 

-0.16  

(0.20) 

-0.07  

(0.56) 

Baseline BP measure, 

Change in 

neuropsychology 

SBP 
-0.05  

(0.81) 

-0.06  

(0.71) 

-0.28  

(0.36) 

-0.06  

(0.41) 

-0.01  

(0.90) 

-0.01  

(0.89) 

-0.06  

(0.62) 

0.04  

(0.84) 

0.10  

(0.53) 

DBP 
0.05  

(0.83) 

-0.14  

(0.30) 

-0.25  

(0.40) 

0.02  

(0.78) 

0.09  

(0.35) 

-0.03  

(0.74) 

-0.07  

(0.55) 

-0.19  

(0.36) 

-0.02  

(0.92) 

PP 
-0.05  

(0.78) 

0.03  

(0.86) 

-0.14  

(0.64) 

-0.09  

(0.22) 

-0.08  

(0.41) 

0.01  

(0.94) 

-0.07  

(0.57) 

0.09  

(0.65) 

0.09  

(0.61) 

Change in BP measure, 

Change in 

neuropsychology 

SBP 
0.12  

(0.67) 

-0.11  

(0.61) 

-0.76  

(0.08) 

0.16  

(0.21) 

0.09  

(0.58) 

0.14  

(0.33) 

Inestim-

able 

Inestim-

able 

Inestim-

able 

DBP 
-0.55  

(0.28) 

-0.44  

(0.23) 

-0.51  

(0.45) 

-0.06  

(0.73) 

-0.19  

(0.34) 

0.12  

(0.53) 

Inestim-

able 

Inestim-

able 

Inestim-

able 

PP 
0.31  

(0.29) 

0.04  

(0.85) 

-0.74  

(0.12) 

0.22  

(0.08) 

0.20  

(0.20) 

0.11  

(0.45) 

0.39  

(0.27) 

0.43  

(0.49) 

0.17  

(0.69) 

Table 4:4: Table showing correlations between blood pressure (BP) measures (systolic (SBP), diastolic (DBP and pulse 

pressure (PP))) and neuropsychology in the ADNI dataset. Random effects correlations (correlation (r) and p values) are 

shown. BP and neuropsychology were jointly modelled as outcomes for each type of BP measurement (SBP, DBP and 

PP) and for each cognitive test (MMSE (Mini-mental state examination), LM (logical immediate story recall), and (DSST 

(WAIS-R Digit Symbol)). Whole-brain volume change was the third jointly modelled outcome. Analyses are adjusted for 

sex, age, APOE ε4 genotype (binary variable indicating presence of an ε4 allele) and total intracranial volume. 
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Table 4:5: Table showing correlations between blood pressure (BP) (systolic blood pressure (SBP), diastolic blood 

pressure (DBP), and pulse pressure (PP)) and neuropsychology in the NACC dataset. Random effects correlations (r 

and (p values)) are shown. BP and neuropsychology were jointly modelled as outcomes for each type of BP 

measurement and for each neuropsychology test (MMSE (Mini-mental state examination), LM (logical immediate story 

recall) and DSST (WAIS-R Digit Symbol)). Analyses are adjusted for gender and age. 

  

NACC C MCI AD 

Correlation of 
interest 

BP variable 

Correlation with neuropsychology 

MMSE LM DSST MMSE LM DSST MMSE LM DSST 

Baseline BP, 
Baseline 
cognition 

SBP 
-0.09 
(0.17) 

-0.13 
(0.01) 

-0.07 
(0.12) 

-0.11 
(0.01) 

-0.09 
(0.01) 

-0.04 
(0.2) 

0.09 
(<0.01) 

0.01 
(0.65) 

0.00 
(1) 

DBP 
0.00 

(0.96) 
-0.05 
(0.29) 

0.05 
(0.3) 

-0.05 
(0.24) 

-0.04 
(0.29) 

-0.01 
(0.68) 

0.02 
(0.31) 

-0.03 
(0.24) 

-0.04 
(0.18) 

PP 
-0.12 
(0.09) 

-0.12 
(0.02) 

-0.12 
(0.01) 

-0.10 
(0.02) 

-0.08 
(0.03) 

-0.04 
(0.2) 

0.09 
(<0.01) 

0.04 
(0.2) 

0.02 
(0.45) 

Baseline BP, 
Change in 
cognition 

SBP 
-0.03 
(0.59) 

-0.02 
(0.73) 

-0.02 
(0.72) 

-0.08 
(0.08) 

-0.04 
(0.56) 

-0.12 
(0.02) 

0.00 
(0.93) 

0.02 
(0.74) 

-0.02 
(0.72) 

DBP 
-0.04 
(0.42) 

-0.06 
(0.31) 

-0.08 
(0.24) 

0.06 
(0.19) 

0.14 
(0.02) 

0.02 
(0.76) 

-0.03 
(0.4) 

0.05 
(0.43) 

-0.01 
(0.85) 

PP 
0.00 

(0.97) 
0.02 

(0.77) 
0.03 
(0.7) 

-0.14 
(<0.01) 

-0.14 
(0.02) 

-0.16 
(<0.01) 

0.02 
(0.67) 

-0.01 
(0.93) 

0.00 
(1) 

Change in BP, 
Change in 
cognition 

SBP 
0.07 

(0.25) 
0.00 

(0.97) 
0.01 

(0.95) 
0.28 

(0.07) 
0.20 

(0.06) 
0.43 

(<0.01) 
0.19 

(<0.01) 
0.05 

(0.82) 
0.09 
(0.5) 

DBP 
0.05 

(0.62) 
0.03 
(0.8) 

-0.01 
(0.91) 

0.03 
(0.73) 

-0.06 
(0.62) 

0.17 
(0.1) 

0.14 
(0.18) 

-0.05 
(0.27) 

-0.05 
(0.66) 

PP 
0.05 
(0.1) 

-0.03 
(0.83) 

0.02 
(0.89) 

0.32 
(0.01) 

0.28 
(0.01) 

0.40 
(<0.01) 

0.14 
(<0.01) 

0.11 
(0.3) 

0.11 
(0.44) 
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Table 4:6: Table showing correlations between blood pressure (BP) measures (systolic blood pressure (SBP), diastolic 

blood pressure (DBP), and pulse pressure (PP)) and whole-brain or hippocampal volume change. Random effects 

correlations (r and (p values)) are shown. BP and brain or hippocampal volume change were jointly modelled as 

outcomes for of each type of BP measurement. MMSE (Mini-mental state examination) was the third outcome. Analyses 

are adjusted for sex, age, APOE ε4 genotype and total intracranial volume. 

  

ADNI  BP and atrophy rate Controls MCI AD 

BP variable Correlation with whole-brain volume change 

Baseline SBP 
0.02 

(0.87) 
0.11 

(0.12) 
0.09 

(0.47) 

Baseline DBP 
-0.18 
(0.11) 

0.10 
(0.18) 

0.12 
(0.34) 

Baseline PP 
0.13 

(0.22) 
0.07 

(0.33) 
0.09 

(0.52) 

Change in SBP 
0.09 

(0.53) 
-0.17 
(0.17) 

Inestimable 

Change in DBP 
0.43 

(0.07) 
-0.17 
(0.28) 

Inestimable 

Change in PP 
-0.07 
(0.64) 

-0.13 
(0.29) 

-0.45 
(0.24) 

BP variable Correlation with hippocampal volume change 

Baseline SBP 
0.01 

(0.96) 
0.20 

(<0.01) 
0.23 

(0.04) 

Baseline DBP 
-0.12 
(0.24) 

0.04 
(0.57) 

0.22 
(0.05) 

Baseline PP 
0.08 

(0.41) 
0.21 

(<0.01) 
0.19 

(0.14) 

Change in SBP 
-0.10 
(0.48) 

-0.02 
(0.83) 

Inestimable 

Change in DBP 
0.32 

(0.17) 
-0.06 
(0.67) 

Inestimable 

Change in PP 
-0.25 
(0.10) 

0.00 
(0.96) 

-0.46 
(0.19) 
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Figure 4:3: Graphs of participant level residuals, demonstrating random effect correlations between baseline blood 

pressure (BP) and subsequent cognitive or hippocampal change, and relationships between change in BP and change 

in cognition (ADNI denoted by blue crosses and NACC by red).(1a) baseline systolic BP (SBP) and hippocampal 

volume loss in ADNI MCI patients; (1b-1d) NACC MCI patients; (1b) baseline SBP and change in WAIS-R Digit Symbol 

(DSST); (1c) baseline diastolic BP (DBP) and change in logical immediate story recall (LM); (1d) baseline pulse 

pressure and change in LM. (1e-f) ADNI AD patients; baseline SBP and hippocampal volume loss (1f) baseline DBP 

and hippocampal volume loss;(1g) SBP change and DSST change in NACC MCI patients and (1h) change in SBP and 

change in MMSE in NACC AD patients. All ADNI relationships are corrected for APOE genotype, age, gender and TIV. 

All NACC relationships adjusted for age and gender. For scatterplots of residuals demonstrating whole-

brain/hippocampal correlations with BP, MMSE was the third outcome in the model.  

Key: ◊ Similar relationship exists for pulse pressure. 
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 AD Results 4.3.4:

 In ADNI the AD group did not show any significant change over time in BP, but 

falling SBP, DBP and PP were all detected in the NACC AD group, see Table 4:2. As 

expected AD participants showed significant rates of brain and hippocampal volume 

loss and declines in neuropsychology. 

4.3.4.1: BP and atrophy 

 Similarly to MCI patients, in AD, higher baseline SBP was associated with 

greater subsequent hippocampal atrophy (0.23, 0.04) (see Table 4:6 , Figure 4:3e), this 

relationship was mirrored by DBP (0.22, 0.05) (see Table 4:6, Figure 4:3f). No 

significant correlations were seen between baseline BP and whole brain atrophy rates. 

It was not possible to examine associations between atrophy rates and changes for 

SBP or DBP due to minimal between participant variability in the change over time in 

these measures. However, no association was found between change in PP and either 

hippocampal or whole brain atrophy rate. 

4.3.4.2: BP and neuropsychology 

 In ADNI, no significant correlations with neuropsychology were observed. 

However, in NACC, higher SBP pressure and higher PP were associated with higher 

baseline MMSE (0.09, <0.01 (see Figure 4:2e) and 0.09, <0.01 respectively). Falling 

SBP and declining PP were associated with faster declines in MMSE (0.19, <0.01 

(Figure 4:3h) and 0.14, <0.01 respectively). 

4.3.4.3: Analysis of AD patients by hypertensive group and medication 

 After splitting by hypertensive status a relationship was detected whereby low 

baseline BP predicted low baseline MMSE in the medicated hypotensives (see Table 

4:7) (group 2) (0.37, 0.01), and the non-medicated, normotensive (group 3) 

((correlation coefficient, p value) 0.21, <0.01). A relationship between low baseline BP 

and subsequent MMSE decline was found in both hypotensive groups regardless of 

medication status (group 1 (0.59, 0.04) and 2 (0.43, 0.03)), and in the non-medicated 

normotensive group (group 3 (0.11, <0.01)), with correlation coefficients larger in the 

hypotensive groups. An opposing relationship was found in the hypertensive groups, 

where high baseline BP predicted MMSE decline, regardless of medication status, 

although this was only significant in the non-medicated group despite equal effect sizes 

(group 5 (-0.26, 0.02), group 6 (-0.26, 0.13) . Lastly both hypertensive groups 

(medicated (5) and non-medicated (6)) showed simultaneously falling BP and falling 

MMSE (group 5 (0.58, <0.01), group 6 (0.82, 0.03)). There were no relationships 

between BP and cognition in the medicated normotensive group (4), despite being the 

largest group. 
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 Adjustment for APOE genotype and antihypertensive use 4.3.5:

 With adjustment for APOE ε4 genotype in NACC the overall relationships 

between BP and cognition were not materially changed (see Table 4:8). With 

adjustment for antihypertensive usage in NACC (see Table 4:9) all relationships 

remained unchanged, apart from the correlation between declining systolic and pulse 

pressure and falling MMSE in AD subjects, which was no longer significant. 

  

NACC 
Hypotensive Normotensive Hypertensive 

Non-medicated Medicated Non-medicated Medicated Non-medicated Medicated 

 

1. Non-
medicated 

Hypotensive 

2. Medicated 
Hypotensive 

3. Non-
medicated 

normotensive 

4. Medicated 
normotensive 

5. Non-
medicated 

hypertensive 

6. Medicated 
hypertensive 

n 103 156 1168 2084 928 374 

Age (SD) range 
77.11 (11.2) 

47, 100 
80.7 (7.3) 

59, 97 
71.83 (11.06) 

36, 99 
77.27 (8.5) 

41, 102 
74.33 (10.36) 

40, 104 
76.9 (10.15) 

50, 110 

APOE status (% ε4 
carriers) 

59 53 59 59 61 59 

Gender  (% male) 32 53 46 49 41 52 

Education (SD) 14.07 (4.1) 14.51 (10.6) 15.40 (9.0) 14.47 (7.71) 15.14 (9.1) 14.98 (10.5) 

Baseline SBP 
119.78 

[115.71, 123.84] 
121 

[115.97, 126.03] 
123.46 

[122.52, 124.4] 
137.12 

[136.05, 138.19] 
148.96 

[147.60, 150.32] 
158.76 

[155.30, 162.22] 

Change in SBP 
3.22 

[0.42, 6.02] 
(0.02) 

2.4 
[-0.5, 5.3] 

(0.1) 

0.89 
[0.21, 1.57] 

(0.01) 

-0.9 
[-1.46, -0.35] 

(<0.01) 

-4.76 
[-5.58, -3.94] 

(<0.01) 

-6.32 
[-8.06, -4.58] 

(<0.01) 

Baseline MMSE 
19.56 

[17.5, 21.61] 
19.98 

[18, 21.97] 
19.11 

[18.51, 19.71] 
20.03 

[19.62, 20.43] 
19.05 

[18.47, 19.63] 
19.40 

[18.38, 20.43] 

Change in MMSE 
-2.37 

[-2.9, -1.84] 
(<0.01) 

-2.67 
[-3.62, -1.72] 

(<0.01) 

-2.38 
[-2.64, -2.13] 

(p<0.01) 

-2.02 
[-2.21, -1.83] 

(<0.01) 

-2.48 
[-2.73, -2.22] 

(p<0.01) 

-2.46 
[-2.91,-2.01] 

(p<0.01) 

Baseline BP, 
Baseline MMSE 

correlation 
0.1 (0.56) 0.37 (0.01) 0.21 (<0.01) 0.02 (0.56) 0.09 (0.29) 0.02 (0.88) 

Baseline BP, 
Change in MMSE 

correlation 
0.59 (0.04) 0.43 (0.03) 0.33 (<0.01) -0.01 (0.83) -0.26 (0.02) -0.26 (0.13) 

Change in BP, 
Change in MMSE 

correlation 
-0.55 (0.11) Inestimable -0.02 (0.92) 0.17 (0.33) 0.58 (<0.01) 0.82 (0.03) 

Table 4:7: Demographics for AD patients split by baseline hypertensive status, fixed effects, and random effects 

correlations resulting from joint models of systolic blood pressure (SBP) and mini-mental state examination (MMSE) 

change. Demographics are given as mean with SD, unless specified. Fixed effects (baseline SBP and baseline MMSE, 

change in SBP, change in MMSE) are given as estimate, [95% Confidence interval] (p value). Correlation (r and (p 

values)) are shown for correlations between SBP and MMSE. Patients were split by hypertensive status (based on 

baseline blood pressure reading and baseline antihypertensive usage). Analyses are adjusted for gender and age. 
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NACC with APOE  

adjustment 

Control MCI AD 

MMSE LM DSST MMSE LM DSST MMSE LM DSST 

Baseline BP, 

Baseline 

neuropsychology 

SBP -0.04  
(0.63) 

-0.09  
(0.1) 

-0.07  
(0.17) 

-0.13  
(0.01) 

-0.11  
(0.01) 

-0.04  
(0.27) 

0.10  
(<0.01) 

0  
(>0.9) 

0.03  
(0.38) 

DBP 0.08  
(0.35) 

0  
(0.95) 

0.06  
(0.23) 

-0.07  
(0.14) 

-0.07  
(0.13) 

-0.06  
(0.19) 

0.05  
(0.11) 

-0.02  
(0.61) 

0  
(>0.9) 

PP -0.11  
(0.23) 

-0.1  
(0.06) 

-0.12  
(0.02) 

-0.11  
(0.03) 

-0.09  
(0.05) 

-0.02  
(0.66) 

0.09  
(<0.01) 

0.01  
(0.8) 

0.03  
(0.34) 

Baseline BP, 

Change in 

neuropsychology 

SBP 0  
(0.97) 

0  
(>0.9) 

0.02 
(0.76) 

-0.12  
(0.02) 

-0.07  
(0.32) 

-0.1  
(0.08) 

0.02  
(0.65) 

0.09  
(0.2) 

0.01  
(0.87) 

DBP -0.04  
(0.47) 

-0.05  
(0.47) 

-0.09 
(0.18) 

0.06  
(0.26) 

0.12 
(0.07) 

0.02  
(0.73) 

-0.02  
(0.61) 

0.05  
(0.46) 

-0.04  
(0.51) 

PP 0.03 
(0.59) 

0.04  
(0.61) 

0.09  
(0.21) 

-0.18  
(<0.01) 

-0.16  
(0.02) 

-0.14  
(0.03) 

0.04  
(0.39) 

0.07  
(0.3) 

0.05  
(0.37) 

Change in BP, 

Change in 

neuropsychology 

SBP 0.08  
(0.5) 

0.05  
(0.65) 

0.01  
(0.91) 

0.37  
(<0.01) 

0.29 
(0.01) 

0.43  
(<0.01) 

0.22  
(0.01) 

-0.01  
(0.94) 

0.09  
(0.52) 

DBP 0.11  
(0.34) 

0.04  
(0.75) 

0.08  
(0.51) 

0.03  
(0.8) 

-0.02  
(0.87) 

0.17  
(0.12) 

0.14  
(0.37) 

-0.1  
(0.59) 

-0.04  
(0.76) 

PP 0.02  
(0.23) 

0.03  
(0.82) 

-0.04  
(0.78) 

0.43 
(<0.01) 

0.36  
(<0.01) 

0.4  
(<0.01) 

0.2  
(0.01) 

0.06  
(0.76) 

0.09  
(0.54) 

Table 4:8: Table showing correlations between blood pressure (BP) and neuropsychology in the NACC dataset. 

Random effects correlations (correlation (r) and p values) are shown. BP and neuropsychology were jointly modelled as 

outcomes for each type of BP measurement (systolic (SBP), diastolic (DBP) and pulse pressure (PP)), and for each 

neuropsychology test (MMSE (Mini-mental state examination), LM (logical immediate story recall) and DSST (WAIS-R 

Digit Symbol)). Analyses are adjusted for sex, age and APOE e genotype (binary variable indicating presence of an ε4 

allele). 

 

NACC with antihypertensive 

adjustment 

Control MCI AD 

MMSE LM DSST MMSE LM DSST MMSE LM DSST 

Baseline BP, Baseline 

neuropsychology 

SBP 
-0.08 

(0.25) 

-0.12 

(0.01) 

-0.06 

(0.17) 

-0.12  

(<0.01) 

-0.09 

(0.01) 

-0.03 

(0.35) 

0.08 

(<0.01) 

0.01 

(0.73) 
0 (0.96) 

DBP 0 (0.96) 
-0.06 

(0.22) 

0.04 

(0.37) 

-0.05 

(0.24) 

-0.04 

(0.34) 

-0.06 

(0.19) 

0.03 

(0.27) 

-0.03 

(0.29) 

-0.04 

(0.19) 

PP 
-0.1 

(0.16) 

-0.1 

(0.04) 

-0.1 

(0.03) 

-0.11 

(0.01) 

-0.09 

(0.02) 

-0.03 

(0.35) 

0.08 

(<0.01) 

0.03 

(0.29) 

0.02 

(0.46) 

Baseline BP, Change in 

neuropsychology 

SBP 
-0.04 

(0.44) 

-0.03 

(0.62) 

-0.02 

(0.79) 

-0.08 

(0.08) 

-0.05 

(0.42) 

-0.13 

(0.01) 

-0.01 

(0.76) 
0 (0.95) 

-0.04 

(0.44) 

DBP 
-0.04 

(0.42) 

-0.06 

(0.33) 

-0.07 

(0.29) 

0.05 

(0.25) 

0.14 

(0.02) 

0.03 

(0.58) 

-0.04 

(0.35) 

0.04 

(0.53) 

-0.02 

(0.7) 

PP 
-0.02 

(0.79) 

0.01 

(0.93) 

0.13 

(0.67) 

-0.13 

(<0.01) 

-0.16 

(0.01) 

-0.17 

(<0.01) 

0.01 

(0.84) 

-0.02 

(0.75) 

-0.02 

(0.69) 

Change in BP, Change in 

neuropsychology 

SBP 
0.09 

(0.37) 

0.02 

(0.88) 

0.01 

(0.96) 

0.27 

(<0.01) 

0.2 

(0.06) 

0.43 

(<0.01) 

0.18 

(0.06) 

0.06 

(0.64) 

0.08 

(0.54) 

DBP 
0.06 

(0.54) 

0.03 

(0.76) 

-0.02 

(0.85) 

0.05 

(0.61) 

-0.04 

(0.72) 

0.17 

(0.12) 

0.15 

(0.07) 

-0.04 

(0.7) 

-0.04 

(0.76) 

PP 
0.06 

(0.67) 

-0.01 

(0.92) 

0.02 

(0.88) 

0.3 

(<0.01) 

0.27 

(0.01) 

0.4 

(<0.01) 

0.13 

(0.25) 

0.11 

(0.43) 

0.09 

(0.54) 

Table 4:9: Table showing correlations between blood pressure (BP) and neuropsychology in the NACC dataset. 

Random effects correlations (correlation (r) and p values) are shown. BP and neuropsychology were jointly modelled 

as outcomes for each type of BP measurement (systolic (SBP), diastolic (DBP) and pulse pressure (PP)), and for each 

neuropsychology test (MMSE (Mini-mental state examination), LM (logical immediate story recall) and DSST (WAIS-R 

Digit Symbol)). Analyses are adjusted for sex, age and antihypertensive treatment (binary variable indicating whether 

participants were taking BP lowering medication at each timepoint). 
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 Multiple comparisons correction 4.3.6:

No relationships between BP and atrophy survived the Bonferroni correction. No 

relationships in ADNI survived multiple comparisons correction. In the NACC cohort, 

the relationship between higher SBP (and PP) and higher MMSE survived in the AD 

group (SBP-MMSE p=0.0003, PP-MMSE p=0.0005). Further, the relationship between 

declining DSST and declining SBP (and PP) survived correction for multiple 

comparisons in MCI (SBP-DSST p=0.0001, PP-DSST p=0.00003). All other 

relationships in NACC did not survive. 

For the post-hoc analysis restricted to the NACC AD group split by hypertensive status, 

the relationship between higher baseline SBP and higher MMSE survived correction for 

multiple comparisons in the non-medicated normotensives (p=0.006). In the non-

medicated hypertensives the relationship between declining systolic BP and declining 

cognition in non-medicated hypertensives remained following corrections for multiple 

comparisons (p=0.001). No further tests survived Bonferroni correction. 

4.4: Discussion 

 The central finding of this study is that higher baseline BP is associated with 

greater hippocampal atrophy rates in individuals with MCI and AD. This is the first 

demonstration, to my knowledge, of a potentially easily modifiable risk factor which 

affects hippocampal atrophy rate in AD. High baseline BP appeared detrimental to 

future cognition in MCI and AD patients clinically defined as hypertensive, whereas the 

opposite was the case for AD hypotensives, in whom low BP was predictive of 

cognitive decline. After performing a Bonferroni correction, only the relationships 

between high SBP and higher MMSE in AD participants, and declining SBP and 

declining processing speed remained. Taken together these results suggest 

intervening on BP may be useful in the slowing of cognitive decline in AD and that 

patients require careful monitoring of their BP. More research is required to understand 

the basis of relationships and mechanisms between BP, atrophy and cognition. 

 The novel observation that higher baseline BP predicts greater hippocampal 

atrophy in individuals with MCI and AD has potential clinical implications. Few factors 

have been found which determine atrophy rate in AD, and those that have been found 

are not currently amenable to intervention: APOE ε4 genotype, gender, baseline 

atrophy level and AD pathological load have all been found to relate to atrophy rate 

(Sluimer et al. 2008; Holland et al. 2012; Holland et al. 2013; Kinkingnéhun et al. 2011; 

Sluimer et al. 2010). Clinical trials targeting Aβ have to date, not shown a beneficial 

impact on atrophy rates or cognition in symptomatic individuals (Vandenberghe et al. 

2016). Furthermore, there is concern that interventions designed to reduce pathological 
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Aβ burden need to be commenced prior to the symptomatic phase of AD to influence 

progression. Licensed medications to reduce BP are readily available, meaning BP 

control may be a practical, effective and economical approach to reduce rates of 

atrophy and cognitive decline, even in the symptomatic stages of the disease. 

 I found that high baseline BP had negative effects on atrophy and cognition in 

controls and MCI individuals; high BP predicted lower baseline cognition in both 

groups, smaller whole-brain volumes in controls, and greater cognitive decline in MCI. 

BP in late-life has been inconsistently related to cognition and cognitive decline (Qiu et 

al. 2005). High BP has also been identified as a risk factor for lower MMSE score (Qiu 

et al. 2005) and smaller whole brain volume (Beauchet et al. 2013). Conversely, low 

BP has been found to predict greater longitudinal cortical atrophy in cognitively normal 

individuals with manifest arterial disease (Jochemsen et al. 2013). I did not find high BP 

predicted atrophy rate in controls, similarly to others (Du et al. 2006; Walhovd et al. 

2014) although some have detected relationships (Firbank et al. 2007; Gonzalez et al. 

2015). The duration of hypertension may explain why dementia is most consistently 

associated with mid-, rather than late-life BP; a causal relationship between BP and 

dementia may be reliant on the accumulation of cerebrovascular and AD pathology 

over many years. 

 I found that the impact of BP on cognition was dependent on disease stage; low 

BP correlated with poor cognition in AD patients, whereas in controls and MCIs high 

BP predicted lower cognition. Falling BP tracked with declining MMSE in both MCI and 

AD. Low BP has previously been found to relate to low cognition (Guo et al. 1997) and 

is frequently observed in old AD patients (Skoog et al. 1998; Guo et al. 1997). At the 

prodromal AD stage, high BP may be harmful, potentially lowering the threshold at 

which AD symptoms appear (perhaps through cerebrovascular disease); falling and 

subsequent low BP in symptomatic AD may then reflect disease stage. Determining the 

direction of the relationship between BP and disease stage in AD is challenging, and 

may be bi-directional depending on the time-frame investigated. Studies investigating 

long-term BP trajectories have found that hypertension, followed by declining BP, and 

subsequent hypotension is associated with lower cross-sectional brain volumes (Power 

et al. 2016; Muller et al. 2014) and is common in those who develop dementia(Skoog et 

al. 1996).  

 When the NACC AD group was categorised dependent on their baseline clinical 

hypertensive status, an intriguing and complex pattern emerged which supports careful 

monitoring of BP. In non-medicated hypertensives, high baseline SBP was detrimental 

for future cognition, whereas in hypotensives and non-medicated normotensives, low 

SBP was predictive of cognitive decline. Interestingly, those with successfully lowered 
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BP were the only group without correlations between BP and cognition, despite being 

the largest group and therefore with the most power to detect an effect. Notably in this 

group baseline SBP was more than 10mmHg higher than the non-medicated 

normotensives (136mmHg SBP compared to 123mmHg SBP); the lack of association 

in this group may be explained by the theory that a higher BP is required to maintain 

adequate brain perfusion in old age, with a suggested minimum SBP target 130mmHg 

(Guo et al. 1997). More research is required to understand whether effective BP control 

in AD can slow ongoing cognitive decline.  

 This study has a number of strengths. Firstly, using data from two cohorts, this 

study was large, with a combined total of 9640 participants. Findings from the ADNI 

cohort were also supported by those of NACC. Secondly, these models investigated 

longitudinal data from three outcomes (BP, cognition and atrophy), this enabled 

detection of joint patterns in these variables at an individual level. I also investigated 

relationships across the cognitive spectrum, with controls, MCI and AD all investigated; 

this is important because BP relationships may differ across cognitive statuses. 

However, I was not able to investigate atrophy in the larger NACC cohort, and I did not 

investigate the underlying reasons for antihypertensive medication use, the duration of 

usage, or whether they were taken for primary or secondary prevention of vascular 

disease. I ran a relatively large number of models, and thus corrected for multiple 

comparisons using a Bonferroni test. This is a reasonably conservative method of 

adjustment, and only the strongest correlations survived in the larger, NACC dataset. 

Lastly ADNI subjects must be < or =4 on the Hachinski scale (Hachinski et al. 1975), 

meaning their vascular health may be better than the general population. However, 

even in this cohort, higher BP predicted greater atrophy rates, and as ADNI was 

designed to mimic a clinical trial, these findings are relevant to trial design (for example 

BP could be used to stratify a trial or as a covariate in analyses). Clinical trials 

investigating lowering BP and dementia have not yet provided definitive evidence of 

any benefit of antihypertensives in preventing cognitive decline (McGuinness et al. 

2009), however many factors are important to consider in their design including the 

class of antihypertensive, duration of hypertension, duration of follow up and BP target 

level.  

 Late-life high BP is the only known modifiable predictor of atrophy rate in 

clinically-defined AD. More work is required to understand whether lowering of BP in 

hypertensives can prevent or slow progression in MCI and AD. After performing a 

Bonferroni correction, only the relationships in the larger NACC dataset remained, 

therefore future large scale datasets are required to further examine these 

relationships. For clinical trials targeting AD pathology, increased power to detect a 
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treatment effect may be achieved by stratifying or adjusting for BP. Lastly, in individuals 

with AD, both hypertension and hypotension may accelerate disease course, and 

therefore BP should be carefully monitored. Further research, including 

antihypertensive clinical trials,are required to understand the role of late-life BP in 

atrophy and cognitive impairment, and to determine appropriate BP targets in old age 

and cognitive impairment. 
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Chapter 5: Associations of age to progressive 

atrophy 

5.1: Introduction 

Age is the largest risk factor for Alzheimer’s disease (AD) (Launer et al. 1999). 

However, the expression of AD appears to differ according to the age of the patient, 

with younger patients more likely to display non-memory cognitive symptoms (Barnes 

et al. 2015) and smaller volumes in the precuneus and parietal cortices compared to 

older AD patients. (Frisoni et al. 2005; Möller et al. 2013).In this study, I investigated 

the effect of age on atrophy rate patterns in a large multisite dataset of predominantly 

late onset MCI and AD patients allowing for normal aging effects, WMH volume and 

APOE ε4 status. I used a novel multi-timepoint voxel-wise technique to investigate the 

age effects on brain atrophy over time without a priori anatomical hypotheses. The 

longitudinal registration and statistical modelling techniques used in this study allowed 

voxel-wise change across the brain to be studied whilst allowing for missing data, 

therefore enabling inclusion of patients with at least one follow up scan, who drop out 

before the end of the study. This is important as it has been shown that drop out is 

unlikely to be random; subjects who contribute images with significant motion artefact 

(which are more likely to be excluded) have poorer vascular health (Manning et al. 

2017) and those with faster initial atrophy rates may be more likely to drop out of the 

study (Leung et al. 2013). Whole brain and hippocampal BSI results were used to 

supplement voxel-wise findings (Leung et al. 2012).  

The hypotheses were as follows: 

i. AD patients at younger ages will show greater progressive atrophy relative to 

older patients, which will not be accounted for by APOE ε4 status or vascular 

disease as measured by WMH. MCI patients will show similar effects 

ii. The effects will remain in MCI and AD individuals with confirmed underlying Aβ 

pathology (from CSF data).  

iii. Younger MCI and AD individuals will have faster rates of atrophy and cognitive 

decline, compared to older MCI and AD patients. 
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5.2: Methods 

 Participants 5.2.1:

All study data were obtained from the Alzheimer’s Disease Neuroimaging Initiative 

(ADNI) database (adni.loni.usc.edu). 

 Image Acquisition and Assessment 5.2.2:

The images were pre-processed and underwent quality control as described in  2.2.1:. 

 Statistics: demographics and baseline volumetrics 5.2.3:

WMH volumes were downloaded from the ADNI LONI Image Data Archive 

(http://adni.loni.usc.edu/) (see section 2.3.3.3:). Demographics were assessed as per 

section 2.3.5.1: Each diagnostic group (control, MCI and AD) was split into two groups 

by the median age (75 years). For each age group the mean demographic factors were 

reported TIVs were calculated, see section 2.3.3.5:. 

 Image analysis: Longitudinal VBM 5.2.4:

Imaging data consisted of all available ADNI1 time points from baseline to 36 months 

(0-, 6-, 12, 18-, 24- and 36- month scans), where a T1-weighted volumetric scan 

acquired on a 1.5T scanner was available and of sufficient quality. All images 

underwent longitudinal VBM as per 2.3.2:. 

 Image analysis: volumes and volume changes 5.2.5:

The brain and hippocampal BSI was also calculated for all individuals who underwent 

VBM, see section 2.3.4.1: and 2.3.4.2:. 

 Image Statistics: voxel-wise statistical analysis 5.2.6:

 In order to compare younger and older AD subjects whilst accounting for normal 

aging, which may incur additional tissue loss for older AD subjects, I built a model to 

predict atrophy rate with an interaction term between disease group and baseline age. 

The interaction term allows the effect of age on atrophy rate in controls to be 

subtracted from the slope of age and atrophy rate in patient groups. This approach 

shows the relationship of baseline age on atrophy rate in patient groups after 

accounting for normal aging. 

As described in section 2.3.2.2: a marginal model was fitted to the voxel-wise volume 

change data (Guillaume et al. 2014).  

 For each volume change map, the interval in years from the image to midpoint 

was included as a fixed effect in the model (time-from-midpoint), in order to model 

annualised voxel change as an outcome. All covariates were allowed to interact with 

time-from-midpoint, in order that their inclusion could influence the rate of change in 

http://adni.loni.usc.edu/
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volume. I used TIV, WMH volume and APOE ε4 as covariates. TIV was used as a 

proxy for maximal (premorbid) brain size, WMH volume was chosen to remove the 

effect of vascular disease, and APOE ε4 genotype (a binary variable indicating 

possession of at least one ε4 allele) was included as it has been known to influence 

patterns of atrophy and age at onset. I also constructed models without WMH and 

APOE ε4 genotype to understand whether their exclusion influenced the relationship 

between baseline age and atrophy patterns. 

 Notably, age at baseline (age at first assessment in the study) was used as the 

measure of age. I chose to use baseline age because the passing of time during the 

study was encoded in the interval variable (time-from-midpoint). Where age is 

mentioned throughout the text, I am referring to age at baseline. 

 The primary model investigated GM volume change (outcome) with a main 

effect of group, a linear interaction term between group and baseline age, and 

covariates of TIV, WMH volume and APOE ε4 genotype (model 1). The secondary 

model was constructed identically to the previous, omitting WMH volume and APOE ε4 

genotype, (model 2). These 2 models were repeated using the outcome of WM volume 

change in place of GM volume change (model 3, with WMH volume and APOE 

adjustment, and model 4 without WMH volume and APOE adjustment).  

 For each model, an F-contrast was applied to test the overall significance of the 

age-by-group interaction term across all groups. The age-by-group interaction term 

was also investigated pair-wise between groups using t-tests. The first t-test was 

applied to investigate whether the relationship between age and atrophy rate was 

significantly different in control and AD groups at each voxel, by calculating the 

difference in the age-by-group interaction term for these groups. Differences between 

control and MCI groups were subsequently explored. 

 Models were run using the wild bootstrap with 2000 iterations in order to obtain 

results corrected for multiple comparisons using Family Wise Error (FWE); results were 

then thresholded at p<0.05.  

 For the model investigating GM volume change (model 1), individual 

summarised slopes of volume change were generated at specific voxels which were 

then used to make graphs. Voxels were chosen within clusters which survived FWE 

correction, and summary slopes at that voxel were plotted against baseline age for 

each individual (for illustrative purposes, cf. (Kriegeskorte et al. 2010)). 
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 Image statistics: change in volumes 5.2.7:

I fitted multilevel linear mixed-effects regression models for repeated measures of 

direct change, with the dependent variable BSI (ml of brain/hippocampal change during 

the scan interval) (Frost et al. 2004). Interval in years between baseline and follow-up 

was included as a fixed effect, in order that the resulting coefficient represented volume 

change in ml per year (outcome). The following covariates were included as interaction 

terms with interval, in order that their inclusion could affect atrophy rate: diagnostic 

group, an interaction between baseline age and diagnostic group, WMH volume, APOE 

ε4 carrier status and TIV. A participant level random effect for scan interval was 

included to permit between-participant heterogeneity in atrophy rate, with different 

random slope terms fitted for control, MCI and AD groups, as the variability in atrophy 

rate is often higher in AD patients. For each diagnostic group a different participant 

level random intercept term was included for each diagnostic group to allow for the 

correlation between BSI measures from the same baseline scan. No intercept was 

included in the model due to the assumption that the estimated atrophy rate over a 

scan interval of zero is zero.  

After estimation, the difference in the age effect on atrophy rate for MCI/AD and the 

age effect on atrophy rate in controls was estimated in order to determine the 

increased or decreased atrophy rate with respect to normal aging. Models were fitted 

for the hippocampus and whole brain separately. In order to aid comprehension, the 

results of the age-diagnostic group interaction for each diagnostic group are given as 

the effect of age on atrophy rates, rather than relative to controls, although the 

difference vs controls was tested to see if there was an MCI or AD specific effect of 

age. 

 Analyses in CSF confirmed dataset 5.2.8:

I also tested whether the relationship between age and atrophy rates remained in a 

subset with confirmed Aβ pathology from CSF data. Voxel-wise and region of interest 

(ROI) analyses were repeated as above (5.2.4: and 5.2.5:). CSF data was collected in 

a subset of ADNI participants (n=352), using a previously described method (Shaw et 

al., 2009). I classified patients by Aβ status using the  Aβ 1-42 cut off of 192pg/ml 

(Shaw et al., 2009); controls were selected for analysis if they were Aβ negative 

(>192pg/ml) and MCI and AD patients selected if Aβ positive (<192pg/ml).  

 VBM steps were completed as previously described (5.2.4:) until the DARTEL 

stage, in which the DARTEL registration was limited to the subset with CSF data (n= 

270). The volume change maps of the subset were aligned to this CSF specific 

template.  
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The main model of GM change with age as a predictor was run in this CSF subset, 

WMH volume, TIV and APOE status (presence/absence of an ε4 allele) were used as 

covariates. Models of BSI in this subset were also fitted in the CSF subset. 

 Assessing disease severity 5.2.9:

To investigate whether baseline disease severity differed according to age I looked at 

the effect of age on baseline brain volume. To analyse the cross-sectional relationship 

between baseline brain volume and age at baseline a multiple linear regression was 

performed with baseline brain volume as the outcome, age as the predictor variable, 

diagnosis and TIV as covariates. 

 Relationships between age and cognition 5.2.10:

To explore whether age affected cognitive decline, I investigated whether age predicted 

change in MMSE using linear mixed effects models. I fitted multilevel linear mixed-

effects regression models for repeated measures of MMSE. Interval in years between 

baseline and follow up was included as a fixed effect, in order that the resulting 

coefficient represented change in MMSE per year (outcome). The following covariates 

were included as main effects and as interaction terms with interval, in order that their 

inclusion could affect mean MMSE and how this changed over time: diagnostic group, 

an interaction between baseline age and diagnostic group, WMH volume, and APOE 

ε4 carrier status (presence/absence of an ε4 allele). Participant-level random effects for 

intercept and time since baseline MMSE measurement were included to permit 

between-participant heterogeneity in baseline MMSE and in rate of change in MMSE. 

Different random intercept and slope terms were fitted for control, MCI and AD groups, 

as the variability in MMSE is often higher in AD patients. In MCI and AD groups 

unstructured covariance of the random effects was used to allow for a correlation 

between baseline MMSE and rate of change in MMSE. A separate residual variance 

was fitted for each diagnostic group. After estimation, the difference in the age effect on 

MMSE (baseline and change) for controls was subtracted from that in MCI/AD in order 

to account for normal aging 

 Relationships with age-at-onset 5.2.11:

To assess the validity of using baseline age as a proxy for age at onset (estimated by 

the study partner), analyses were run to investigate GM volume change with a) 

baseline age and b) age at onset as predictors. These were then visually compared. 

For AD patients, age at symptom onset was calculated by subtracting the year of 

estimated symptom onset from the date of the baseline visit, in order to give years 

since AD onset. Year of estimated symptom onset was estimated by the study partner, 

the individual accompanying the patient to visits, with 10 hours or more contact per 
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week with the patient. Years since AD onset was then subtracted from the patient’s 

baseline age to give age at onset. 

Relationships between baseline age and atrophy rate, or age at onset and atrophy rate, 

were run in ADs only (as there is no equivalent for variable for age at onset for 

controls). Four AD participants were excluded as there was no year of AD onset 

information. Analyses were run to estimate change in GM, predicted by either age at 

baseline or age-at-onset, as previously see 5.2.7: model 1, adjusted for APOE 

(presence/absence of an ε4 allele), WMH volume and TIV and for multiple 

comparisons. After bootstrapping and FWE correction (p<0.05) results using age at 

onset and results using baseline age were qualitatively compared. 

 Non-linearity of the age effect 5.2.12:

To examine the concept of non-linearity in the age relationship a quadratic term was 

added to the models of GM change predicted by age for BSI and VBM 

(age*age*diagnostic group). Models were adjusted for WMH volume, diagnostic group, 

age and TIV. The outcome of the non-linear term investigated whether the effect of age 

on atrophy rates differed for a 10 year increase in age. 

5.3: Results 

 Group Demographics 5.3.1:

Data from 840 participants were downloaded from the ADNI website. Following quality 

control, 143 subjects were excluded (see Figure 5:1); 22% of whom were controls, 34% 

of whom had a diagnosis of MCI and 27% of whom were diagnosed with AD, and 17% 

of whom had no diagnostic information available (scans without diagnostic information 

were failed at initial visit by LONI). After longitudinal registration (section 2.1.4) 14 

further subjects were dropped due to registration errors (7 controls, 6 individuals with 

MCI, and 1 with AD). 

A total of 683 participants were included in this study, 191 controls, 339 individuals with 

MCI and 153 individuals with AD passed quality control; amounting to 2972 images, 

see Table 5:1 for demographic and imaging information. Subjects differed in baseline 

MMSE, baseline brain and hippocampal volume, and APOE ε4 genotype in a manner 

consistent with a diagnosis of MCI or AD. There were significantly more males in the 

MCI group, which likely explains the observed difference in TIV size between groups. 

For subject demographics split by mean age in each diagnostic group see Table 5:2  
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Figure 5:1: Flowchart showing the selection of subjects for analysis. From Fiford et al,Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

  

https://doi.org/10.1016/j.neurobiolaging.2017.11.002
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Controls MCI AD 

p value across 
groups 

N 191 339 153 
 

Age at baseline, years 75.9 (5.2) 75.0 (7.2) 75.0 (7.7) 0.3 

Percentage male 51.8 62.5 54.2 0.03 

MMSE at baseline, /30 29.1 (1.0) 27.0 (1.8) 23.4 (1.9) <0.001 

Length of follow up, years 
Minimum, Maximum 

2.6 (0.8) 
0.5, 3.7 

2.3 (0.8) 
0.5, 3.5 

1.7 (0.6) 
0.5, 3.1 

<0.001 

BSI measurements per subject, No. 
Minimum, Maximum 

3.2 (0.9) 
1, 4 

3.6 (1.3) 
1, 5 

2.3 (0.8) 
1, 3 

<0.001 

Total brain volume, ml 1068 (102) 1059 (114) 1022 (115) <0.001
#
 

Total hippocampal volume, ml 5.2 (0.7) 4.5 (0.8) 3.9 (0.9) <0.001
#
 

Total intracranial volume, ml 1446 (135) 1466 (145) 1450 (163) 0.3 

White Matter Hyperintensity, ml 
log2WMH, ml 

0.22 (0.5) 
-2.39 (2.3) 

0.28 (0.6) 
-2.07 (2.4) 

0.40 (1.0) 
-1.37 (2.2) 

<0.001
#
 

Percentage APOE ε4 carriers 27 56 70 <0.001 

Percentage Hypertensive 43 50 52 0.1 

Percentage Diabetic 6 7 6 0.8 

Percentage Hypercholesteraemic 26 30 36 0.1 

Years of education 16.05 (2.86) 16.66 (3.00) 14.81 (3.09) <0.001 

Years since AD symptom onset -- -- 3.6 (2.6) -- 

Table 5:1: Subject demographics and basic imaging information. Values are mean (SD) unless reported. White matter 

hyperintensity values reported as median with IQR. # adjusted for TIV. From Fiford et al, Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

 

  

https://doi.org/10.1016/j.neurobiolaging.2017.11.002


126 
 

Table 5:2: Subject demographics and basic imaging information, split by mean age (75 years) in each diagnostic group. 

Values are mean (SD) unless reported. Years since AD symptom onset are not-applicable for controls and MCI, as 

these subjects have not received an AD diagnosis. From Fiford et al, Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

 Longitudinal VBM results 5.3.2:

5.3.2.1: Group differences in Age-Atrophy relationship 

 Figure 5:2a shows the results of the F-test across all groups showing the 

interaction between age and atrophy. These results are FWE corrected, thresholded at 

p<0.05 and adjusted for APOE and WMH volume. The precuneus, angular gyrus, 

superior temporal lobes and midline of the third ventricle showed significantly different 

relationships between baseline age and volume change in each group. The graphs in 

Figure 5:2b  show the slope of volume change at a voxel plotted against baseline age 

within each cluster region (indicated by the crosshairs), this represents the effect of age 

 
Controls MCI AD 

 
75 and under Over 75 

75 and 

under 
Over 75 

75 and 

under 
Over 75 

N 91 100 163 176 74 79 

Age at baseline, years 71.7 (2.7) 79.7 (3.6) 68.9 (4.8) 80.7 (3.4) 68.5 (4.9) 81.0 (3.9) 

Percentage male 53 51 59 66 54 54 

MMSE at baseline, /30 29.1 (1.1) 29.2 (0.9) 27.1 (1.8) 26.8 (1.7) 23.6 (1.8) 23.2 (2.0) 

Length of follow up, years 2.6 (0.7) 2.6 (0.8) 2.3 (0.8) 2.3 (0.8) 1.6 (0.64) 1.7 (0.60) 

Min., max. length of follow up, 

years 
0.5, 3.4 0.5, 3.7 0.5, 3.5 0.5, 3.4 0.5, 2.6 0.5, 3.0 

BSI measurements per subject, 

No., 
3.3 (0.8) 3.2 (1.0) 3.6 (1.3) 3.5 (1.3) 2.2 (0.8) 2.4 (0.7) 

Total brain volume, ml 1084 (106) 1054 (97) 1096 (111) 
1025 

(107) 
1038 (123) 1009 (105) 

Total hippocampal volume, ml 5.41 (0.73) 
5.00 

(0.65) 
4.71 (0.85) 

4.22 

(0.77) 
4.14 (0.92) 3.72 (0.83) 

Total intracranial volume, ml 1446 (127) 
1446 

(142) 
1481 (141) 

1451 

(148) 
1443 (176) 1455 (151) 

White Matter Hyperintensity, ml 0.17 (0.4) 0.25 (0.5) 0.17 (0.4) 0.40 (0.7) 0.31 (0.6) 0.54 (1.1) 

log2WMH, ml -2.75 (2.4) 
-2.06 

(2.2) 
-2.73 (2.4) 

-1.50 

(2.1) 
-1.71 (2.3) -1.07 (2.1) 

Percentage APOE ε4 carriers 25 29 66 47 76 65 

Percentage Hypertensive 36 49 47 53 45 58 

Percentage Diabetic 5 6 9 5 3 9 

Percentage Hypercholesteraemic 29 23 29 31 32 39 

Years of education 15.7 (2.5) 
16.3 

(3.13) 
15.8 (3.0) 15.6 (3.0) 14.7 (3.3) 14.9 (2.9) 

Years since AD symptom onset N/A N/A N/A N/A 3.4 (2.4) 3.7 (2.7) 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002


127 
 

in each group at that voxel. For AD patients the left angular gyrus and precuneus 

showed a negative correlation between increasing baseline age and voxel contraction, 

indicating greater atrophy at younger ages in the voxel examined. This relationship was 

also seen in MCI, but to a lesser degree. For controls, there was little correlation 

between baseline age and atrophy, with a tendency towards greater contraction with 

increasing age. These relationships were seen bilaterally. 

The cluster on the midline of the third ventricle is likely partial volume, reflecting 

differences in the effect of age on ventricular change rates. An increase in voxel 

expansion with age is seen in controls, as opposed to greater expansion at younger 

ages in AD subjects. 

 

Figure 5:2: Results of the F Test to test the age-by-group interaction term to predict volume change. (a) Clusters in the 

images represent voxels in which there is a significant difference in the relationship between age and atrophy rate 

across the three groups. Graphs (b) explain these relationships; summary slopes of voxel change for each individual at 

the voxel of interest are plotted against baseline age in controls, mild cognitive impairment (MCI) and Alzheimer’s 

disease (AD) patients. Positive values of change in voxel volume indicate expansion, negative values represent voxel 

contraction. Results are adjusted for APOE genotype and white matter hyperintensity volume. Each voxel of interest is 

located within an FWE corrected p<0.05 cluster indicated by the crosshairs in the images. From Fiford et al, 

Neurobiology of Aging https://doi.org/10.1016/j.neurobiolaging.2017.11.002 
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5.3.2.2: Differences between controls and AD patients in age atrophy relationship 

A T contrast between control and AD groups revealed an extensive posteromedial 

region with differential age relationships (see Figure 5:3  for FWE corrected, APOE- 

and WMH-adjusted results). This area encompasses the bilateral precuneal, posterior 

cingulate, parietal and superior temporal lobes. The left supramarginal gyrus, left 

fusiform and right prefrontal cortex also demonstrate this relationship. A midline cluster 

is also present with the reverse contrast (visualised in blue in Figure 5:3), this is likely 

to represent partial volume, reflecting differences between groups in ventricular 

expansion with age, as explained in section 3.2.1. and illustrated in Figure 5:2  

5.3.2.3: Differences between controls and MCI patients in age atrophy relationship 

There were no significant differences in age-atrophy relationships between control and 

MCI patients. 

5.3.2.4: Age atrophy association without correction for APOE genotype and WMH 

volume 

 Results for the overall test of the age-atrophy interaction term and for 

comparison between controls and AD interaction term appear materially unchanged 

with the omission of APOE genotype and WMH volume as covariates, see Figure 5:4. 

Differences with and without APOE and WMH covariates (Figure 5:2 and Figure 5:4) 

were not directly compared, therefore visual differences between the two models 

should be interpreted with caution. 

 

Figure 5:3: Results of the T tests to directly compare the age-by-group interaction between controls and Alzheimer’s 

disease (AD) patients. Clusters indicate regions in which the relationships between age and atrophy are different between 

groups, i.e. differences in age-by-group interaction.  Red clusters signify regions in which there is greater atrophy at 

younger ages in AD patients, whilst for controls there is little age-atrophy relationship. Blue clusters indicate voxels which 

expand more at younger ages in AD patients, whilst controls expand more at older ages. There were no differences 

between control and MCI patients. Analyses are corrected for multiple comparisons, FWE p<0.05, and are also corrected 

for APOE genotype and WMH volume. From Fiford et al, Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 
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Figure 5:4: Results of the F Test to test the age-group interaction term to predict volume change (A). Clusters in the images 

represent voxels in which there is a significant difference in the relationship between age and atrophy rate across the three 

groups. Results of the T tests to directly compare the age*group interaction between controls and AD patients (B). Clusters 

indicate regions in which the relationships between age and atrophy are different between groups.  Red clusters in the 

control vs Alzheimer’s disease (AD) comparison signify regions in which there is greater atrophy at younger ages in ADs, 

whilst for controls there is little age-atrophy relationship. Blue clusters indicate voxels which expand more at younger ages in 

ADs, whilst controls expand more at older ages. There were no differences between control and MCI patients. Analyses are 

corrected for multiple comparisons, FWE p<0.05, and total intracranial volume. From Fiford et al, Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

5.3.2.5: Age atrophy association in white matter 

 Strong differences in age and atrophy relationships between groups were also 

found in the white matter, with and without correction for WMHs and APOE genotype, 

see Figure 5:5. The white matter subjacent to the GM in these subjects appears to be 

similarly affected by age; areas of white matter with differential age atrophy patterns 

across groups were found directly proximal to regions of GM exhibiting similar age 

effects as seen in equivalent earlier models (see Figure 5:2 and Figure 5:5).  
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Figure 5:5: Results of the F Test to test the age-group interaction term to predict white matter volume change corrected for 

WMHs and APOE genotype (presence/absence of an APOE ε4 allele) (1a, model 3), and uncorrected (1b, model 4). Clusters 

in the images represent voxels in which there is a significant difference in the relationship between age and atrophy rate 

across the three groups. Results of the T tests to directly compare atrophy-age relationship between controls and AD patients 

corrected for APOE and WMHs (2a, model 3) and uncorrected (2b, model 4). Clusters indicate regions in which the 

relationships between age and atrophy are different between groups. There were no differences between control and MCI 

patients. All analyses are corrected for multiple comparison. From Fiford et al, Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002
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 Longitudinal Age Atrophy Rate Associations 5.3.3:

 Table 5:3 shows the partial regression coefficients for the association between 

age and longitudinal brain and hippocampal change, adjusted for WMH volume and 

APOE genotype. AD patients had the highest atrophy rates of 14ml/year (95% CI 12.9–

15.1), for the whole brain and 0.2 ml/year (0.16-0.20) for the hippocampus, MCI 

followed with rates of 10ml/year (9.17- 10.70) for the whole brain and 0.1 ml/year (0.11- 

0.14) for the hippocampus, for APOE negative individuals with the mean age, TIV and 

WMH load. Controls had an average atrophy rate of 6ml/year (5.66- 6.72) for the whole 

brain and 0.06ml/year (0.05 -0.07) for the hippocampus, for APOE negative individuals 

with the mean TIV and WMH load.  

5.3.3.1: Effect of age on atrophy rate in controls (normal aging) 

 I found greater age at baseline was associated with significantly increased 

hippocampal atrophy rate (0.03 ml/year for a 10-year increase (0.01-0.04)) for controls, 

see Table 5:3; there was no evidence of an age effect on whole brain volume change. 

The increase in hippocampal atrophy rate in controls was equivalent to an acceleration 

of 50% for a decade increase in age, for someone of average age at baseline (75 

years).  

5.3.3.2: Differences between controls and AD patients in age-atrophy relationship 

 There were significant differences between age-atrophy relationships in controls 

and AD for whole brain and hippocampal atrophy rates. Whilst there was no effect of 

age on whole brain atrophy rate in controls, a 10-year increase in age from average 

was associated with a reduction in atrophy rate for AD patients of 3 ml/year (1.03-4.25) 

after adjusting for WMH volume and APOE ε4 and subtracting the age-atrophy effect 

in controls. In contrast to controls, younger age was associated with greater 

hippocampal atrophy rate in AD patients, corresponding to a reduction in atrophy rate 

of 0.03ml/year (0.05, 0.001) for a 10 year increase in age after adjusting for WMH 

volume and APOE ε4 and subtracting the age-atrophy effect in controls. The 

reductions in atrophy rate for AD patients correspond to a decrease of 20% for the 

whole brain and 15% for the hippocampus, for a decade increase in age, for someone 

of average age at baseline (75 years).  
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Whole Brain Hippocampus 

Atrophy Rate 

(ml/year)  

 

Controls 6.19 

(5.66, 6.72) 

(<0.001) 

0.06 

(0.05, 0.07) 

(<0.001) 

MCI 9.93 

(9.17, 10.70) 

(<0.001) 

0.13 

(0.11, 0.14) 

(<0.001) 

AD 14.02 

(12.94, 15.12) 

(<0.001) 

0.18 

(0.16, 0.20) 

(<0.001) 

Age Interaction
a 

(ml/year/decade)  

 

Controls 0.16 

(-0.79, 1.11) 

(0.8) 

0.03 

(0.01, 0.04) 

(<0.001) 

MCI* -1.90 

(-3.19, -0.60) 

(0.003)* 

-0.04 

(-0.06, -0.02) 

(<0.001)* 

AD* -2.64 

(-4.25, -1.03) 

(0.001)* 

-0.03 

(-0.05, -0.001) 

(0.04)* 

Table 5:3 Results from the regression model assessing the relationship between change in brain and hippocampal 

volume (left and right summed) and age by each diagnostic group (estimated using an age-by-diagnostic group 

interaction). Average brain and hippocampal atrophy rates with p value and 95% confidence intervals (95% CI) are 

shown in ml/year. Age interaction estimates (a) represent an increase in atrophy rate for a ten year increase in baseline 

age (ml/year/decade), adjusted for total intracranial volume, APOE genotype and WMH volume. For MCI and AD 

groups, age interaction estimates are given after subtraction of the estimate effect in controls (to account for normal 

aging), p values for MCI and AD indicate whether the age-atrophy relationship is significantly different from controls 

(*).From Fiford et al, Neurobiology of Aging https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

5.3.3.3: Differences between controls and MCI patients in age-atrophy relationship 

 There were also significant differences between age-atrophy relationships 

between controls and MCI for whole brain and hippocampal atrophy rates. Similarly to 

AD patients, age was associated with a reduction in atrophy rate for MCI patients of 2 

ml/year (0.60- 3.19) for a 10-year increase in age after adjusting for WMH volume and 

APOE ε4 and subtracting the age-atrophy effect in controls. Younger age was also 

associated with greater hippocampal atrophy rate in MCI, in which a reduction in 

atrophy rate of 0.04ml/year (0.02- 0.06) for a 10 year increase in age was seen after 

adjusting for WMH volume and APOE ε4 and subtracting the age-atrophy effect in 

controls. For MCIs the reduction in atrophy rate for a decade increase in age 

corresponds to 20% for the whole brain and 15% for the hippocampus, for someone of 

average age at baseline (75 years).  

 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002
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 Analysis in CSF Aβ confirmed subset 5.3.4:

 The final Aβ subset for analysis was 270 participants (see Figure 5:6). Posterior 

atrophy at younger ages in AD remained in a CSF subset of Aβ positive AD and MCI 

patients, compared with Aβ negative controls, although the extent of the effects was 

much reduced, see Figure 5:7. The CSF Aβ confirmed subset also experienced greater 

whole brain atrophy at younger ages, see Table 5:4.  

 

 

Figure 5:6: Flowchart showing the selection of subjects for analysis based on CSF Aβ1-42 status. From Fiford et al, 

Neurobiology of Aging https://doi.org/10.1016/j.neurobiolaging.2017.11.002 
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Figure 5:7 Results of an age-by-group interaction between controls and Alzheimer’s disease (AD) patients in the subset 

with confirmed Aβ1-42 status (no Aβ pathology in controls and confirmed Aβ pathology in AD) (a) and the full dataset 

(b). Clusters indicate regions in which the relationships between age and atrophy are different between groups, i.e. 

differences in age-by-group interaction.  Red clusters signify regions in which there is greater atrophy at younger ages in 

AD patients, whilst for controls there is little age-atrophy relationship. Analyses are corrected for multiple comparisons, 

FWE p<0.05, and are also corrected for APOE genotype (presence/absence of an ε4 allele), total intracranial volume 

and WMH volume. From Fiford et al, Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 
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Table 5:4: Results from the regression model assessing the relationship between change in brain and hippocampal 

volume (left and right summed) and age by each diagnostic group (estimated using an age-by-diagnostic group 

interaction) in the subset with Aβ status confirmed by CSF. Average brain and hippocampal atrophy rates with (p value) 

and 95% confidence intervals [95% CI] are shown in ml/year. Age interaction estimates (a) represent an increase in 

atrophy rate for a ten year increase in baseline age (ml/year/decade), adjusted for total intracranial volume, APOE 

genotype (presence/absence of an ε4 allele)  and WMH volume. For MCI and AD groups, age interaction estimates are 

given after subtraction of the estimate effect in controls (to account for normal aging), p values for mild cognitive 

impairment (MCI) and Alzheimer’s disease (AD) indicate whether the age-atrophy relationship is significantly different 

from controls (*).From Fiford et al, Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

 Assessing disease severity 5.3.5:

There was no significant effect of age on baseline brain volume in AD, after adjustment 

for TIV and normal aging, see Table 5:5. 

 Relationship between age and cognition 5.3.6:

In analyses investigating change in MMSE and age, younger AD patients were found to 

have faster decline in MMSE, whereas the opposite was found in controls, see Table 

5:6. 

  
Whole Brain Hippocampus 

Atrophy Rate 
(ml/year) 

Controls 
5.55 

(<0.001) 
[4.88, 6.21] 

0.05 
(<0.001) 

[0.04, 0.06] 

MCI 
10.94 

(<0.001) 
[9.64, 12.23] 

0.15 
(<0.001) 

[0.13, 0.17] 

AD 
13.00 

(<0.001) 
[11.35, 14.65] 

0.17 
(<0.001) 

[0.14, 0.19] 

Age Interaction
a
 

(ml/year/decade) 

Controls 
-0.433 
(0.48) 

[-1.639, 0.773] 

0.023 
(0.02) 

[0.00, 0.04] 

MCI* 
-1.79 
(0.05) 

[-3.57, -0.01] 

-0.04 
(0.003) 

[-0.07, -0.02] 

AD* 
-2.21 
(0.04) 

[-4.29, -0.13] 

-0.004 
(0.78) 

[-0.03, 0.03] 

 
Baseline Brain Volume 

Mean Brain volume adjusted for TIV, ml 
(constant) 

1,078.4 
[1071.0, 1085.8] 

Effect of MCI
a 

 

-25.6 
(<0.001) 

[-34.8, -16.3] 
Effect of AD

b 

 
 

-52.0 
(<0.001) 

[-63.1, -40.9] 

Effect of age
c 

-37.7 
(<0.001) 

[-52.0, -23.4] 

Effect of age in MCI 
(difference from effect of age controls)

 d
 

-1.29 
(0.88) 

[-17.5, 14.9] 

Effect of age in AD 
(difference from effect of age in controls)

e 

7.00 
(0.44) 

[-11.0, 25.0] 

Table 5:5: Results from the regression model assessing the relationship between cross-sectional brain volume and age. 

Estimates are shown for difference in brain volume (ml) with (p values) and [95% confidence intervals] for, a diagnosis 

of MCI
a 
or AD

b
, and an increase in age of 10 years from the mean age

c
, conditional on intracranial volume. The effect of 

age
c
 is the effect of age in controls (normal aging), the effect of age in MCI

d
 and AD

e
 are differences from the effect in 

controls From Fiford et al, Neurobiology of Aging https://doi.org/10.1016/j.neurobiolaging.2017.11.002 
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Controls MCI AD 

Baseline MMSE 

29.06 

(<0.001) 

[28.85, 29.28] 

27.07 

(<0.001) 

[26.80, 27.34] 

23.45 

(<0.001) 

[23.11, 23.89] 

Change in MMSE 

0.02 

(<0.001) 

[-0.06, 0.10] 

-1.04 

(<0.001) 

[-1.24, -0.84] 

-2.37 

(<0.001) 

[-2.822, -1.911] 

Age effect on 

baseline MMSE 

-0.08 

(0.62) 

[-0.39, 0.23] 

-0.13 

(0.54) 

[-0.56, 0.29] 

-0.09 

(0.7) 

[-0.62, 0.44] 

Age effect 

on MMSE change 

-0.16 

(0.03) 

[-0.30, -0.02] 

0.20 

(0.18) 

[-0.09, 0.50] 

1.24 

(<0.001) 

[0.63, 1.85] 

Table 5:6: Results from a regression model investigating the effect of baseline age on change in MMSE (outcome) in 

controls, mild cognitive impairment (MCI) and Alzheimer’s disease (AD). Estimates are shown for an increase in atrophy 

rate (ml/year) with (p values) and [95% confidence intervals] for a 10 year increase in age. Models are adjusted for total 

intracranial volume, APOE status (presence/absence of an ε4 allele) and WMH volume. 

 Relationships with age-at-onset 5.3.7:

Results from models investigating the effect of age at onset on AD are shown in Figure 

5:8 and Table 5:7. Similar effects compared with baseline age were found for VBM and 

BSI analyses. 

 Non-linearity of the age effect 5.3.8:

Results from models investigating the linearity of the effect of age on atrophy rates are 

shown in Table 5:8: no evidence of non-linearity was found. 

 

Figure 5:8: VBM results showing the effect of age on grey matter change in AD patients using the variable baseline age 

(a), or age at onset (b). Red clusters signify regions in which there is greater atrophy at younger ages in AD patients, 

blue clusters indicate regions which expand more at younger ages. Analyses are corrected for multiple comparisons, 

FWE p<0.05 and are additionally corrected for presence or absence of an APOE ε4 allele, TIV and WMH volume. From 

Fiford et al, Neurobiology of Aging https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

  

 

p=0.05 

p<0.0001 

p<0.0001 

p=0.05 

b) Age at onset and volume change 

a) Baseline age and volume change 
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AD 
 

Whole Brain Hippocampus 

Atrophy Rate 
(ml/year) 

Baseline age 
14.00 

(<0.001) 
[12.22, 15.78] 

0.17 
(<0.001) 

[0.14, 0.20] 

Age at onset 
13.90 

(<0.001) 
[12.08, 15.70] 

0.17 
(<0.001) 

[0.14, 0.20] 

Age effect 
(ml/year/decade) 

Baseline age 
-2.54 

(<0.001) 
[-3.88, -1.19] 

0.007 
(0.51) 

[-0.01, 0.03] 

Age at onset 
-2.00 

(<0.001) 
[-3.17, -0.62] 

0.011 
(0.26) 

[-0.01, 0.03] 

Table 5:7: Results from a regression model investigating the effect of baseline age or age at onset on atrophy rates 

(outcome) in Alzheimer’s disease (AD) patients. Estimates are shown for an increase in atrophy rate (ml/year) with (p 

values) and [95% confidence intervals] for a 10 year increase in age. Models are adjusted for total intracranial volume, 

presence/absence of an APOE ε4 allele and WMH volume. From Fiford et al, Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

 

  Whole Brain Hippocampus 

Atrophy Rate 
(ml/year) 

Controls 
6.23 

(<0.001) 
[5.65, 6.81] 

0.06 
(<0.001) 

[0.05, 0.07] 

MCI 
9.98 
(<0.001) 

[9.12, 10.82] 

0.13 
(<0.001) 

[0.011, 0.14] 

AD 
14.24 

(<0.001) 
[12.98, 15.50] 

0.19 
(<0.001) 

[0.17, 0.21] 

Age Interaction
a

 
(ml/year/decade) 

Controls 
0.19 

(0.70) 
[-0.78, 1.16] 

0.03 
(p<0.001) 

[0.013, 0.045] 

MCI 
-1.76 

(<0.001) 
[-2.70, -0.82] 

-0.01 
(0.15) 

[-0.026, 0.004] 

AD 
-2.59 

(<0.001) 
[-3.92, -1.25] 

-0.001 
(0.93) 

[-0.022, 0.020] 

Age quadratic term
b

 
(ml/year/decade) 

Controls 
-0.06 
(0.8) 

[-0.43, 0.32] 

-0.002 
(0.6) 

[-0.007, 0.004] 

MCI 
-0.02 
(0.9) 

[-0.29, 0.25] 

0.000 
(0.6) 

[-0.004, 0.005] 

AD 
-0.21 
(0.7) 

[-0.82, 0.41] 

-0.01 
(0.5) 

[-0.016, 0.004] 

Table 5:8: Results from a regression model investigating a non-linear effect of age (predictor) on atrophy rates 

(outcome). Estimates are shown for an increase in atrophy rate (ml/year), (p value), and [95% confidence intervals]: a 

10 year increase in age (constant age effect)
a
, for a change in slope of the age-atrophy rate relationship for a 10 year 

increase in baseline age (quadratic age effect)
b
. Models are adjusted for age, total intracranial volume, 

presence/absence of an APOE ε4 allele and WMH volume. From Fiford et al, Neurobiology of Aging 

https://doi.org/10.1016/j.neurobiolaging.2017.11.002 

 

  

https://doi.org/10.1016/j.neurobiolaging.2017.11.002
https://doi.org/10.1016/j.neurobiolaging.2017.11.002
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5.4: Discussion 

In this large multi-site study designed to mimic a clinical trial, I used a novel voxel-wise 

approach to demonstrate extensive progressive posterior atrophy patterns in AD at 

younger ages, which remained in a cohort with confirmed AD pathology using CSF 

data. I found atrophy rate and patterns of atrophy varied differentially with age between 

cognitively normal, mildly impaired and clinical AD patients. Younger AD subjects 

showed faster whole brain and hippocampal atrophy rates and greater volume loss in 

association cortices with predominantly posterior and posteromedial regions affected 

compared to older AD patients. In contrast, the hippocampal atrophy rates were slower 

amongst younger controls and controls had little other difference in atrophy with age. In 

MCI and AD patients, atrophy rate reduced with age. These findings were apparent 

after WMH and APOE ε4 adjustment, suggesting that this difference is unlikely to be 

explained by SVD or by APOE genotype. Given that results are adjusted for variables 

that have been associated with the aging process (WMHs), and represent differences 

in slopes from the normal controls, these differences in disease progression are likely 

to be driven by differences in age at onset in MCI and AD. 

 I found that the bilateral posterior parietal, posterior cingulate, posterior 

temporal and precuneal regions were more vulnerable to atrophy in younger AD 

patients. This is consistent with cross-sectional findings that younger AD subjects have 

less volume in association cortices (Frisoni et al. 2005; Aziz et al. 2017; Harper et al. 

2017). In a small scale study, Cho et al. found similar regions affected more in early-

onset AD vs late onset AD (Cho, Jeon, et al. 2013). The precuneus has been found to 

be involved in early-onset AD before by others (Möller et al. 2013; Karas et al. 2007), 

as have the parietal lobes (Frisoni et al. 2007; Holland et al. 2012; Holland et al. 2013), 

particularly at the temporoparietal junction (Frisoni et al. 2005). However, unlike Cho et 

al. I did not find the caudate, thalamus or basal ganglia to be involved in patients at 

younger ages (Cho, Seo, et al. 2013). Additionally, these results do not fit with a recent 

study by Knopman et al., who found early-onset patients showed greater deficits in 

glucose metabolism compared to late-onset patients, but no differences in cerebral 

atrophy (Knopman et al. 2016). Knopman was an observational community- based 

study, whereas this study is a mock clinical trial. The difference in findings may be due 

to the restricted usage of AD-signature regions of interest for the atrophy measures 

(entorhinal, inferior temporal, middle temporal and fusiform gyrus) but a more inclusive 

set of ROIs for the FDG PET analyses (including the angular gyrus and posterior 

cingulate regions). These posterior regions are those I have found to be particularly 

vulnerable to atrophy in younger subjects, and others have reported their metabolic 

vulnerability at younger ages (Rabinovici et al. 2010; Kemp et al. 2003). The results of 
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this study suggest that if ROI approaches are used, then the ages of the subjects 

concerned require consideration; different ROIs may be needed for younger-onset 

subjects to fully capture AD-related changes. 

 The association cortices were found to be more vulnerable at younger ages in 

AD, corresponding to previously reported cognitive deficits that are more often 

experienced by younger patients. Younger patients are more likely to first experience 

an impairment in judgement, problem solving, language or visuospatial function than 

older patients (Barnes et al. 2015; Koedam et al. 2010).  Early-onset AD patients are 

also more likely to perform poorly on tests of attention and fronto-executive function 

(Frisoni et al. 2007; Cho, Jeon, et al. 2013). This study included a very small number of 

early-onset AD patients (n <65 years = 17). Symptoms described as occurring more 

frequently in younger patients in the literature, correspond to parietal, precuneal, and 

frontal lobe atrophy patterns found in this study. These results also show that younger 

AD patients have faster MMSE decline as well as faster atrophy rates compared with 

older patients (see Table 5:6). Studies categorising Alzheimer’s disease patients 

according to their patterns of atrophy find increased probability of posterior cortical 

involvement at younger ages (Shiino et al. 2006; Whitwell et al. 2012; Na et al. 2016; 

Poulakis et al. 2018; Noh et al. 2014). Na et al. also found  parietal subtypes to have 

faster progression in multiple cognitive domains compared with cases with either 

medial temporal or diffuse atrophy patterns (Na et al. 2016). Younger patients are more 

likely to have diffuse cortical neurofibrillary tangles and sparing of the hippocampi at 

autopsy, whilst those with AD pathology in predominantly limbic areas more likely to be 

older and of the APOE ε4 genotype (Murray et al. 2011). Suarez-Gonzalez et al. have 

shown that even within an atypical cohort of patients with posterior cortical atrophy 

(PCA), earlier onset patients display atrophy in more posterior regions (Suárez-

González et al. 2016).  

 As ADNI was designed to emulate a clinical trial; the presence of such diverse 

neuroimaging atrophy patterns within a trial population may be an important source of 

variability in trials where atrophy rates are used as outcome measures. Furthermore, 

although diminished, the phenotype of extra-hippocampal atrophy at younger ages 

remained in a smaller subset of participants with confirmed underlying Aβ pathology, as 

measured by CSF Aβ1-42 (see Figure 5:7, Table 5:4). Whilst earlier onset patients are 

more likely to have faster rates of atrophy and provide greater power to detect a 

disease modifying effect (Holland et al. 2012), the aetiology underlying extra-

hippocampal atrophy patterns in younger patients may have an impact on drug 

effectiveness. More research is required to understand whether specific outcome 

measures that are appropriate for older populations (hippocampal rates and memory-
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weighted tests) are the optimal choice in clinical trials in younger patients. Trials may 

benefit from restricting samples to individuals with a typical pattern of atrophy as 

previously suggested (McEvoy et al. 2010; Yu et al. 2014) or by stratifying for atrophy 

pattern. Additionally, variability in individuals’ rates of atrophy in clinical trials can 

compromise detection of an overall group treatment effect. Usage of clinical trial run-ins 

to assess each subject’s initial rate of progression may provide greater power to detect 

a treatment effect when testing a trial population containing both younger and older AD 

subjects (Frost et al. 2008).  

 Here I provide evidence that a posterior predominance in atrophy rate at 

younger ages is unlikely to be accounted for by APOE ε4 genotype. Genetic 

differences have previously been used to explain differences in age at onset, clinical 

phenotype and brain regions affected in AD. The effect of APOE ε4 on age at onset is 

complex. Whilst APOE ε4 has been found to accelerate disease onset (Breitner et al. 

1998), it is thought to be less common in atypical early-onset AD (van der Flier et al., 

2011). The APOE ε4 allele has been found to be associated with typical AD; memory 

problems (Lehtovirta et al. 1996), targeted hippocampal atrophy (Manning et al. 2014), 

and greater burden of AD pathology present in the hippocampus at autopsy (Murray et 

al. 2011). Holland et al. found that the effect of atrophy slowing with age in AD was 

stronger in APOE ε4 non-carriers than carriers in the entorhinal cortex; this 

corroborates the finding by Na et al., of faster cognitive decline in early-onset atypical 

AD cases, which trended towards absence of an APOE ε4 allele (Holland et al. 2013; 

Na et al. 2016). However, the presence of an APOE ε4 allele is a significant risk factor 

for PCA, a type of atypical early-onset AD; although the risk conferred by the gene for 

PCA is reduced compared with typical AD (Schott et al. 2015). In addition to APOE 

genotype, including WMH volume as a covariate in this study did not affect results, 

indicating the posterior patterns of atrophy at younger ages are unlikely to be driven by 

WMHs or APOE genotype. This is important since WMHs in AD subjects may also 

reflect pathological AD processes, such as axon demyelination, Wallerian degeneration 

or cerebral amyloid angiopathy (Schmidt et al. 2011; Ryan et al. 2015). Yet unknown 

genes and other factors may underlie the causes of extra-medial temporal lobe 

atrophy, faster progression and younger onset of clinical symptoms. 

 In the BSI analyses, I found higher hippocampal atrophy rates with age in 

controls, but did not find greater atrophy rates in older AD subjects. Contrastingly I 

found the opposite effect in AD subjects compared to controls, where a reduction in 

hippocampal atrophy rate with age was present, similarly to (Holland et al. 2013). 

Others have found mixed results cross-sectionally, with some authors reporting smaller 

hippocampi in later onset AD cases compared with early-onset cases (Möller et al. 
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2013; Frisoni et al. 2005; Frisoni et al. 2007),  and another reporting similar levels of 

hippocampal atrophy across the AD age span compared to healthy controls (van de 

Pol et al., 2006).  These mixed results in the literature may be due to differences in the 

way of correcting for normal aging and differing techniques used (volumetry vs VBM). 

Cho et al. found in a longitudinal whole brain cortical thickness study the 

parahippocampal gyrus exhibited more rapid thinning in late-onset AD compared to 

early-onset AD (Cho, Jeon, et al. 2013), however a further study of longitudinal volume 

loss in subcortical structures showed no difference in volume reduction in the 

hippocampus between early- and late- onset AD (Cho, Seo, et al. 2013). In a subset of 

ADNI including baseline and 12 month scans only, Evans et al. also investigated an 

age-by-group interaction on atrophy; finding higher age was associated with greater 

whole brain atrophy and ventricular expansion in AD, and the opposite effect in controls 

(Evans et al. 2010). The AD subjects in this study had significantly greater WMH 

volume despite being a similar age to controls, this may be due to greater SVD in AD 

subjects, CAA, or a feature of advanced AD due to pathological breakdown of white 

matter. As the same WMH effect was estimated across all groups, the presence of 

non-aging related WMHs in younger AD subjects may mean that the WMH effect in 

controls with age is not completely removed. For controls this may explain why an age 

effect remained in the hippocampus even after controlling for WMHs, alternatively, 

other factors associated with age may drive atrophy in these subjects. The fact that the 

hippocampi were not found to be differentially affected by age in each group from VBM 

analyses may be due to limitations of voxel-based analyses in medial temporal lobe 

areas.  

 This is the largest study investigating age and voxel-wise atrophy patterns in 

patients with MCI or AD to date, and the only study to consider the AD-age relationship 

in the context of APOEε4 genotype, presumed vascular pathology and normal aging. 

Using age as a continuous variable, I did not split cases by arbitrary cut-offs, as has 

been done in previous studies where 65 years divides early- and late- onset. A major 

strength is that, using the multi-timepoint technique, I was able to include subjects 

which would have previously been excluded due to dropout. Therefore my results are 

unlikely to be driven by frail older subjects, who may have progressed more quickly, 

leaving the study; the statistical techniques used were able to accommodate missing 

data by including all subjects with at least one follow-up scan. However the number of 

young AD subjects was not large and all controls were above the age of 60 (see Table 

5:2 for demographic data split by age in each group), this limits the generalisability of 

my findings, which require replication in a more age-balanced cohort. I additionally did 

not investigate the scatter plots of slopes of the age-by-group interaction in each voxel, 

but have made the assumption that the relationship was similar across the different 
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tissue types and regions affected; some voxels within each cluster may exhibit stronger 

or weaker effects, especially at their periphery. The homogeneous nature of white 

matter provides less intensity information for registration than grey matter, so localised 

white matter volume changes should be interpreted cautiously. Use of 1.5T MRI may 

be considered a limitation; many studies are conducted using 3T scanners. However, 

1.5T scanners are still used at many clinical centres including those which conduct 

research and clinical trials. The ROIs in this study have been limited to the whole brain 

and hippocampus, in line with metrics used in clinical trials. Future work in different 

datasets, investigating ROIs, including the posterior association cortices identified in 

this study, will allow assessment of the potential utility of these new ROIs in clinical 

trials. 

 This study included a small number of AD patients under the age of 65 (n=17), 

and all patients had memory problems in line with a typical late onset phenotype. My 

findings may not apply to an exclusively early-onset population, and require replication 

in a more age-balanced sample. Therefore these results should be cautiously 

compared with the early-onset AD literature. Despite the inclusion criteria and 

demographics of this group, I was able to demonstrate that age influences atrophy 

rates and patterns of progressive atrophy in AD. Given that this cohort replicates that of 

a clinical trial, this has important ramifications for the choice of outcome measures in 

studies with a similar set-up. These results suggest a continuum of age related 

differences across the age range of AD, beyond the cut-off of 65 years for early- onset 

AD cases. I also found no evidence of a non-linear age relationship from voxel-wise 

and region of interest analyses (see Table 5:8). However as the data is imbalanced in 

terms of age of subjects, these results should be interpreted cautiously. 

 I have not fully investigated differences in disease severity with age in this 

study. However, I have found no evidence to suggest subjects were more severe or 

had longer symptom duration with age; the elapsed time since diagnosis and MMSE 

scores were similar in older and younger subjects, and they also remained in the study 

for similar lengths of time (see Table 5:2). Similar disease severity is also suggested by 

the finding of no difference in baseline brain size of AD subjects with age (see Table 

5:5) after accounting for the effect of normal aging and TIV. Finally, analysis using age 

of individuals at baseline appears to be show similar results for age at symptom onset 

(as estimated by a study partner), (see Figure 5:8, Table 5:7). 

 Age is an important modifier of Alzheimer’s disease; younger amnestic AD 

patients display extensive posterior and medial-posterior atrophy, faster rates of 

atrophy and cognitive decline compared with older AD patients. Notably, these results 

remain in a cohort with AD pathology confirmed using CSF Aβ1-42, and demonstrate the 
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influence of age in AD patients is not the effect of normal aging added to an AD atrophy 

signature. These distinct differences with age were found within AD patients selected to 

represent a clinical trial population and in those with CSF-confirmed Aβ pathology, 

therefore these results have important implications for drug development. For clinical 

trials using atrophy rates as outcomes, younger subjects may provide more power to 

detect a treatment effect due to faster rates of atrophy; but they may also require 

revised outcome measures incorporating regions beyond the medial temporal lobe 

according to the average age of the population. Lastly, an effective drug tested in a 

younger population may be of limited use in a general AD population if age effects on 

atrophy patterns represent differing underlying causes. More research is required to 

understand what drives tissue loss in different regions and at varying ages. 
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Chapter 6: Associations of WMH volume to 

atrophy 

6.1: Introduction  

Brain volume loss is a key feature of AD; AD patients have significantly smaller brains 

than controls. Atrophy rate, or rate of brain tissue loss over time is another important 

and well-established marker of neurodegeneration in AD; reflecting progression and 

severity of disease (Dubois et al. 2014; Jack et al. 2005). Atrophy rates of the 

hippocampus correlate with cognitive decline and CSF markers of AD pathology 

(Hampel et al. 2005; Schuff et al. 2009). In order to develop effective therapies and to 

detect treatment effects, the drivers of brain atrophy, and hippocampal atrophy rates in 

particular, are important to elucidate. 

 Previous studies have found WMHs associate with longitudinal brain volume 

changes (Barnes et al. 2013; Enzinger et al. 2005; Schmidt et al. 2005), but whether 

they are associated with medial temporal lobe atrophy is less clear, with some finding 

an association (Crane et al. 2015; Eckerström et al. 2011; Knopman et al. 2015; Ye et 

al. 2014), and others not (Du et al. 2006; Gattringer et al. 2012; Ota et al. 2011; Raji et 

al. 2012; Rossi et al. 2006; Van De Pol et al. 2007). Here, I sought to establish 

relationships between WMH volume and brain atrophy, and more specifically whether 

any relationships between WMHs and atrophy rate disproportionately targeted the 

hippocampi. I also used VBM to explore whether WMHs were associated with tissue 

loss in any extra-hippocampal regions of the brain. 

My specific hypotheses were as follows: 

i. Individuals with greater WMH volumes will have smaller baseline brain and 

hippocampal volumes.  

ii. Individuals with greater WMH volumes will have faster whole brain and 

hippocampal atrophy rates. 

iii. The hippocampus is differentially vulnerable to vascular damage; WMHs will 

remain associated with hippocampal atrophy rate following correction for 

concurrent whole brain volume change. 
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6.2:  Materials and Methods 

 Subjects 6.2.1:

All data used were from the Alzheimer’s Disease Neuroimaging Initiative (ADNI1) 

database, see section 2.1.1:. A proportion of subjects also had CSF data collected, 

details of the Aβ42 and tau protocol and analysis is described elsewhere (Shaw et al. 

2009). I analysed data from control, MCI and AD subjects from ADNI1 who had a 

baseline 1.5T MRI scan and at least 1 follow up 1.5T MRI scan. After quality control 

143 scans were excluded (see Figure 6:1); of which 22% had a diagnosis of control, 

34% of MCI, 27% of AD, and 17% had no diagnostic information available  (these 

scans were failed at initial visit by LONI). 

 Image Acquisition and Assessment 6.2.2:

The ADNI MRI protocol has been previously described (Jack et al. 2008).  For quality 

control, see section 2.2.1:.  

 Hippocampal and Whole Brain Volumes and Rates of Change 6.2.3:

Imaging data consisted of 0-, 6-, 12-, 18-, 24- and 36 month scans. Brain volumes were 

estimated using BMAPS (Leung et al. 2011), hippocampal volumes using HMAPS 

(Leung et al. 2010), see section 2.3.4.1: and 2.3.4.2:. Total Intracranial Volumes (TIV) 

were calculated as before, see section 2.3.3.5: (Malone et al. 2015). WMH volumes 

from UCDavis were included, see section 2.3.3.3: (Carmichael et al. 2010; Schwarz et 

al. 2009);  and were log transformed (base 2) to reduce skewness (log2WMH). The 

estimated coefficient therefore corresponds to the expected change in atrophy rate for 

a doubling of WMH volume on the original scale. 

 Statistical methods 6.2.4:

6.2.4.1: Group Demographics  

Demographics were assessed as per 2.3.5.1:.  
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Subjects with baseline and 24 month scans were used in the VBM section of this study. 

As such this VBM group represents a subset of subjects used in the main BSI analyses 

(456 of 697): those who remained in the study to the 24 month stage and had a good 

quality baseline and 24 month repeat scan. To examine whether there is any bias 

between the VBM subgroup and those in which VBM was not performed (due to drop 

out or poor quality scans), differences in demographics were explored. Linear 

regressions were performed for continuous variables (age, MMSE, total brain volume, 

total hippocampal volume, TIV and WMH volume) with VBM membership entered as a 

categorical predictor in the model. To investigate gender differences between groups a 

logistic regression was used with predictors of VBM group membership and diagnostic 

group and outcome of gender. 

Figure 6:1: Flowchart showing the subject selection process for the cross-sectional and longitudinal analysis, by 

diagnostic group. *25 subjects were additionally excluded which had no available diagnosis; scans were failed at initial 

scan by LONI. From Fiford et al, Hippocampus https://doi.org/10.1002/hipo.22690 
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6.2.4.2: Cross-sectional Hippocampal and Whole Brain Volumes  

All cross-sectional and longitudinal analyses were performed for the whole brain and 

hippocampus, separately in each diagnostic group. To analyse the cross-sectional 

relationship between baseline WMH volume and volumes a multiple linear regression 

was run with baseline volume (hippocampal or whole brain) as the outcome, log2WMH 

as the predictor variable, and TIV and gender as covariates.  

6.2.4.3: Longitudinal Hippocampal and Whole Volume Changes  

In order to determine the association between baseline log2WMH volume and whole 

brain and hippocampal atrophy rates, linear mixed effects models were fitted. The 

dependent variable was the BSI (ml of brain or hippocampus lost during the scan 

interval). Interval (years) between baseline and follow up scans was included as a fixed 

effect such that the resulting coefficient estimated from the model represents the 

change of volume in ml per year. Interval was also included as a random effect to allow 

for between subject heterogeneity in atrophy rate; the trajectories of atrophy rate for 

each individual were able to vary, to allow for unknown factors which influence atrophy 

rate between individuals. An interaction between baseline log2WMH volume and 

interval allowed for the former to influence mean atrophy rate. No intercept was 

included in the model; ensuring that the estimated atrophy rate over a scan interval of 

zero is zero. 

 To estimate the association between baseline log2WMH and hippocampal volume 

change whilst adjusting for whole brain atrophy (and vice versa), a joint mixed effects 

model was constructed, see Manning et al., 2014. This model allows the random 

effects dictating the rates of hippocampal and whole brain atrophy rates to be 

correlated. The model accommodates missing values under the missing at random 

assumption (Manning et al. 2014). As the dependent variable represents absolute 

volume change, all analyses were adjusted for TIV, also using an interaction with 

interval. 

As most subjects had multiple BSI values from their longitudinal visits, I generated a 

single atrophy rate estimate per person from a mixed effects regression model without 

adjustment for covariates except scan interval; these were used to generate 

longitudinal plots. Post-estimation linear predictions (mean rate plus predicted 

individual random effect) of rate per person were plotted against log2WMH. Simple 

regression lines were overlaid on the plots. 

 VBM  6.2.5:

Cross-sectional and longitudinal VBM was used to assess the correlation between 

log2WMH and patterns of volume change in GM and WM. Subjects with a usable 
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baseline and 24 month scan pair were used, the VBM dataset thus represents a 

proportion of the original BSI dataset (456 subjects of 697 used for BSI). Cross-

sectional VBM was implemented as per section 2.3.1:.  

6.2.5.1: Longitudinal VBM  

 24 month T1-weighted volumetric scans used for BSI analyses were selected. 

Using SPM12’s pairwise longitudinal registration tool, baseline and 24 month scans 

were registered (Ashburner & Ridgway 2012), see section 2.3.2.1:. VBM was carried 

out as per section 2.3.1:. 

6.2.5.2: Statistical Analysis  

A flexible factorial model was used to investigate the relationship between log2WMH 

volume at baseline and voxel volume (or change in volume) in each of the diagnostic 

groups. Interaction terms were used between group and log2WMH, and t-contrasts 

used to investigate relationships between WMH volume and volume in each diagnostic 

group. Both the contrasts in the expected direction and reverse contrasts were run. 

Resultant maps of t-values were overlaid on the group average image and thresholded 

at p<0.05 following correction for multiple comparisons using family wise error 

correction (FWE). Partial correlation coefficient maps were additionally generated to 

assess the strength and directionality of all associations at each voxel using a colour 

scale. The following equation was used to calculate this, r = t /√ (t2 + df), where r is the 

partial correlation coefficient, t is the t value and df the degrees of freedom. 

6.3: Results  

 Group Demographics 6.3.1:

Data from 840 subjects were downloaded from the ADNI website. Subjects were 

excluded if they had a baseline scan only, were missing WMH values and/or failed 

internal quality control, see Figure 6:1. Table 6:1 shows demographic and image 

summary statistics from the 697 subjects included in the analysis. There were 

statistically significant differences between the three diagnostic groups in gender 

distribution, with a greater proportion of male subjects in the MCI group. Subject groups 

also differed in MMSE, total brain volume, total hippocampal volume, APOE genotype 

and WMH volume at baseline in a manner consistent with MCI and AD 

 Cross-Sectional Analyses 6.3.2:

 Table 6:2 shows the partial regression coefficients for the association between WMHs 

and cross-sectional brain and hippocampal baseline volumes. Average brain volumes 

calculated from the model were 1071ml in control subjects, 1068ml in MCI subjects and 

1024ml in AD subjects for females with mean TIV and WMH values. Average 
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hippocampal volumes were 5.2ml for controls, 4.4 for MCI subjects and 3.9ml for AD 

subjects for females with mean TIV and WMH values. There was strong evidence of an 

association between WMH burden and baseline brain volume in MCI and AD groups, 

after adjusting for gender and TIV. Each doubling of WMH burden was estimated to be 

associated with a smaller brain volume of 6.0ml (95% CI 3.4, 8.5), and 6.6ml (2.4, 10.9) 

in the MCI and AD groups respectively. In controls there was borderline statistically 

significant evidence of an association, with a doubling of WMH volume associated with 

a brain volume of 3.4ml (0.1, 6.8) less than average brain volume. There was strong 

evidence of an association between WMHs and baseline hippocampal volume in all 

three groups, with a doubling of WMH volume associated with a 0.06 (0.02, 0.10), 0.08 

(0.05, 0.12) and 0.09 ml (0.03, 0.15) reduction in the average control, MCI and AD 

hippocampal volumes respectively. There were no significant relationships between 

gender and either whole brain or hippocampal volume. 

 

Controls MCI AD 
p value across 

groups 

N (total =697) 198 345 154 

 

Age at baseline, years 75.9 (5.1) 75.0 (7.2) 75.0 (7.7) 0.3 

Percentage male 52.5 63.2 53.9 0.03 

MMSE at baseline, /30 29.1 (1.0) 27.0 (1.8) 23.4 (1.9) <0.001 

Length of follow up, years 
Minimum, Maximum 

2.6 (0.8) 
0.5, 3.7 

2.3 (0.8) 
0.5, 3.5 

1.7 (0.6) 
0.5, 3.1 

<0.001 

BSI measurements per subject, No. 
Minimum, Maximum 

3.2 (0.9) 
1, 4 

3.6 (1.3) 
1, 5 

2.3 (0.8) 
1, 3 

<0.001 

Total brain volume, ml 1068 (103) 1061 (115) 1022 (115) <0.001
#
 

Total hippocampal volume, ml 5.2 (0.7) 4.5 (0.8) 3.9 (0.9) <0.001
#
 

Total intracranial volume, ml 1445 (134) 1468 (146) 1450 (163) 0.2 

White Matter Hyperintensity, ml 
log2WMH, ml 

0.24 (0.5) 
-2.37 (2.3) 

0.28 (0.6) 
-2.08 (2.4) 

0.40 (1.0) 
-1.37 (2.2) 

<0.001# 

Percentage Hypertensive 42 50 52 0.1 

Percentage Hypercholesteraemic 25 30 36 0.1 

Percentage Diabetic 6 7 6 0.8 

Percentage APOE ε4 carrier 26 55 69 <0.001 

Percentage smoker (past or current) 40 41 40 1.0 

Table 6:1: Subject demographics and basic imaging information for controls, mild cognitive impairment (MCI) and 

Alzheimer’s disease (AD). Values are mean (SD) unless reported. White matter hyperintensity values reported as 

median with IQR. # adjusted for TIV. APOE ε4 carrier refers to individuals with one or more APOE ε4 alleles. From 

Fiford et al, Hippocampus https://doi.org/10.1002/hipo.22690 
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Controls MCI AD 

N 198 345 154 

Mean Brain volume adjusted for WMH, 
TIV and gender, ml 

1071.1 1067.6 1024.0 

Mean Hippocampal volume adjusted for 
WMH, TIV and gender, ml 

5.2 4.4 3.9 

Association between WMH and baseline 
brain volume 

-3.41 
(-6.76, -0.06) 

p= 0.05 

-5.95 
(-8.48, -3.42) 

p<0.001 

-6.61 
(-10.87, -2.35) 

p=0.003 

Association between WMH and baseline 
hippocampal brain volume 

-0.06 
(-0.10, -0.02) 

p=0.003 

-0.08 
(-0.12, -0.05) 

p<0.001 

-0.09 
(-0.15, -0.03) 

p=0.003 

Table 6:2: Results from the regression models assessing the relationship between cross-sectional brain and 

hippocampal volumes (outcome measures) and log2WMH volume (predictor) for controls, mild cognitive impairment 

(MCI) and Alzheimer’s disease (AD). Estimates are shown with 95% confidence intervals for an increase in volume (ml) 

for a doubling of WMH, conditional on intracranial volume and gender. From Fiford et al, Hippocampus 

https://doi.org/10.1002/hipo.22690 

 Longitudinal Analyses 6.3.3:

Table 6:3 shows the partial regression coefficients for the association between baseline 

WMHs, brain atrophy rates and hippocampal atrophy rates. Figure 6:2 shows 

scatterplots of whole brain and hippocampal atrophy rates against log2WMH. Mean 

atrophy rates of the whole brain were estimated to be 6.3 (5.8, 6.8), 10.7 (10.0, 11.4), 

15.1 (14.0, 16.1) ml/year for control, MCI and AD subjects respectively for subjects with 

mean TIV values. Average hippocampal atrophy rates were estimated to be 0.07 (0.06, 

0.07) ml/year in the control group, 0.1 (0.13, 0.15) ml/year in the MCI group, and 0.2 

(0.19, 0.22) ml/year in AD subjects with mean TIV values. There was some evidence of 

an association between baseline WMHs and subsequent whole brain atrophy rate in 

controls, with each doubling in WMH volume associated with an estimated increase in 

atrophy rate of 0.3ml/year (0.03, 0.5). There was stronger evidence for an association 

with hippocampal atrophy in controls, with each doubling of WMH volume estimated to 

increase atrophy by 0.005ml/year (0.002, 0.009). The association between WMHs and 

whole brain atrophy in controls was substantially reduced after adjusting for concurrent 

hippocampal atrophy, with the independent effect reduced to 0.06 ml/year (from 0.3 

ml/year), and was no longer statistically significant after adjustment. The association 

between WMHs and hippocampal atrophy was also materially reduced in controls after 

adjusting for concurrent whole brain atrophy, although there remained statistically 

significant evidence of an independent association, with each doubling of WMH volume 

associated with a 0.003ml/year (0.0003, 0.006) increase in hippocampal atrophy rate.  

In patients with MCI, the association between WMHs and hippocampal atrophy was 

also reduced after adjustment for concurrent whole brain atrophy, with each doubling of 

WMHs associated with a 0.003ml/year (0.0004, 0.007) increase in hippocampal rate. 

Other associations were not statistically significant.  
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Controls MCI AD 

N 198 345 154 

Rate of whole brain atrophy ml/year 
6.31 

(5.82, 6.79) 
p<0.001 

10.69 
(10.00, 11.37) 

p<0.001 

15.08 
(14.02, 16.14) 

p<0.001 

Rate of hippocampal atrophy ml/year 
0.07 

(0.06, 0.07) 
p<0.001 

0.14 
(0.13, 0.15) 

p<0.001 

0.20 
(0.19, 0.22) 

p<0.001 

Association between WMH and whole 
brain atrophy

a
 

0.3 
(0.03, 0.5) 

p=0.03 

0.1 
(-0.2, 0.4) 

p=0.4 

0.06 
(-0.4, 0.5) 

p=0.8 

Association between WMH and 
hippocampal atrophy

a
 

0.005 
(0.002, 0.009) 

p=0.002 

0.005 
(0.0004, 0.009) 

p=0.03 

-0.0005 
(-0.008, 0.007) 

p=0.9 
Association between WMH and whole 

brain atrophy rate adjusted for 
hippocampal atrophy rate

b
 

0.06 
(-0.1, 0.3) 

p=0.5 

-0.1 
(-0.3, 0.1) 

p=0.3 

0.07 
(-0.3, 0.5) 

p=0.7 
Association between WMH and 

hippocampal atrophy rate adjusted for 
whole brain atrophy rate

c
 

0.003 
(0.0003, 0.006) 

p=0.03 

0.003 
(0.0004, 0.007) 

p=0.03 

-0.0009 
(-0.007, 0.005) 

p=0.8 

Table 6:3: Results from the regression models assessing the relationship between atrophy rates (outcome measures) 

and log
2
WMH volume (predictor) for controls, mild cognitive impairment (MCI) and Alzheimer’s disease (AD) 

participants. Estimates are shown for increase in atrophy rate (ml/year), with 95% confidence intervals: for a doubling of 

WMH, conditional on intracranial  volume
a

 ,
 

conditional on intracranial volume and hippocampal atrophy rate
b

 ,
 

conditional on intracranial volume and whole brain atrophy rate
c

 . From Fiford et al, Hippocampus 

https://doi.org/10.1002/hipo.22690 

 

Figure 6:2: Plots showing the relationship between baseline log
2
WMH, whole brain (a), and hippocampal atrophy rate 

(b) in for controls, mild cognitive impairment (MCI) and Alzheimer’s disease (AD) subjects. Individual predicted atrophy 

rate estimated from mixed model with predictors of BSI (tissue loss at all scanning intervals) and scan interval. From 

Fiford et al, Hippocampus https://doi.org/10.1002/hipo.22690 
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 VBM Results 6.3.4:

6.3.4.1: Demographic differences 

Table 6:4 shows demographic and imaging summary statistics for the group used for 

VBM and BSI analyses and those who were used in BSI analyses alone (selected 

based on presence of useable 24 month scan). Of note, the VBM subset had 

significantly larger whole-brain volumes adjusted for TIV, and significantly lower WMH 

volumes at baseline adjusted for TIV. Additionally, MCI and AD subjects used for both 

BSI and VBM had very similar brain volumes, but not after adjusting for TIV 

proportionally. 

Regions of reduced volume, or volume change, associated with WMHs were observed 

in the pre-central sulcus in all groups; the post-central sulcus and superior frontal lobe 

for MCI and AD patients; and in the occipital lobes for control and MCI participants; see 

Table 6:5 for a summary of cluster locations. 

 Subjects used in VBM and BSI analyses Subjects used in BSI analyses 
alone p value 

 
Controls MCI AD Controls MCI AD 

 
N (% of  

subgroup) 150  (33) 217 (48) 89 (19) 48 (20) 128 (53) 65 (27) 
 

Age at baseline, 
years 75.9 (4.9) 74.9 (7.0) 75.4 (7.0) 76.2 (5.9) 75.1 (7.6) 74.5 (8.4) 0.8 

Percentage 
male 50.7 63.9 51.7 58.3 62.0 56.9 0.6 

MMSE at 
baseline, /30 29.2 (1.0) 27.1 (1.8) 23.2 (1.9) 28.9 (1.2) 26.7 (1.7) 23.7 (1.9) 0.4* 

Total brain 
volume, ml 

1069.6 
(102.8) 1069.5(111.4) 1022.6 

(118.7) 
1063.5 
(103.9) 

1045.4 
(118.6) 

1021.4 
(110.8) 0.02** 

Total 
hippocampal 
volume, ml 

5.2 (0.8) 4.5 (0.8) 3.9 (1.0) 5. 1 (0.6) 4.4 (0.9) 4.0 (0.81) 0.4** 

Total intracranial 
volume, ml 

1445 
(133) 1475 (141) 1441 (169) 1446.5 

(139.6) 
1455.0 
(151.9) 

1460.7 
(165.2) 0.8 

WMH, ml 
log

2
WMH, ml 

0.22 
(0.41) 
-2.38 
(2.3) 

0.23 (0.48) 
-2.37 (2.5) 

0.36 (1.00) 
-1.35 (2.1) 

0.25 
(0.60) 
-2.32 
(2.5) 

0.34 
(0.65) 

-1.59 (2.1) 

0.44 
(0.61) 
-1.38 
(2.3) 

0.02** 

Table 6:4: Mean subject demographic information and basic imaging information for the subset used for both VBM and 

BSI analyses and those used in the BSI analyses alone (without good quality 24 month scans) *adjusted for diagnostic 

group **and additionally TIV. WMH values reported as median, with IQR, tests of significance applied to WMH on log 

scale. P value represents comparison between two subgroups. From Fiford et al, Hippocampus 

https://doi.org/10.1002/hipo.22690 
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6.3.4.2: Cross Sectional VBM 

6.3.4.2.1: Baseline Grey Matter 

VBM analyses showed cross-sectional associations between higher WMH volume and 

lower regional brain volumes in control subjects (see Figure 6:3) with significant 

clusters in the left medial temporal gyrus, right thalamic nuclei and right central sulcus. 

Correlation coefficient maps show the positive (red) and negative (blue) correlations 

between WMHs and volume, which indicate the non-significant association in 

hippocampal regions with WMHs. In MCI patients, WMH volume was associated with 

significantly lower volumes bilaterally in the pre- and post- central gyrus, parietal 

operculum, thalamus and hypothalamus. Additionally in the MCI group increased WMH 

volume was associated with lower volumes in right anterior cingulate, orbitofrontal 

cortex and left insula. In ADs greater WMH burden was associated with significant 

clusters in bilateral occipital lobes, left hippocampus, left cuneus, midbrain, and the 

right posterior temporal lobe along the medial surface. As evidenced by the effect 

maps, WMH volume was associated with smaller hippocampi bilaterally, but this 

reached significance in the left hippocampus only. Due to the highly atrophied brains in 

this group (Table 6:4), it is possible that the clusters following the interface between 

CSF and brain may reflect partial volume.  
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Cross Sectional Longitudinal 

  Location k p value Location k p 
value 

C GM Left precentral gyrus  
Left inferior temporal lobe 

64 
51 

0.002 
0.004 

   

 WM    Left superior frontal lobe 50 0.03 

MCI GM Left parietal operculum 
Left thalamus, hypothalamus 
Right central sulcus 
Left central sulcus 
Right parietal operculum 

615 
865 
381 
191 
97 

<0.001 
<0.001 
<0.001 
0.001 
0.002 

Left occipital lobe 
Right postcentral gyrus 
Right occipital lobe 
Right superior frontal lobe 
Right postcentral gyrus 
Right occipital  
Right postcentral gyrus 
Right cerebellum 
Right cerebellum 
Right superior frontal lobe 
Left superior frontal lobe 

130 
53 
101 
53 
54 
56 
97 
232 
75 
48 
31 

0.005 
0.009 
0.01 
0.01 
0.01 
0.01 
0.01 
0.02 
0.02 
0.02 
0.02 

 WM    Right superior frontal lobe 
Left superior frontal lobe 
Left precuneal 
Right precentral sulcus 
Right postcentral sulcus 

1083 
142 
242 
116 
80 

0.003 
0.01 
0.01 
0.02 
0.02 

AD GM Left occipital lobe 
Left occipital lobe 
Right occipital lobe 
Left central sulcus 
Left hippocampus 
Right central sulcus 
Left occipital lobe 

90 
214 
284 
42 
303 
47 
48 

<0.001 
0.001 
0.001 
0.003 
0.004 
0.005 
0.009 

   

 WM   

Table 6:5 Results from voxel based morphometry (VBM) correlating log transformed white matter hyperintensity 

(log
2
WMH) with voxel volume adjusted for gender and total intracranial volume (cross sectional analysis), or log

2
WMH 

with change in voxel volume adjusted for TIV (longitudinal analysis). Tables show the cluster locations, size in number 

of voxels (k) and associated p value; analyses were corrected for multiple comparisons (Family Wise Error); clusters 

greater than 30 voxels and with a p value of <0.05 are reported. Table shows clusters in the grey matter and white 

matter for each control, MCI and AD subjects, from longitudinal and cross sectional VBM. Black space indicates no 

results found. From Fiford et al, Hippocampus https://doi.org/10.1002/hipo.22690 
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Figure 6:3: Cross-sectional VBM results in the grey matter of control, MCI and AD subjects. Each subject section includes maps of 

statistical significance (top) showing voxels where baseline log2WMH is associated with lower tissue volume, adjusted for TIV and 

corrected for multiple comparisons (Family Wise Error (FWE), p<0.05). FWE threshold t=4.59. Effect maps below plot the 

correlation coefficients  (cc map) at each voxel, illustrating the strength of effect across the tissue segments, red indicating WMH 

positively associated with tissue loss, and blue negative association. Slice positions are depicted on glass brains with 

corresponding FWE corrected clusters. Adjacent scales apply to all images. From Fiford et al, Hippocampus 

https://doi.org/10.1002/hipo.22690 
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6.3.4.2.2: Baseline White Matter 

 There were no relationships between WMH volume and reduced white matter volume 

in any subject group. With a reverse contrast a 5 voxel cluster in the left orbitofrontal 

cortex in was present in controls, representing a greater volume with greater WMH 

volume. This is an area highly susceptible to artefact, therefore likely does not reflect a 

true effect, see Figure 6:4. 

 

Figure 6:4: Reverse contrast VBM results; where increased log2WMH at baseline is associated with greater cross-

sectional volume (top) and more positive (either less atrophy or more expansion) longitudinal volume change (bottom) 

in controls and Alzheimer’s disease subjects respectively. Effect maps plot the correlation coefficients at each voxel, 

illustrating the strength of effect, red indicating WMH positively associated with tissue loss, and blue negatively 

associated.  FWE threshold for cross-sectional t=4.41, for longitudinal t=3.99. From Fiford et al, Hippocampus 

https://doi.org/10.1002/hipo.22690 

6.3.4.3: Longitudinal VBM 

6.3.4.3.1: Longitudinal Grey Matter Change 

Longitudinally, greater WMH levels were associated with increased progressive grey 

matter atrophy in the cingulate region in controls, see Figure 6:5, with a single voxel 

surviving FWE correction in the right hemisphere. Effect maps indicate a relationship 

between WMHs and atrophy in hippocampal regions which does not reach significance 

in controls and MCI subjects. In MCIs greater WMH volume was significantly 

associated with tissue loss of the bilateral occipital lobes, superior frontal lobes and the 

right pre- and post- central gyrus and cerebellum. In cerebellar and central sulcal 

regions the association between WMHs, GM and WM atrophy survived correction only 

on the right side; inspection of effect maps shows symmetry also on the left side. There 

were no relationships between GM atrophy and WMH volume in ADs. 
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Figure 6:5: Longitudinal VBM results in the grey and white matter of Control and MCI subjects. Each subject section includes 

maps of statistical significance (top) displaying voxels where baseline log2WMH is associated with decreasing tissue volume, 

adjusted for TIV and corrected for multiple comparisons (Family Wise Error (FWE), p<0.05). Effect maps below plot the 

correlation coefficients at each voxel, illustrating the strength of effect, red indicating WMH positively associated with tissue 

loss, and blue negatively associated. FWE threshold for grey matter t=4.27, for white matter t=3.99. From Fiford et al, 

Hippocampus https://doi.org/10.1002/hipo.22690 
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6.3.4.3.2:  Longitudinal White Matter Change 

Longitudinal contraction of the left superior frontal WM was related to greater WMH 

level in controls, see Figure 6:5. In MCIs increased WMH volume was associated with 

white matter atrophy of the bilateral superior frontal lobe, cuneus, left cingulate gyrus 

and of the right postcentral, precentral and supramarginal gyrus. There were no 

associations between WMHs and WM atrophy in ADs. With a reverse contrast, a 

growth in WM at the lining of the ventricles was associated with higher WMH volume in 

ADs; this likely represents expansion of WMHs as this is a susceptible area to white 

matter disease, see Figure 6:4. 

6.4: Discussion 

This work provides evidence that increased WMH volume is associated with smaller 

cross-sectional whole brain and hippocampal volumes across subject groups in ADNI1. 

I have also found evidence that higher baseline WMH volume is associated with a 

greater atrophy rate of the whole brain and hippocampus in control subjects, and of the 

hippocampus in MCIs. Importantly, WMHs were found to be associated with 

disproportionately greater hippocampal atrophy in controls and MCI subjects relative to 

whole brain atrophy.  

Here, I report an association between WMHs and longitudinal hippocampal loss 

occurring in cognitively normal older individuals. In controls this observed relationship 

was equivalent to an 8.5% increase in mean hippocampal atrophy rate for a doubling of 

WMH volume in individuals with the average TIV, and whole brain atrophy rate. The 

disproportionate hippocampal loss observed may be due to the selective vulnerability 

of this region to WMHs or other shared risk factors for WMHs. As ADNI is a study 

designed to emulate a clinical trial, this is a finding of significant interest.   

Although cross-sectional data indicates that the greatest association between WMHs 

and atrophy is in the AD group, longitudinal data show no evidence of an association 

between baseline WMH volume and subsequent atrophy in AD subjects. Longitudinal 

relationships between WMHs and atrophy rates were detected in controls.  A possible 

explanation for these observations is that WMHs exert a similar influence on atrophy 

rates in control and AD subjects but that this is difficult to detect in the AD group due to 

large inter-subject heterogeneity and lower power due to smaller group size. Factors 

causing variance in atrophy rates in AD are yet to be fully determined but may include 

inflammatory factors, disease duration and genetics. Alternatively WMHs may have a 

primary influence on progressive atrophy early in the disease course and less at later 

stages.  
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These results are in line with previous studies showing that WMHs are associated with 

reduced grey matter volume (Wen et al. 2006; Rossi et al. 2006; Raji et al. 2012; 

Lambert et al. 2015) and progressive atrophy (Enzinger et al. 2005; Barnes et al. 

2013). However, unlike Rossi et al and Raji et al, I did not find volume loss associated 

with WMH volume in the prefrontal cortex in these VBM analyses (Rossi et al. 2006; 

Raji et al. 2012). Other studies have also found smaller hippocampal volumes in 

subjects with higher WMH volumes (den Heijer et al. 2005; de Leeuw et al. 2004),  

whilst others using longitudinal measures of hippocampal atrophy have not (Du et al. 

2006; Nosheny et al. 2015).  In a recent study Nosheny et al. did not find a relationship 

between WMHs and hippocampal atrophy rate in control or MCI subjects using 

multivariable models, despite also using ADNI1 subjects. This key difference may be 

due to the use of subjects with longitudinal MRI and also either CSF Aβ42, or Aβ 

positron emission tomography (PET) imaging data collected at any point over a 4 year 

period, including the transition in phase to ADNIGO or ADNI2 (Nosheny et al. 2015). 

This length of follow up may be important; in this study I have found that those who 

have at least a 24 month scan have higher brain and lower WMH volume than subjects 

who drop out before 24 months (see Table 6:4). Alternatively, these findings may be 

due to the use of BSI rather than Freesurfer methods; hippocampal measures have 

been previously been found to be highly variable between techniques, likely due to 

differing definitions of the region (Cash et al. 2015). This study extends these findings 

by showing that greater longitudinal hippocampal atrophy is seen in control subjects 

with a higher burden of WMHs, after adjusting for concurrent brain atrophy. Two recent 

studies which categorised AD patients based on atrophy patterns found that the group 

with predominantly hippocampal atrophy had the greatest WMH burden (Dong et al. 

2017; Ferreira et al. 2018). Interestingly, studies categorising patients by atrophy 

patterns also highlight the presence of AD groups experiencing minimal atrophy (18% 

in Poulakis et al) (Poulakis et al. 2018; Persson et al. 2017). 

These VBM analyses did not find a longitudinal association between WMHs and 

atrophy in the hippocampal region but did find significant positive associations in other 

cortical regions. That I did not find statistically significant evidence of an association 

between hippocampal atrophy rate and WMHs in these analyses may be due to the 

lower WMH burden and slower progression in the subset with a usable baseline and 24 

month scan pair (see Table 6:4), or of the difficulty of this technique at detecting 

specific hippocampal change. Those with unusable 24 month scans had lower brain 

volumes and higher WMH volumes at baseline than those who had good quality 24 

month imaging. Other studies have found such selection biases: Leung et al. found, 

within a similar subset of ADNI, a trend that suggested controls and AD subjects with 

higher brain atrophy rates between baseline and 12 months would be less likely to 
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have an available 12 to 24 month scan pair (Leung et al. 2013). This suggests these 

VBM findings may be biased toward those with a less aggressive disease course and 

less white matter disease. In addition, VBM was performed on a single (baseline-24 

month) scan pair and BSIs on all available scan pairs including those who dropped out 

before 24 months, thus reducing power with which to detect an association with VBM.  

VBM analyses showed subjects with higher WMH volume had lower cross-sectional 

volumes in somatosensory and motor cortices in control and MCI subjects, and greater 

longitudinal change in MCI patients.  These regions are among the last areas to be 

affected by Aβ plaques and neuritic tangles in AD (Braak & Braak 1991; Brun & 

Englund 1981), suggesting tissue loss in these regions is more likely to be related to 

shared vascular processes underlying WMH burden than AD pathology. Atrophy in 

motor regions related to WMHs is also supported by clinical symptoms of impaired gait 

and motor control experienced by individuals with a high burden of WMHs, as reported 

previously (Longstreth et al. 1996; Silbert et al. 2008; Whitman et al. 2001). Gait 

disturbance may be caused by involvement of periventricular WMHs disrupting 

descending and ascending sensory and motor pathways (Longstreth et al. 1996). 

Limitations of this study are that there are biases in the study sample which may limit 

generalisability to a wider population. These associations were found in healthy ADNI 

controls who were free from overt cardiovascular disease (subjects with a Hachinski 

score of < or equal to 4 included), were well educated and of a high socioeconomic 

status. As such these findings may be different compared to a community population, 

who may have a greater vascular burden. The imaging data for this set of ADNI did not 

acquire FLAIR MRI which gives a more accurate estimation of white matter 

hyperintensity volume. These measures may not be optimal as it is becoming clearer 

that novel techniques such as diffusion MRI can detect subtle white matter changes 

before they become visible on standard structural MRI (de Groot et al. 2013). 

Additionally I looked at a global, total measure of WMHs and did not look at subtypes of 

WMH, such as deep or periventricular, nor did I split by regions, such as frontal or 

parietal WMHs; these may have given differing results (Tosto et al. 2015). Lastly, to 

fully investigate the impact of SVD on atrophy rates, further markers of SVD, such as 

lacunes and MBs, and larger subject sizes allowing the unpicking of relationships 

between vascular covariates, imaging markers of vascular damage and atrophy would 

be required.  

 In summary, this study indicates that WMH load is associated with hippocampal 

atrophy in healthy older adults. Further longitudinal investigation will be required to 

determine whether WMHs are an important step on the pathway to atrophy and 

cognitive impairment. If they are, subsequent preventative approaches designed to 
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reduce the risk of developing WMHs could therefore potentially decrease the incidence 

or delay the onset of atrophy and cognitive impairment. 
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Chapter 7: Drivers of associations between 

WMH and atrophy 

7.1: Introduction  

In chapter 6 I established that WMH volume was associated with disproportionate 

hippocampal atrophy in ADNI1 control subjects. This chapter will closely examine this 

relationship, in order to determine its potential drivers. 

Whether the influence of WMHs to hippocampal atrophy rate is independent of other 

shared risk factors is important (Appelman, Exalto, et al. 2009). AD and WMHs share 

numerous shared risk factors, including increased CSF markers of Aβ and tau, age and 

vascular risk factors (VRFs) (Godin et al. 2009; Appelman, Exalto, et al. 2009). The 

relationship between WMH volume and disproportionate hippocampal atrophy 

observed in Chapter 6 may be solely driven by cognitively normal individuals with 

preclinical AD. No study has thoroughly investigated whether the relationship between 

WMHs and hippocampal atrophy rate is explained by AD pathology. 

WMHs may also function purely as a marker for ageing and cumulative vascular risk; 

the relationship between WMHs and disproportionate hippocampal atrophy may 

therefore be solely driven by subjects with greater WMHs and poor vascular health. 

Poor vascular health may lead to increased risk of hippocampal atrophy through 

mechanisms independent of WMHs.  

Lastly a further factor which may influence relationships between WMHs and atrophy 

rates is head size, as measured by total intracranial volume. There has been little work 

on the importance of head size on WMHs and atrophy rates, however one study has 

investigated whether head size influences the impact of WMHs on risk of dementia 

(Skoog et al. 2012). The rationale for this investigation provided by Skoog et al is the 

assumption that a larger brain has a greater number of neurons and therefore a greater 

WMH volume would be required before reaching the threshold for clinical symptoms of 

dementia. The authors found that smaller the TIV, the higher the risk for dementia in 

relation to WMHs. No study has investigated the effect of head size on the influence of 

WMHs on atrophy rate. It may be that subjects with the same volume of WMH, but 

different TIVs have different relationships between WMHs and atrophy rate. 
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The hypotheses to be examined in this chapter are as follows: 

i. The disproportionate hippocampal atrophy observed in chapter 6 is related to 

vascular damage; the association between WMH volume and hippocampal 

volume change will remain after adjustment for CSF biomarkers of tau and 

Aβ42. 

ii. The hippocampal atrophy is related to white matter disease, it will survive 

following correction for age and vascular risk factors (hypertension, diabetes, 

hyperlipidaemia, smoking history and APOE status). 

iii. The relationships between WMHs and hippocampal atrophy rate in controls are 

not accounted for by a set of preclinical AD patients; relationships will remain in 

controls who have not converted to MCI by the end of the study. 

iv. The relationship between WMHs and hippocampal atrophy will remain 

unchanged after accounting for the relationship between WMHs and TIV. 

All hypotheses were explored using BSI models from chapter 6, longitudinal VBM was 

additionally completed on the subset with available CSF (n= 249). 

7.2: Methods 

Methods for this chapter are adaptations of models from Chapter 6 in order to see how 

different predictors affect the relationship between WMH volume and disproportionate 

hippocampal atrophy, see 6.2: for information on subjects, image analysis and model 

set up. For hypotheses i, ii and iv listed above covariate(s) are added, for hypothesis iii 

analyses are run in modified groups reflecting conversion status. 

  CSF adjustment 7.2.1:

CSF markers CSF Aβ42 and tau were added to the longitudinal models of BSI (see 

6.2.4.3:), in order to see how their inclusion influenced the relationship of WMHs to 

disproportionate hippocampal atrophy. Details on the CSF collection in ADNI1 are 

detailed elsewhere (Shaw et al. 2009). 

7.2.1.1:  CSF subset VBM 

Additional longitudinal VBM analyses were run on the CSF subgroup. All VBM steps 

were completed as per the pipeline described in Chapter 6 (6.2.5:), with the exception 

of a modified groupwise template; the DARTEL registration was limited to the subset of 

the VBM group with CSF data (n= 249). Three models were run, with CSF Aβ1-42 as a 

covariate, tau as a covariate and with both Aβ1-42 and tau as covariates. 

  Vascular Risk Factor Adjustment 7.2.2:

 Age and VRFs were added to the longitudinal models of BSI see 6.2.4.3:. The 

VRFs added were history of hypertension, hypercholesterolemia, diabetes, smoking 
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and APOE genotype (a binary covariate indicating presence of one or more APOE ε4 

alleles). 

  Conversion status and WMH  7.2.3:

 In order to assess whether relationships were driven by preclinical AD patients I 

split the groups into stable controls, converting controls, stable MCIs and MCI 

converters.  Converters were defined as a control subject who changed to a diagnosis 

of MCI or AD during the study, or an MCI subject who progressed to a diagnosis of AD 

during the study. Stable individuals were defined as a study member who has retained 

the same clinical diagnosis throughout the study and remained in the study until the 

final 36 month time point. Models of brain and hippocampal change (see 6.2.4.3:) were 

run separately in each group (stable controls, converting controls, stable MCI and 

converting MCIs). Models were run with and without age as a covariate. 

  TIV-WMH interaction term  7.2.4:

 I also investigated whether the effect of WMHs on atrophy rates was dependent 

on TIV to test whether subjects with the same volume of WMH, but different TIVs 

(serving as a proxy for head size) have differing relationships between WMHs and 

atrophy. For this an interaction term between TIV, WMH volume and interval was 

added to the previous mixed models of WMHs and TIV with atrophy rate as outcome. 

Consequently both atrophy rate and WMHs were adjusted for TIV; the former through 

the main effect of TIV and the latter with the WMH-TIV interaction term. The overall 

effect of WMHs on atrophy rates with the TIV-WMH interaction was tested by 

comparing models with the WMH-TIV interaction and WMH as predictors, versus 

models without these coefficients using a likelihood ratio test. Graphs of whole brain 

and hippocampal atrophy rate against log2WMH were also plotted, split by tertiles of 

TIV, in order to visualise the TIV-WMH interaction term. 

7.3: Results 

 CSF Subset analyses 7.3.1:

7.3.1.1: Associations between log2WMH and atrophy rates following CSF biomarker 

adjustment 

Table 7:1 shows the results from the biomarker analyses. The relationship between 

whole brain and hippocampal atrophy and log2WMH remained statistically significant in 

the control group following adjustment for CSF biomarkers, with a doubling of WMH 

volume associated with an increase in atrophy rate of 0.3ml/year (0.07, 0.6) for the 

whole brain and 0.008 ml/year (0.004, 0.01) for the hippocampus. There was no 

evidence of an association between WMHs and hippocampal atrophy rate after CSF 
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biomarker adjustment in MCI subjects. Importantly, in the control group a strong 

association between WMHs and hippocampal atrophy rate survived following 

adjustment for concurrent whole brain atrophy rate and CSF biomarkers, with a 

doubling in WMH volume estimated to increase hippocampal atrophy rate by 0.005 

ml/year (0.001, 0.009). However, it did not remain statistically significant in the subset 

of MCI patients with CSF measures, in contrast to findings in the whole group 

unadjusted for CSF biomarkers.  

 
Controls MCI AD 

N 100 167 86 

Rate of whole brain atrophy (ml/year) 
6.25 

(5.64, 6.86) 
p<0.001 

11.46 
(10.53, 12.40) 

p<0.001 

14.48 
(13.18, 15.79) 

p<0.001 

Rate of hippocampal atrophy (ml/year) 
0.06 

(0.05, 0.07) 
p<0.001 

0.15 
(0.14, 0.16) 

p<0.001 

0.19 
(0.17, 0.21) 

p<0.001 

Association between WMH and whole 

brain atrophy rate
a

 

0.3 
(0.07, 0.6) 

p=0.01 

0.2 
(-0.2, 0.6) 

p=0.4 

-0.2 
(-0.8, 0.3) 

p=0.4 

Association between WMH and 

hippocampal atrophy rate
a

 

0.008 
(0.004, 0.01) 

p<0.001 

0.004 
(-0.002, 0.01) 

p=0.2 

-0.0008 
(-0.008, 0.007) 

p=0.8 

Association between CSF Aβ
42

 and 

whole brain atrophy rate
b

 

-0.2 
(-0.3, -0.06) 

p=0.004 

-0.4 
(-0.6, -0.2) 
p<0.001 

-0.3 
(-0.6, 0.03) 

p=0.08 

Association between CSF Aβ
42

 and 

hippocampal atrophy rate
b

 

-0.001 
(-0.003, 0.0008) 

p=0.2 

-0.006 
(-0.009, -0.003) 

p<0.001 

-0.004 
(-0.008, 0.0003) 

p=0.07 

Association between CSF tau and 

whole brain atrophy rate
c

 

0.2 
(-0.04, 0.4) 

p=0.1 

0.04 
(-0.2, 0.2) 

p=0.7 

0.1 
(-0.1, 0.3) 

p=0.4 

Association between CSF tau and 

hippocampal atrophy rate
c

 

0.005 
(0.002, 0.009) 

p=0.006 

0.002 
(-0.001, 0.005) 

p=0.3 

-0.001 
(-0.004, 0.002) 

p=0.6 

Association between WMH and whole 
brain atrophy rate adjusted for 

hippocampal atrophy rate
d

 

0.1 
(-0.1, 0.3) 

p=0.4 

-0.004 
(-0.3, 0.3) 

p>0.9 

-0.2 
(-0.7, 0.3) 

p=0.5 

Association between WMH and 
hippocampal atrophy rate adjusted for 

whole brain atrophy rate
e

 

0.005 
(0.001, 0.009) 

p=0.007 

0.002 
(-0.002, 0.007) 

p=0.4 

-0.0004 
(-0.007, 0.007) 

p=0.9 

Table 7:1: Results from the regression models assessing the relationship between atrophy rates (outcome measures) 

and log2WMH volume, CSF Aβ and tau (predictors). Estimates are shown with 95% confidence intervals for increase in 

atrophy rate in ml/year: for a doubling of WMH conditional on intracranial  volume, CSF Aβ42 and tau
a
, for a 10 pg/ml 

increase in Aβ conditional on intracranial volume, log2WMH volume and CSF tau
b
,  for a 10 pg/ml increase in tau, 

conditional on intracranial volume, Aβ42 and log2WMH volume
c 
 and for a doubling of WMH conditional on intracranial  

volume, CSF Aβ42 and tau
d
, hippocampal atrophy rated or whole brain atrophy rate

e
. From Fiford et al, Hippocampus 

https://doi.org/10.1002/hipo.22690 

 

7.3.1.2: Associations between Aβ42 and atrophy rates adjusted for tau and log2WMH 

 In the CSF biomarker subset, after adjustment for tau and log2WMH, lower 

baseline CSF Aβ42 was associated with increased whole brain atrophy rates in controls 

with a 10 pg/ml decrease in concentration of Aβ42 associated with an increase in whole 

brain atrophy rate of 0.2ml/year (0.06, 0.3). In MCI patients lower Aβ42 was also 
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associated with an increased whole brain atrophy rate; with a 10pg/ml decrease in 

concentration of Aβ42 estimated to increase atrophy rate by 0.4ml/year (0.2, 0.6). In 

MCI patients evidence was observed for an association between Aβ42 and hippocampal 

atrophy, with a 10pg/ml decrease in Aβ42 associated with an increase in atrophy rate of 

0.006 ml/year (0.003, 0.009).  

7.3.1.3: Associations between CSF tau and atrophy rates adjusted for Aβ42 and 

log2WMH 

 In controls there was evidence that increasing CSF tau was associated with an 

increase in hippocampal atrophy rate adjusted for Aβ42 and log2WMH, with a 10 pg/ml 

increase in tau associated with an increase in atrophy rate of 0.005 ml/year (0.002, 

0.009). There were no other statistically significant associations. 

7.3.1.4: VBM results on CSF Subset 

 Longitudinal VBM on the CSF subset (n= 249) showed no significant clusters. 

  Vascular risk factor adjustment 7.3.2:

 Following age and VRF adjustment, WMH volume remained associated with 

hippocampal atrophy in controls and MCI patients (see Table 7:2), with a doubling of 

WMH burden associated with an increase in hippocampal atrophy rate of 0.004 ml/year 

(0.001, 0.008) for controls and 0.007 ml/year (0.003, 0.012) for MCI patients; although 

for controls this was not statistically significant following correction for concurrent whole 

brain atrophy. However, in models adjusting for CSF Aβ42, CSF tau, VRFs and age, 

WMH volume was found to be associated with hippocampal atrophy after adjusting for 

concurrent whole brain atrophy; with a doubling of WMH volume associated with an 

increase in atrophy rate of 0.005 ml/year (0.001, 0.009), see Table 7:3. 

 Conversion status and WMH  7.3.3:

 Results from models assessing WMHs and atrophy rates in stable controls, 

converting controls, stable MCIs and MCI converters are shown in Table 7:4. As 

expected stable controls had the lowest whole brain atrophy rates of 6.3 ml/year (5.73, 

6.8), followed by converting controls 7.4 ml/year (5.5, 9.3), stable MCIs 8.4 (7.4, 9.3) 

and MCI converters 13.08 (12, 14) for subjects with mean TIV values. Stable controls 

also had the lowest hippocampal atrophy rates at 0.06 ml/year lost (0.06, 0.07), 

converting controls and stable MCIs had similar hippocampal atrophy rates (0.1ml/yr 

(0.07, 0.2)) for converting controls, and 0.1 ml/yr (0.09, 0.1) for stable MCIs), whilst 

MCI converters had the most rapid atrophy rate at 0.2 ml/yr (0.16, 0.19) for subjects 

with mean TIV values. 
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 Controls MCI AD 

N 198 345 154 

Rate of whole brain atrophy ml/year 
5.93 

(<0.01) 
(5.06, 6.80) 

9.11 
(<0.01) 

(7.84,10.37) 

13.49 
(<0.01) 

(11.02, 15.95) 

Rate of hippocampal atrophy ml/year 
0.06 

(<0.01) 
(0.04, 0.07) 

0.11 
(<0.01) 

(0.09, 0.13) 

0.17 
(<0.01) 

(0.13, 0.20) 

Association between WMH and whole brain 
atrophy

a
 

0.213 
(0.06) 

(-0.007, 0.434) 

0.346 
(0.02) 

(0.066, 0.627) 

0.187 
(0.45) 

(-0.295, 0.668) 

Association between WMH and hippocampal 
atrophy

a
 

0.004 
(0.02) 

(0.001, 0.008) 

0.007 
(<0.01) 

(0.003, 0.012) 

-0.002 
(0.55) 

(-0.009, 0.005) 

Association between WMH and whole brain 
atrophy rate adjusted for hippocampal atrophy 

rate
b
 

0.062 
(0.5) 

(-0.121, 0.246) 

0.023 
(0.8) 

(-0.188, 0.233) 

0.270 
(0.2) 

(-0.131, 0.670) 

Association between WMH and hippocampal 
atrophy rate adjusted for whole brain atrophy 

rate
c
 

0.002 
(0.12) 

(-0.001, 0.005) 

0.004 
(0.03) 

(0.001, 0.007) 

-0.004 
(0.2) 

(-0.009, 0.002) 

Table 7:2: Results from the regression models assessing the relationship between atrophy rates (outcome measures) 

and log
2
WMH volume (predictor). Estimates are shown for increase in atrophy rate (ml/year), with 95% confidence 

intervals: for a doubling of WMH, adjusted for intracranial  volume, history of smoking, hyperlipidaemia, diabetes, 

hypertension, APOE genotype, and age
a

; additionally hippocampal atrophy rate
b

 ; or whole brain atrophy rate
c

 . From 

Fiford et al, Hippocampus https://doi.org/10.1002/hipo.22690 

 
 

Controls MCI AD 

N 100 167 86 

Rate of whole brain atrophy (ml/year) 
5.28 

(<0.01) 
(4.27, 6.29) 

10.69 
(<0.01) 

(8.85, 12.53) 

14.73 
(<0.01) 

(11.10, 18.36) 

Rate of hippocampal atrophy (ml/year) 
0.05 

(<0.01) 
(0.03, 0.07) 

0.12 
(<0.01) 

(0.09, 0.15) 

0.18 
(<0.01) 

(0.13, 0.23) 

Association between WMH and whole brain 
atrophy rate

a
 

0.336 
(0.01) 

(0.095, 0.578) 

0.332 
(0.10) 

(-0.066, 0.729) 

-0.127 
(0.65) 

(-0.686, 0.431) 

Association between WMH and hippocampal 
atrophy rate

a
 

0.007 
(<0.01) 

(0.003, 0.012) 

0.005 
(0.12) 

(-0.001, 0.011) 

-0.003 
(0.40) 

(-0.011, 0.004) 

Association between CSF Aβ and whole brain 
atrophy rate

b
 

-0.180 
(<0.01) 

(-0.306, -0.055) 

-0.289 
(<0.01) 

(-0.488, -0.091) 

-0.194 
(0.27) 

(-0.542, 0.154) 

Association between CSF Aβ and 
hippocampal atrophy rate

b
 

-0.002 
(0.06) 

(-0.004, 0.000) 

-0.005 
(<0.01) 

(-0.008, -0.002) 

-0.003 
(0.15) 

(-0.008, 0.001) 

Association between CSF tau and whole brain 
atrophy rate

c
 

0.315 
(0.01) 

(0.093, 0.537) 

0.047 
(0.66) 

(-0.161, 0.255) 

0.047 
(0.71) 

(-0.201, 0.296) 

Association between CSF tau and 
hippocampal atrophy rate

c
 

0.006 
(<0.01) 

(0.002, 0.010) 

0.001 
(0.57) 

(-0.002, 0.004) 

-0.001 
(0.65) 

(-0.004, 0.003) 
Association between WMH and whole brain 

atrophy rate adjusted for hippocampal atrophy 
rate

d
 

0.160 
(0.2) 

(-0.083, 0.404) 

0.121 
(0.4) 

(-0.177, 0.419) 

-0.006 
(1.0) 

(-0.500, 0.487) 
Association between WMH and hippocampal 
atrophy rate adjusted for whole brain atrophy 

rate
e
 

0.005 
(<0.01) 

(0.001, 0.009) 

0.001 
(0.6) 

(-0.003, 0.006) 

-0.002 
(0.4) 

(-0.009, 0.004) 

Table 7:3: Results from the regression models assessing the relationship between atrophy rates (outcome measures) 

and log2WMH volume, CSF Aβ and tau (predictors) all adjusted  intracranial  volume, history of smoking, 

hyperlipidaemia, diabetes, hypertension, APOE genotype, and age (covariates). Estimates are shown with 95% 

confidence intervals for an increase in atrophy rate in ml/year: for a doubling of WMH adjusted for CSF Aβ and taua, for 

a 10 pg/ml increase in Aβ conditional on log2WMH volume and CSF taub, for a 10 pg/ml increase in tau, adjusted for Aβ 

and log2WMH volumec  and for a doubling of WMH conditional on intracranial  volume, CSF Aβ and tau and 

hippocampal atrophy rated or whole brain atrophy rate
e
. From Fiford et al, Hippocampus 

https://doi.org/10.1002/hipo.22690 
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Stable Controls 

Converting 
Controls 

Stable MCIs MCI Converters 

N 142 9 89 144 

Whole brain atrophy rate, ml/year 
6.26 

(<0.01) 
(5.73, 6.78) 

7.39 
(<0.01) 

(5.51, 9.27) 

8.38 
(<0.01) 

(7.42, 9.34) 

13.08 
(<0.01) 

(12.00, 14.15) 

Hippocampal atrophy rate, ml/year 
0.06 

(<0.01) 
(0.06, 0.07) 

0.12 
(<0.01) 

(0.07, 0.16) 

0.11 
(<0.01) 

(0.09, 0.12) 

0.18 
(<0.01) 

(0.16, 0.19) 

Association between WMH and whole 

brain atrophy rate
a

 

0.285 
(0.02) 

(0.051, 0.519) 

0.716 
(0.17) 

(-0.310, 1.743) 

0.245 
(0.19) 

(-0.122, 0.613) 

-0.228 
(0.33) 

(-0.685, 0.228) 

Association between WMH and 

hippocampal atrophy rate
a

 

0.006 
(<0.01) 

(0.002, 0.009) 

0.007 
(0.58) 

(-0.017, 0.030) 

0.003 
(0.36) 

(-0.003, 0.009) 

0.002 
(0.46) 

(-0.004, 0.009) 

Association between WMH and whole 
brain atrophy rate adjusted for 

hippocampal atrophy rate
b

 

0.093 
(0.4) 

(-0.117, 0.303) 

0.681 
(0.2) 

(-0.35, 1.72) 

0.147 
(0.34) 

(-0.155, 0.448) 

-0.345 
(0.05) 

(-0.68, -0.008) 

Association between WMH and 
hippocampal atrophy rate adjusted for 

whole brain atrophy rate
c

 

0.003 
(0.03) 

(0.000, 0.006) 

0.005 
(0.7) 

(-0.022, 0.032) 

0.001 
(0.84) 

(-0.004, 0.006) 

0.005 
(0.06) 

(-0.000, 0.009) 

Table 7:4: Results from the regression models assessing the relationship between atrophy rates (outcome measures) 

and log2WMH volume (predictor) split by conversion status. Estimates are shown for increase in atrophy rate (ml/year), 

p value, and 95% confidence intervals: for a doubling of WMH, conditional on intracranial  volume
a

, conditional on 

intracranial volume and hippocampal atrophy rate
b

 , conditional on intracranial volume and whole brain atrophy rate
c
.  

Higher WMH volume predicted greater whole brain and hippocampal atrophy in stable 

controls. For stable controls increased WMH burden disproportionately affected the 

hippocampus. There was some evidence also of a disproportionate relationship of 

WMHs on the hippocampus in MCI converters, and also contrasting evidence for a 

disproportionate effect of WMHs on whole brain atrophy in MCI converters in the 

opposing direction, i.e. greater WMH volume associated with reduced whole brain 

atrophy rate in younger subjects after adjusting for hippocampal atrophy rate. 

 I hypothesised that the reduced hippocampal atrophy rate with greater WMH 

volume seen in converting MCIs may be driven by rapidly atrophying younger MCI 

subjects with lower vascular load (and therefore lower WMH volume) and higher 

atrophy rates, as younger subjects have previously been found to have higher atrophy 

rates and faster progression (Cho, Jeon, et al. 2013; Sluimer et al. 2008). In a model 

split by conversion status with age as a covariate (Table 7:5) atrophy rates remain 

similar for the whole brain and hippocampus for each group.  There was no relationship 

between WMHs and disproportionate whole brain atrophy in MCI converters, whilst a 

relationship between age and whole brain atrophy rate became apparent; a 10 year 

increase in atrophy rate was associated with a reduction in whole brain atrophy of 0.3 

(0.2, 0.5). A disproportionate WMH-whole brain atrophy relationship became apparent 

in converting controls, where controls which convert (n=9), have a positive relationship 

between whole brain atrophy rate and WMHs after adjusting for hippocampal atrophy 

rate, an increase of 1 ml/year (0.1, 2) for a doubling of WMH volume. 
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  Stable Controls Converting 
Controls 

Stable MCIs MCI Converters 

N 142 9 89 144 

Whole brain atrophy rate, 
ml/year 

6.25 
(<0.01) 

(5.72, 6.78) 

7.39 
(<0.01) 

(5.57, 9.21) 

8. 38 
(<0.01) 

(7.42, 9.34) 

13.09 
(<0.01) 

(12.09, 14.10) 

Hippocampal atrophy rate, 
ml/year 

0.06 
(<0.01) 

(0.06, 0.07) 

0.12 
(<0.01) 

(0.09, 0.15) 

0.11 
(<0.01) 

(0.09, 0.12) 

0.18 
(<0.01) 

(0.16, 0.19) 

Association between WMH 

and whole brain atrophy rate
a

 

0.283 
(0.02) 

(0.047, 0.519) 

0.894 
(0.10) 

(-0.177, 1.966) 

0.273 
(0.17) 

(-0.113, 0.660) 

0.037 
(0.87) 

(-0.410, 0.483) 

Association between WMH 
and hippocampal atrophy 

rate
a

 

0.005 
(<0.01) 

(0.002, 0.008) 

-0.004 
(0.63) 

(-0.022, 0.013) 

0.003 
(0.38) 

(-0.004, 0.009) 

0.005 
(0.10) 

(-0.001, 0.012) 

Association between age and 

Whole Brain atrophy rate
b

 

0.007 
(0.90) 

(-0.103, 0.117) 

-0.181 
(0.42) 

(-0.623, 0.261) 

-0.032 
(0.64) 

(-0.170, 0.105) 

-0.333 
(<0.01) 

(-0.486, -0.179) 

Association between age and 

hippocampal atrophy rate
b

 

0.002 
(<0.01) 

(0.000, 0.004) 

0.011 
(<0.01) 

(0.004, 0.019) 

-0.00 
(1.0) 

(-0.00, 0.00) 

-0.004 
(<0.01) 

(-0.006, -0.002) 

Association between WMH 
and whole brain atrophy rate 
adjusted for hippocampal 

atrophy rate
c

 

0.100 
(0.4) 

 (-0.108, 0.306) 

1.04 
(0.03) 

 (0.113, 1.972) 

0.174 
(0.28) 

(-0.142, 0.491) 

-0.205 
(0.24) 

(-0.550, 0.140) 

Association between WMH 
and hippocampal atrophy rate 
adjusted for whole brain 

atrophy rate
d

 

0.003 
(0.06) 

(-0.000, 0.006) 

-0.012 
(0.22) 

(-0.030, 0.007) 

0.0002 
(0.9) 

(-0.005, 0.006) 

0.005 
(0.04) 

(0.000, 0.010) 

Table 7:5: Results from the regression models assessing the relationship between atrophy rates (outcome measures) 

and log2WMH volume (predictor) split by conversion status with age as a covariate. Estimates are shown for increase in 

atrophy rate (ml/year), p value, with 95% confidence intervals: for a doubling of WMH, conditional on intracranial  

volume (TIV) and age (a), a 10 year increase in age conditional on TIV and WMH (b), a doubling of WMH conditional on 

age, TIV and hippocampal atrophy rate (c), or whole brain atrophy rate (d).  

 TIV-WMH interaction 7.3.4:

 Following the addition of an interaction term between WMH volume and TIV all 

significant associations of WMHs to atrophy rate remained, see Table 7:6. The TIV-

WMH interaction term was significant for the whole brain of controls; at the mean TIV a 

doubling of WMH volume was associated with an increase of 0.3 (0.07, 0.51) ml/year in 

atrophy rate. This association between WMHs and atrophy rate is then estimated to 

increase by 0.2 (0.01, 0.38) ml/year for each 100ml increase in TIV. However, 

inspection of graphs of predicted atrophy rate and log2WMH split by tertiles of TIV, 

show little difference in the WMH-atrophy rate relationship across the span of TIV (see 

Figure 7:1). 
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Controls MCI AD 

N 100 167 86 

Rate of whole brain atrophy (ml/year) 
6.24 

(p<0.01) 
(5.75 - 6.72) 

10.68 
(p<0.01) 

(10.00 - 11.37) 

15.10 
(p<0.01) 

(14.03 - 16.16) 

Rate of hippocampal atrophy (ml/year) 
0.06 

(p<0.01) 
(0.06 - 0.07) 

0.14 
(p<0.01) 

(0.13 - 0.15) 

0.20 
(p<0.01) 

(0.19 - 0.22) 

Association between WMH and whole brain 

atrophy rate
a

 

0.291 
(0.01) 

(0.073 - 0.509) 

0.118 
(0.41) 

(-0.164 - 0.399) 

0.044 
(0.86) 

(-0.458 - 0.546) 

Association between WMH and hippocampal 

atrophy rate
a

 

0.006 
(p<0.01) 

(0.002 - 0.009) 

0.005 
(0.03) 

(0.001 - 0.009) 

-0.001 
(0.88) 

(-0.008 - 0.007) 

Association between WMH-TIV interaction term 

and whole brain atrophy rate
b

 

0.195 
(0.04) 

(0.012 - 0.377) 

0.075 
(0.44) 

(-0.114 - 0.264) 

-0.036 
(0.83) 

(-0.360 - 0.288) 

Association between WMH-TIV interaction term 

and hippocampal atrophy rate
b

 

0.002 
(0.21) 

(-0.001 - 0.005) 

0.002 
(0.17) 

(-0.001 - 0.005) 

-0.000 
(0.93) 

(-0.005 - 0.004) 
Overall test of association of WMH to brain 

atrophy rate† 
p=0.01 p=0.55 p=0.95 

Overall test of association of WMH to 
hippocampal atrophy rate† 

p=0.01 p=0.04 p=0.99 

Table 7:6: Results from the regression models assessing the relationship between atrophy rates (outcome measures) 

and log2WMH volume, log2WMH-TIV interaction and TIV (predictors). Estimates are shown for increase in atrophy rate 

(ml/year), with 95% confidence intervals: for a doubling of WMHa, or for a 100ml increase in TIVb. † p value for the 

overall association of WMH to atrophy rate. From Fiford et al, Hippocampus https://doi.org/10.1002/hipo.22690 

A 

 

Figure 7:1: Plot of predicted whole brain 

atrophy (a), or hippocampal atrophy rate 

(b), against log2WMH for control subjects, 

with fitted values and lines split by TIV 

tertile. Atrophy rate estimates per person 

were generated from a mixed effects 

regression models with TIV and scan 

interval as covariates and atrophy rate for 

the whole brain or hippocampus as 

outcomes.  From Fiford et al, 

Hippocampus 

https://doi.org/10.1002/hipo.22690 

B 
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7.4: Discussion 

 Here I have found the relationship between WMHs and disproportionate 

hippocampal atrophy remains following correction for CSF markers of AD pathology, 

age and vascular risk factors. These findings were additionally not accounted for by a 

subset of preclinical AD patients (at least amongst those who converted within the 

study time-frame). These results are important, as they suggest that the hippocampus 

is differentially vulnerable to small vessel disease as measured by WMHs, above and 

beyond AD pathology 

 I have found that the relationship between WMH volume and atrophy persists 

when adjusting for CSF biomarkers of AD pathology in controls. Whilst a separate 

vascular means of tissue loss is plausible, Aβ42, tau and WMHs may be intimately 

related. There is evidence from animal models that following ischaemia there is an 

acute increase in secretions of Aβ (Pluta et al. 2013), and following resuscitation from 

cardiac arrest in humans, Zetterberg et al. found a time-dependent increase in Aβ42 

levels detected in the blood (Zetterberg et al. 2011). Recent work has shown that MCI 

participants with low tau, but higher regional WMHs, display increased entorhinal 

cortex atrophy (Tosto et al. 2015). Unlike the current study where associations of AD 

pathology and WMH with hippocampal volume change were independent, one study 

suggested that WMH was associated with hippocampal volume only in MCI and SMC 

individuals with low Aβ; however this study lacked a cognitively normal group (Freeze 

et al. 2016). Finally, poor vascular health may contribute to Aβ42 and tau deposition due 

to impaired clearance of toxins from the brain via the perivascular drainage pathways 

(Tarasoff-Conway et al. 2015).  

 I have found relationships between WMH volume and disproportionate 

hippocampal atrophy remain in controls after removing those who convert to cognitive 

impairment within 3 years. Whilst I understand the limitations of this as a marker of 

underlying preclinical AD, in this chapter I present two lines of evidence that the 

disproportionate hippocampal atrophy in controls is related to white matter damage and 

not underlying AD pathology. Disproportionate hippocampal atrophy related to WMHs 

was seen in controls after adjusting for CSF markers of AD pathology and after 

removing individuals who convert to AD. 

Notably, associations between the hippocampal atrophy and WMHs remained in 

controls following adjustment for VRFs and age in these analyses, suggesting WMHs 

may have an effect on atrophy rate over and above the influence of the effects of the 

VRFs investigated in this study. The observed hippocampal atrophy may be driven by 

an independent direct effect of WMHs, and/or by VRFs and ageing processes which 
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also cause WMHs. Specific vulnerability of the hippocampus to WMHs was suggested 

by the fact that an association was still observed after adjusting for concurrent whole 

brain atrophy, CSF biomarkers, age and VRFs. 

 The dual vulnerability of the hippocampus to vascular and AD pathology is congruent 

with studies demonstrating the susceptibility of the hippocampus to hypertension in 

midlife (Korf et al. 2004) and hypoxia (Di Paola et al. 2008; Horstmann et al. 2010; 

Kirino & Sano 1984). Alternatively WMHs may contribute to atrophy through cortical 

disconnection (Lee et al. 2010; Villain et al. 2008) and/or WMHs in tracts serving the 

hippocampus may lead to axonal loss and subsequent atrophy via Wallerian 

degeneration (Schmidt et al. 2011; Von Bohlen und Halbach & Unsicker 2002). 

Whether the observed link between hippocampal atrophy and WMH volume is 

dependent on TIV (a prodromal marker of brain size) requires more research. 

 I found that after adjusting for the effect of TIV on WMHs all statistically 

significant overall associations of WMHs to hippocampal and whole-brain atrophy rate 

remained as before across subject groups. I also found the TIV-WMH interaction term 

to be significant for the whole brain of controls; meaning those with higher than 

average TIVs had greater effects of WMH on atrophy rates.  The evidence of an 

increase in WMH to atrophy rate effect at higher TIVs was neither strong, nor highly 

significant, and found in one subject group only. Inspection of the graphs plotting WMH 

and atrophy rates by tertiles of TIV show very similar slopes across the TIV ranges.  I 

therefore doubt that the interaction is a true effect. It is also somewhat counter-intuitive 

that those with higher brain volumes would be more impacted by WMHs on atrophy 

rate. Lastly, this finding is also in opposition to Skoog et al, who reported greater odds 

for dementia in relation to WMHs at smaller TIVs (Skoog et al. 2012). 

 This study has a number of limitations. CSF biomarkers were collected only in a 

subset of participants. In the analyses of conversion, pre-clinical participants were 

estimated using markers of clinical conversion which have a key limitation in how long 

subjects are followed for and potential censoring of data by death or subjects leaving 

the study.  

 In summary, this work indicates that WMH load is associated with hippocampal 

atrophy in healthy older adults after adjusting for CSF measures of AD pathology. 

These results show that baseline WMH can partially explain variability in atrophy rates; 

therefore clinical trials to target AD pathology in at-risk populations may increase power 

with which to detect a treatment effect by stratifying or adjusting for WMHs.  
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Chapter 8: SVD associations with atrophy in 

ADNI2Go  

8.1: Introduction 

WMHs, lacunes and MBs are features of SVD which accumulate with age and co-occur 

with AD (Vermeer et al. 2007; Jeerakathil et al. 2004; Yoshita et al. 2006). The 

associations of SVD to neurodegeneration are yet to be understood, as are the 

pathways that may underlie this relationship. One of the primary biomarkers for 

measuring neurodegeneration is atrophy rate (Jack et al. 2018).  

 Whilst evidence from other groups, as well as work in this thesis, establish 

WMHs as a predictor of atrophy rate (Barnes et al. 2013; Enzinger et al. 2005; Schmidt 

et al. 2005), whether it does so independently of other SVD markers, such as MB and 

lacunes, is unknown. Furthermore, the associations of lacunes and MB to longitudinal 

atrophy are not well understood. A small number of studies have implicated lacunes in 

longitudinal brain atrophy (Du et al. 2006; Kloppenborg et al. 2012), although another 

has not found evidence of an association (Van De Pol et al. 2007), and a recent meta-

analysis of in vivo data has found lacunes to be only weakly associated with risk of 

dementia (Bos et al. 2018). In the same meta-analysis MB were not found to associate 

with risk of dementia (Bos et al. 2018). Studies investigating MB relationships with 

atrophy are even more scarce; only one study has investigated incident MB 

associations with longitudinal atrophy rate, which found no relationship between 

incident MB and brain volume change (Goos et al. 2010), although single time point 

studies have found relationships (Samuraki et al. 2015; Chowdhury et al. 2011). No 

study has investigated the associations between presence of an existing MB and 

longitudinal atrophy rate from that point in time. 

 Whether WMHs, MBs, and lacunes can predict neurodegeneration requires 

investigation in order to understand AD pathogenesis. Elucidating whether any 

relationships between these SVD markers and atrophy are independent of one another 

will help us to understand whether these markers share a common pathway which 

results in neurodegeneration and dementia, or whether they represent independent 
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(parallel) pathways. Understanding shared or independent effects may be important for 

effective drug treatment, for example, if pathologies are independently associated with 

atrophy it may be that a combination of strategies to target pathways to 

neurodegeneration are required to prevent dementia. 

 In this study I will investigate the contributions of WMHs, MB and lacunar 

infarcts to longitudinal brain atrophy in ADNI2Go (phases ADNI2 and Go combined). 

Whilst relationships between WMHs and atrophy have been examined in detail in 

previous chapters of this thesis, ADNI2Go are a novel dataset of individuals to explore 

this association, benefitting also from additional SMC and EMCI subject groups which 

were not present in ADNI1. The control, LMCI and AD group of individuals will also 

serve as a replication dataset since only newly recruited individuals were studied. To 

my knowledge, the independent associations of WMHs, lacunes and MB to longitudinal 

atrophy have not yet been investigated. I will investigate these effects using 

longitudinal VBM and whole brain BSI. 

My hypotheses for this study are as follows: 

i. WMH volume will be related to progressive brain volume loss. 

ii. Presence of one or more MBs will be related to progressive brain volume loss. 

iii. Presence of a lacune will be related to progressive brain volume loss. 

iv. The associations of WMHs, MB and lacunes to brain atrophy will be 

independent of one another. 

8.2: Methods 

 Subjects 8.2.1:

Newly enrolled subjects from ADNI2 and ADNIGo were analysed in this study, see 

2.1.1: for more information. I analysed data from control, EMCI, LMCI, SMC and AD 

participants who had a baseline accelerated 3T T1-weighted MRI scan and at least 1 

follow-up accelerated 3T T1-weighted scan from the same scanner.  

 Imaging 8.2.2:

All images underwent standard ADNI neuroimaging processing, see methods 2.2.1:. 

Individual T1-weighted images were additionally checked at the Dementia Research 

Centre, UCL, London, UK to check for significant motion artefact that would cause 

blurring at the tissue boundaries. This study utilised baseline T1-weighted MRI (for 

SVD measurement and atrophy rate estimation), serial T1-weighted MRI imaging (for 

estimation of atrophy rate), baseline T2 FLAIR and baseline T2* images (for SVD 

measurement). All images were acquired on a 3T scanner. T1 weighted images were 
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volumetric, T2 FLAIR images had a slice thickness of 5mm, and T2* of 4mm. For more 

details on scan acquisition in ADNIGo, see 2.2.2: and the appendix. 

For estimation of atrophy rate from follow up images, only images from the same 

scanner as the baseline were used, e.g. for an individual who had 5 scans of which 3 

scans were acquired pre-scanner upgrade and 2 following the upgrade, only the first 3 

scans were used. 

 SVD marker detection 8.2.3:

In this chapter, where the term ‘SVD markers’ is used, I am referring to the MB, WMH 

and lacune data included in this study, although other SVD lesions exist, see 1.5:. 

WMHs were estimated on the FLAIR image, in combination with the T1 using BaMoS 

(Sudre et al. 2015), see methods 2.3.3.4:.  

MB were identified on T2* imaging with co-registered FLAIR and T1 imaging available 

for reference within NiftyMidas. Using Reg-Aladdin, FLAIR and T1 imaging was 

registered to T2* in order that the T2* remained in native space. This is important as 

T2* imaging was not volumetric (see typical imaging parameters for ADNI2/Go, 

appendix). During the MB identification process, MB were counted and markers were 

placed within the MB for future reference, as well as to double check the manual 

counts. To be considered a MB, the hypointensity on T2* had to be small, <10mm in 

diameter, well-defined, and either ovoid or round in shape. The microbleed had to be 

blooming on the T2* compared with the other imaging sequences. Mimics of MB, 

including vessels, mineralisation, partial volume and air-bone interface artefacts 

(Gregoire et al. 2009), were identified using all imaging types, and disregarded. Care 

was taken to ensure the same microbleed was not counted on multiple slices, as, 

occasionally, partial volume was evident on a second slice. One rater marked all the 

MB, with the manual counts performed according to the MARS scale (Gregoire et al. 

2009). Hypointensities on T2* that were difficult to confirm as MB were double checked 

with a radiologist.  

Lacunes of presumed vascular origin (Wardlaw, E. E. Smith, et al. 2013) were 

identified on FLAIR imaging in a similar manner to MB. Co-registered T1 to FLAIR 

imaging was also used to aid lacune identification. A lacune was recorded and marked 

using NiftyMidas if a hypointense area on the FLAIR imaging corresponded to a region 

of hypointensity on the registered T1 imaging. These often had a rim of hyperintensity 

but this was not an essential inclusion criterion. Lacunes were only included in the 

regions of white matter in the territory of perforating arterioles: specifically those from 

the posterior cerebral artery and the middle cerebral artery. The size of the lacune was 

important; as suggested by Wardlaw et al (Wardlaw, E. E. Smith, et al. 2013); there 
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was a lower limit of 3mm and an upper limit of 15mm in diameter as inclusion criteria. 

All lacunes identified were checked by a radiologist. 

 Image Analysis 8.2.4:

Longitudinal VBM was implemented as before, see sections 2.3.2.2:. Results were 

considered significant at p=0.05 following correction for multiple comparisons using the 

false discovery rate (FDR). 

Longitudinal brain BSI was run as before, see section 2.3.3.1:, on the same individuals 

as the VBM, using the same serial T1-weighted images as inputs. All brain registrations 

resulting from the symmetric BSI pipeline were checked for mis-registration. TIV was 

calculated as before, see section 2.3.3.5:. 

 Statistical Methods 8.2.5:

I look for differences in baseline variables between diagnostic groups, according to 

2.3.5.1:. 

WMHs were log transformed to the base 2, since WMH values were skewed. Lacunes 

and MB were treated as binary variables, indicating the presence of one or more 

lacunae or MB.  

Equivalent models were run with the VBM and BSI methodologies. Models were fitted 

on the whole dataset (i.e. not individually in each diagnostic group) and where numbers 

were sufficient, SVD relationships to atrophy were investigated in each group using a 

diagnostic group-SVD marker interaction term, otherwise the SVD variables were 

treated as main effects. A model investigating the effect of each SVD marker on 

atrophy rate was constructed. A final model was fitted incorporating all SVD markers. 

All models were adjusted for TIV and had a main effect of group. For VBM, random 

effects need not be specified. For BSI models, a participant level random effect for 

scan interval was included to permit between-participant heterogeneity in atrophy rate, 

with different random slope terms fitted for control, SMC, MCI and AD groups, as the 

variability in atrophy rate is often higher in AD patients. A different participant level 

random intercept term was included for each diagnostic group to allow for the 

correlation between BSI measures from the same baseline scan. No intercept was 

included in the BSI model due to the assumption that the estimated atrophy rate over a 

scan interval of zero is zero.  
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8.3: Results 

 Subjects 8.3.1:

Following processing and quality control 738 subjects were used in the study, see 

Figure 8:1. A subset all of those with WMH segmentations had complete lacune and 

MB data (n=717). 

  

 

Figure 8:1:Flowchart depicting subject selection for 

analysis 
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  Demographics 8.3.1:

Participant groups significantly varied in age, with the EMCI as the youngest and AD as 

the oldest group (see Table 8:1). As expected, patient groups performed poorest on the 

MMSE. The AD group also had the highest frequency of APOE ε4 carriers and the 

lowest level of education. There was no evidence of any differences in race or gender 

proportions between the groups.  

 

 
CN SMC EMCI LMCI AD 

Group 
difference 
(p value) 

N 159 72 265 139 103 
 

Age at baseline, years 73.7 (6.2) 
72.0 
(5.6) 

71.4 (7.3) 72.0 (7.7) 
75.0 
(7.8) 

<0.001 

Male (%) 47 44 54 54 59 0.2 

Percentage APOE ε4 carriers 29 38 42 57 74 <0.001 

Years of education 16.5 (2.5) 
17.0 
(2.5) 

16.0 (2.7) 16.7 (2.5) 
15.7 
(2.8) 

<0.001 

Baseline MMSE 29.0 (1.3) 
29.0 
(1.2) 

28.3 (1.6) 27.6 (1.9) 
23.1 
(2.1) 

<0.001 

Race 
(%) 

Asian 
Native Hawaiian or Pacific 
Black or African American 

American Indian or Alaskan 
White 

More than one race 
Race Unknown 

1.26 
0.00 
8.8 

0.00 
88.67 
1.26 
0.00 

0.00 
0.00 
1.40 
0.00 
95.83 
2.78 
0.00 

1.5 
0.38 
1.50 
0.38 
94.00 
1.50 
0.75 

0.72 
0.72 
2.88 
0.00 
95.00 
0.72 
0.00 

2.91 
0.00 
2.91 
0.00 

93.20 
0.97 
0.00 

0.2 

Follow up time (years) 2.4 (1.3) 1.7 (0.8) 2.4 (1.3) 2.2 (1.3) 1.0 (0.5) <0.001 

Number of visits 3.7 (1.2) 1.8 (0.9) 3.4 (1.2) 3.5 (1.0) 2.4 (1.0) <0.001 

Baseline WMH (ml) 3.5 (4.9) 3.6 (4.1) 3.9 (6.9) 
3.6 

(6.3) 
6.1 (8.9) 0.01 

Lacunes† 3 11 0 1 2 0.2 

MB (1 or more) † 27 36 17 6 21 0.1 

Table 8:1: Subject demographics and basic imaging information for the ADNI2/Go cohort.  Demographics are shown for 

controls, Early Mild Cognitive Impairment (EMCI), Late Mild Cognitive Impairment (LMCI), Subjective Memory Concern 

(SMC) and Alzheimer’s disease (AD). Values are mean (SD) unless stated in the table, White matter hyperintensity 

(WMH) is reported as median,(interquartile range). Abbreviations: Mini-mental state examination (MMSE) †subset of 

717 had available lacune and MB data. 

 SVD 8.3.2:

AD participants had on average significantly greater WMH volume than other groups. 

There was a low prevalence of lacunes, only 2.4% of all individuals had lacunes. MBs 

were more commonly detected than lacunes, which were present in 15% of the whole 

group. There were no significant differences in numbers of subjects with a MB or 

lacune across the subject groups. Due to low numbers with MBs and lacunes, MB and 

lacune variables were treated as main effects, whereas the WMH variable was allowed 

to interact with diagnostic group. The WMH-diagnostic group interaction allowed the 

effect of WMH to be investigated in each group. 
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 Atrophy Rates 8.3.3:

 All groups experienced brain atrophy over the course of the study (see Table 

8:2). The fully adjusted model indicated that controls experienced brain atrophy at an 

average rate of 5.3ml/year, adjusted for TIV, lacunes, MB and WMHs. Atrophy rate in 

SMC was not significantly different from controls. Atrophy rate was significantly higher 

than controls in EMCI patients, with an average atrophy rate of 6.8ml/year. LMCI 

patients also had a greater atrophy rate than controls, at 9.3ml/year. Individuals with 

AD had the highest atrophy rates (14.7ml/year). Other models gave similar estimates of 

atrophy rates in each group (Table 8:2 and Table 8:3). 

 

Table 8:2: Results of the models of brain atrophy rate predicted by white matter hyperintensity (WMH) volume interacted 

with diagnostic group (1) and for the WMH model adjusted for small vessel disease (SVD) markers (2). Values are 

shown as estimate (p value) [95% confidence intervals]. Atrophy rates for SMC, EMCI, LMCI and AD are shown relative 

to controls (i.e. numbers for non-control groups are in addition to the effect in controls), p values reflect whether the 

rates are different from CN. P value in controls reflects whether volume change is on average different from zero. 

Estimates  are shown for a change in atrophy rate for a doubling of baseline WMH compared to the average baseline 

volume.  The WMH model adjusted for small vessel disease (SVD) markers is additionally adjusted for presence of a 

MB and presence of a lacune (estimates  are shown for a change in atrophy rate for presence of a MB or lacune). All 

models are adjusted for total intracranial volume. 

  

  
1. WMH only model 

2. WMH adjusted for CVD 
markers 

Control atrophy rate 
ml/yr 

CN 
5.47 

(<0.01) 
[4.90 - 6.03] 

5.28 
(<0.01) 

[4.65 - 5.90] 

 
 
 

Atrophy Rate 
relative to controls 

ml/year 
 
 
 

SMC 
-0.18 
(0.75) 

[-1.31 - 0.94] 

0.02 
(0.98) 

[-1.13 - 1.16] 

EMCI 
1.50 

(<0.01) 
[0.70 - 2.31] 

1.56 
(<0.01) 

[0.74 - 2.39] 

LMCI 
4.04 

(<0.01) 
[2.68 - 5.40] 

3.99 
(<0.01) 

[2.61 - 5.37] 

AD 
 

9.57 
(<0.01) 

[7.70 - 11.44] 

9.37 
(<0.01) 

[7.49 - 11.24] 

WMH-group 
Interaction 

 
 

WMH*CN 
0.09 

(0.66) 
[-0.33 - 0.52] 

0.11 
(0.62) 

[-0.33 - 0.54] 

WMH*EMCI 
0.48 

(0.10) 
[-0.09 - 1.05] 

0.42 
(0.16) 

[-0.16 - 0.99] 

WMH*LMCI 
0.16 

(0.74) 
[-0.78 - 1.10] 

0.06 
(0.90) 

[-0.89 - 1.01] 

WMH*SMC 
0.20 

(0.66) 
[-0.69 - 1.09] 

0.07 
(0.87) 

[-0.84 - 0.99] 

WMH*AD 
0.13 

(0.85) 
[-1.22 - 1.48] 

0.26 
(0.70) 

[-1.08 - 1.61] 

Effect of MB 
on atrophy rate  

1.33 
(0.01) 

[0.32 - 2.35] 

Effect of Lacunes 
on atrophy rate  

-1.77 
(0.09) 

[-3.78 - 0.25] 
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  1. WMH model 2. Lacune 
model 

3. MB model 4. Full model 

Control atrophy 
rate ml/yr 

 5.54 
(<0.01) 

[4.98 - 6.09] 

5.49 
(<0.01) 

[4.92 - 6.05] 

5.17 
(<0.01) 

[4.56 - 5.78] 

5.32 
(<0.01) 

[4.71 - 5.94] 

Atrophy Rate 
relative to 
controls 
ml/year 

SMC 
  
  

-0.25 
(0.66) 

[-1.36 - 0.86] 

-0.10 
(0.86) 

[-1.22 - 1.02] 

0.06 
(0.91) 

[-1.04 - 1.16] 

-0.02 
(0.97) 

[-1.15 - 1.10] 

EMCI 
  
  

1.41 
(<0.01) 

[0.62 - 2.21] 

1.46 
(<0.01) 

[0.65 - 2.27] 

1.53 
(<0.01) 

[0.70 - 2.35] 

1.49 
(<0.01) 

[0.67 - 2.31] 

LMCI 
  
  

3.98 
(<0.01) 

[2.64 - 5.32] 

3.89 
(<0.01) 

[2.54 - 5.24] 

4.04 
(<0.01) 

[2.68 - 5.40] 

3.96 
(<0.01) 

[2.60 - 5.32] 

AD 
  
  

9.46 
(<0.01) 

[7.66 - 11.25] 

9.59 
(<0.01) 

[7.79 - 11.39] 

9.54 
(<0.01) 

[7.76 - 11.32] 

9.33 
(<0.01) 

[7.54 - 11.12] 

Effect of CVD 
marker on 

atrophy rate 

WMH 
  
  

0.33 
(0.01) 

[0.07 - 0.59] 

  0.30 
(0.03) 

[0.04 - 0.57] 

MB   1.48 
(0.004) 

[0.48 - 2.48] 

1.38 
(0.01) 

[0.37 - 2.39] 

Lacunes  -1.12 
(0.27) 

[-3.12 - 0.87] 

 -1.73 
(0.09) 

[-3.74 - 0.29] 

Table 8:3: Results of the models of brain atrophy rate (BSI) predicted by each small vessel disease (SVD) marker 

individually (white matter hyperintensity (WMH), lacune, microbleed (MB)) (1-3), and predicted by all SVD markers in a 

‘full model‘ (4). Values are shown as an estimate (p value) [95% confidence intervals]. Models were run with each SVD 

marker as a main effect in the whole group; controls (CN), early mild cognitive impairment (EMCI), late mild cognitive 

impairment (LMCI), Subjective Memory Concern (SMC) and Alzheimer’s disease (AD). Atrophy rates for SMC, EMCI, 

LMCI and AD are shown relative to controls, p values reflect whether the rates are different from CN. P value in controls 

reflects volume change on average different from zero. Brain atrophy rate predicted by WMH (1), reflects change in 

atrophy rate for a doubling of baseline WMH compared to the average baseline volume. Brain atrophy rate predicted by 

lacunes (2), estimates a change in atrophy rate with presence of a lacune. Brain atrophy rate predicted by MB (3), 

estimates  the change in atrophy rate with presence of a MB. The fully adjusted model (4), includes each SVD marker, 

estimates for each SVD are mutually adjusted. All models are adjusted for total intracranial volume. 

 WMH associations with subsequent longitudinal atrophy 8.3.4:

8.3.4.1: VBM findings 

 There were no associations between WMHs and progressive volume loss in 

controls. In EMCI, greater WMH volume was associated with bilateral atrophy in the 

fusiform gyrus, the right inferior and middle temporal gyrus, and the left entorhinal 

cortex (see Figure 8:2). In LMCI greater WMH volume was associated with bilateral 

enthorhinal cortex atrophy and atrophy at the temporal poles, as well as the right 

insula; atrophy was more extensive in the right hemisphere. Atrophy related to WMH 

volume in LMCI was also observed in the hippocampus and fusiform gyrus. In SMC, 

atrophy in two very small regions in the right parietal cortex and right anterior cingulate 

were associated with increased WMH volume; however the anterior cingulate cluster 

may be due to partial volume. In AD, greater WMH volume was associated with 

increased atrophy along the bilateral post-central gyrus, and along the pre-central 

gyrus in the right hemisphere.  
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Figure 8:2: Areas in which white matter hyperintensities (WMH) associate with longitudinal brain volume loss in Early Mild 

Cognitive Impairment (EMCI), late mild cognitive impairment (LMCI), subjective memory concern (SMC) and Alzheimer’s 

disease (AD). Associations of lacunar infarct presence with whole brain atrophy are displayed in the bottom row (N.B. clusters 

represent areas where there is greater atrophy in subjects without lacunes). Separate models were run for WMH and lacunes. 

Models are adjusted for total intracranial volume. Results are thresholded at p<0.05 and corrected for multiple comparisons 

using the false detection rate; the scale represents the t value. 
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The model predicting brain atrophy with WMHs and TIV only, was fitted in the subset 

with MB and lacune data, to ensure WMH results in this subset were similar to those 

from the full dataset. Relationships between WMHs and atrophy were very similar in 

this subset (data not shown). 

 In models with all SVD markers, there were again no associations between 

WMHs and atrophy found in controls. In SMC and EMCI patients, no relationships 

between WMHs and atrophy were seen after adjustment for MB and lacunes. In LMCI 

individuals, the extent of relationships between WMHs and atrophy was reduced 

following adjustment, however relationships remained in the bilateral entorhinal cortex, 

right temporal pole and fusiform gyrus (see Figure 8:3). In AD, the atrophy in areas 

associated with WMH volume remained following correction for MB and lacunes. 

8.3.4.2: BSI findings 

 In models investigating the effect of WMHs in each diagnostic group (WMH-

diagnostic group interaction) only, there was no evidence of an effect of WMH on 

longitudinal atrophy in any group (see Table 8:2), nor did relationships emerge when 

adjusting for MB and lacunes. In analyses in which WMH was treated as a main effect 

(see Table 8:3), a doubling of WMH volume was associated with an increase in atrophy 

rate of 0.33 ml/year, compared with the average atrophy rate in controls of 5.5ml/year. 

This relationship remained unchanged when adjusting for MB and lacunes. 

 MB associations with longitudinal atrophy 8.3.5:

8.3.5.1: VBM findings 

There was no evidence of an association between the presence of a MB and brain 

atrophy rate from VBM models.  

8.3.5.2: BSI findings 

BSI models revealed a relationship between presence of a MB and brain atrophy rate, 

with individuals with a MB having an increase in atrophy rate of 1.5ml/year, compared 

with the average atrophy rate of 5.2 ml/year for controls with the average TIV (see 

Table 8:3). This relationship remained in the full model, adjusted for the effect of WMHs 

and lacunes, and was also similar in the model with WMH interacted with diagnostic 

group and lacunes (see Table 8:2). 
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Figure 8:3: Areas in which white matter hyperintensities (WMH) associate with longitudinal brain volume loss, adjusted for the 

presence of MB and lacunes, in late mild cognitive impairment (LMCI), and Alzheimer’s disease (AD). Associations of lacunar 

infarct presence with whole brain atrophy, adjusted for WMH and MB, are displayed in the bottom row. All models are adjusted 

for total intracranial volume. Results are thresholded at p<0.05 and corrected for multiple comparisons using the false detection 

rate; the scale represents the t value. Abbreviations: SVD (small vessel disease). 

 Lacune associations with subsequent longitudinal atrophy 8.3.6:

8.3.6.1: VBM findings 

Presence of a lacune was associated with reduced atrophy in extensive brain areas, 

see Figure 8:2. Presence of a lacune was associated with lower atrophy in the bilateral 

precuneus, posterior parietal, fusiform and temporal lobes. Associations between 

lacunes and reduced atrophy were also present throughout the frontal lobes and 

cingulate, however to a lesser extent than in posterior and temporal brain regions. In 

contrast to relationships between WMHs and atrophy, relationships between lacunes 

and atrophy qualitatively appeared to be more pronounced in the left hemisphere of the 

brain. Relationships between lacunes and atrophy were not materially influenced by 

adjustment for WMHs and MB (see Figure 8:3). 

8.3.6.2: BSI findings 

The BSI models found no evidence of a relationship between lacunes and atrophy in 

either the lacune only or fully-adjusted models (see Table 8:3). However, despite a lack 

of significant findings, the direction of effect in both the BSI models is the same as in 

the VBM analyses. 
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8.4: Discussion 

 In this chapter, I found that MB presence was associated with increased whole 

brain atrophy rate from BSI models; however there was no evidence of this relationship 

in VBM models. Contrary to expectations, VBM models showed that presence of a 

lacune was associated with reduced global brain atrophy, although there was little 

evidence suggesting this effect in BSI models. Greater WMH volume was generally 

related to greater brain atrophy, in both VBM and BSI models, where significant 

associations were found. The effects of MB and lacunes on atrophy were materially 

unchanged after adjustment for concurrent SVD, whilst for WMHs the effects were 

reduced, with no evidence of any effect in EMCI and SMC, and an effect remaining in 

LMCI and AD. Taken together, these results suggest that whilst features of SVD are 

often co-incident, their contributions to neurodegeneration vary dependent on the SVD 

type, and likely manifest through unknown independent processes.  

 The prevalence of MBs in this study was 15%, which is similar that reported in 

similarly aged groups before 11% in Sveinbjornsdottir et al., and 31% in Vernooij ..i 

(Sveinbjornsdottir et al. 2008; Vernooij, van der Lugt, et al. 2008); however this study 

had a higher field strength scanner (both 3T compared to 1.5T) and excluded subjects 

with a high vascular disease burden compared to other subjects. To my knowledge this 

is the first study to find that presence of a MB is associated with increased longitudinal 

brain atrophy rate. The effect size was large, presence of MB was correlated with an 

increase in atrophy rate of 25%, compared to atrophy rate in controls without a MB, 

after adjustment for WMHs, lacunes and TIV. Two studies have found associations 

between MBs and cross-sectional measures of brain atrophy; Chowdhury et al. 

reported that presence of a MB was associated with ratings of hippocampal atrophy in 

cognitively normal individuals relatively free from VRFs, whilst Samuraki et al. found 

that CAA-related (lobar) MB were associated with reduced temporal lobe and 

cerebellar volume in AD (Chowdhury et al. 2011; Samuraki et al. 2015). However, 

further cross-sectional studies have found MB neither to be related to subcortical 

volumes in non-demented individuals (Hilal et al. 2015; Freeze et al. 2016; Goos et al. 

2009), nor to cortical atrophy measures in those with cognitive impairment (Goos et al. 

2009; Goos et al. 2010). This is the first study to investigate the relationship between 

MB presence and brain volume change, although one study found incident MB were 

unrelated to brain volume change (Goos et al. 2010). Atrophy rate related to MBs may 

be driven by underlying advanced AD pathology causing CAA and micro-haemorrhage. 

An Aβ aetiology underlying this finding may be supported by the relatively high 

prevalence of MB, combined with low prevalence of lacunes in this sample (which 

generally signal underlying vascular processes). However, although the presence of a 
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lobar MBs is included in the Boston criteria for CAA diagnosis (Linn et al. 2010), there 

may be multiple causes of microhaemorrhage and MBs, including both severe SVD 

burden and Aβ pathology. Indeed, in those who had experienced ischaemic stroke or 

transient ischaemic attack, lobar MB (or lobar combined with deep MB) were 

associated with recurrent stroke (Thijs et al. 2010). It is also therefore possible that 

vascular processes underlying MBs may also cause surrounding tissue damage, 

ischaemia and neurodegeneration detected in this study, or that a combination of both 

Aβ and vascular mechanisms are contributing to atrophy. A recent study which visually 

rated atrophy patterns found that WMH were associated with a limbic predominant 

(hippocampal and medial temporal) atrophy pattern (Ferreira et al. 2017). The same 

study concluded that CAA contributed most to two groups; those with a hippocampal 

sparing atrophy pattern and those with minimal atrophy, however the CAA diagnosis 

was given using the Boston criteria according to MB location only, which may not be a 

reliable indicator of CAA (Martinez-Ramirez et al. 2015)  

 Similarly to this study, others have found that WMHs associate with temporal 

lobe volumes in MCI (Eckerström et al. 2011; Ye et al. 2014; Guzman et al. 2013; 

Tosto et al. 2015). I also found WMHs were related to atrophy rate in areas outside the 

temporal lobe, such as the fusiform gyrus (in EMCI and LMCI), the insula (in LMCI), 

and central sulcus (in AD). Interestingly, these findings support and extend upon the 

VBM analyses in chapter 6, which also found that WMH volume was associated with 

atrophy in the central sulcus, using a different method and group of subjects. This 

study extends previous literature by showing the associations of longitudinal atrophy to 

WMHs whilst adjusting for MB and lacunes, finding that associations were slightly 

attenuated after adjustment in LMCI and AD, and that no evidence of an effect 

remained in EMCI and SMC groups. Only a few studies have investigated relationships 

of SVD to brain atrophy whilst adjusting for the presence of multiple types of SVD 

(WMHs, MB and lacunes), and these were cross-sectional, (Freeze et al. 2016; Hilal et 

al. 2015). In BSI analyses I did not find significant results when investigating WMH 

effects in each group using an interaction term, unlike in data chapter 6 where WMH 

volume was related to whole brain atrophy in control, but not MCI or AD groups. This 

difference may be due to the statistical analysis technique used, in data chapter 6 I 

modelled the effect of WMHs on atrophy rate in each diagnosis separately, rather than 

taking a whole group approach and using interaction terms between WMH and group, 

as in this chapter. Secondly, the group sizes in this study were smaller compared with 

ADNI1, and therefore the study may have lacked the power to detect an effect. Greater 

power is required when using interaction terms, and when investigating WMH 

associations with atrophy rate as a main effect, greater WMH volume was found to 

associate with brain atrophy. 
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 The finding that individuals with a lacune experience less atrophy than those 

without lacunes was unexpected, and differs from findings in the literature. Contrarily, 

two studies report finding a link between lacune presence and reduced subcortical 

volumes (Hilal et al. 2015) and increased hippocampal atrophy rates in controls (Du et 

al. 2006), although the prevalence of lacunes were higher than in this study (2% in this 

study, 29% in Du et al., and 19% in Hilal et al.). Other studies that report links between 

lacunes and atrophy examine cohorts with overt SVD (Nitkunan et al. 2011) and 

manifest arterial disease (Appelman, Vincken, et al. 2009); these vascular phenotypes 

are unlikely to have been included in this study in large numbers (due to the inclusion 

criteria). Other studies report finding no relationships between lacunes and brain and 

subcortical volumes in cognitively normal individuals (Du et al. 2005), nor between 

lacunes and hippocampal atrophy rate in MCI (Van De Pol et al. 2007). No work has 

reported an inverse correlation between lacunes and atrophy, as in this study. One 

explanation for this finding is that lacunes lower the threshold for cognitive impairment; 

those with lacunar pathology require less AD pathology to show symptoms. Therefore 

an individual without a lacune would have more severe AD pathology and faster 

atrophy rates for the same level of cognitive impairment as one with a lacune. Recent 

neuroimaging studies classifying subjects into atrophy pattern groups, have suggested 

a sub-type of AD with ‘minimal atrophy’ exists; it is possible those with lacunes in this 

group fit into that category. Concordantly Ferreira et al. found that individuals with 

lacunes were more likely to have minimal atrophy or hippocampal sparing AD (Ferreira 

et al. 2018). Post-mortem data has also shown that less AD pathology is present in 

demented cases where infarcts are present (Snowdon et al. 1997), and that infarcts 

contribute to cognitive impairment only at low AD pathological loads (Esiri et al. 1999; 

Schneider et al. 2004). Alternatively, the selection criteria may have created a bias 

resulting in an odd group with lacunes; the characteristic of having a lacune but not 

exhibiting sufficient vascular disease to warrant exclusion from the study may also, 

through unknown means, confer protection from neurodegeneration and therefore 

lower atrophy rate. However, it is not possible to determine the cause of this 

unexpected finding, and due to low numbers with lacunes in this dataset, this study this 

requires replication in a larger group with less strict exclusion criteria for vascular 

disease. Understanding the associations of SVD to neurodegeneration in expected and 

unexpected directions is important for clinical trials using similar inclusion criteria to 

ADNI. 

A strength of this work is the use of two methodologies to investigate longitudinal brain 

volume change, which gave similar findings, but differing inferences depending on the 

SVD type. This work is further advantaged by the use of multiple subject groups, and 

different types of SVD, which together provide a thorough investigation of the effects of 
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SVD on neurodegeneration along the spectrum from cognitively normal to AD. There 

are also several limitations to this study, foremost that this dataset was select, and 

therefore subjects may have been too healthy to detect effects between SVD and brain 

atrophy; ADNI is designed to mimic a clinical trial and therefore participants are in 

relatively good health without severe vascular disease. However, advantageously this 

does mean that my results are applicable to a clinical trial setting. There were 

insufficient individuals with MB and lacunes to investigate the effects of these SVD 

types within diagnostic groups. Neither did I look at the effect of number or locations of 

MB, but assumed global effects of SVD on brain atrophy. A further limitation is that 

participants with vascular lesions in the early stages of disease (controls, SMC, EMCI), 

may not be on the same mechanistic pathway to cognitive decline and dementia as the 

LMCI, and AD groups. Rather it may be that those with moderate SVD burden in the 

early stages progress to stroke, or multi-infarct or vascular dementia and become 

participants who were naturally ruled out of this study in the later LMCI and AD stages. 

A limitation is that I did not adjust for age in this study; as age and SVD are co-linear, 

this may explain some of the association between MB, WMH and atrophy rate. 

However, as all diagnoses are in the same group adjusting for age may be problematic 

due to the differential effects of age on atrophy rate in each group explored in chapter 5 

(controls experience greater atrophy with age, whereas there is lesser atrophy in AD 

with age). I also used the False Discovery Rate (FDR) to adjust for multiple 

comparisons in VBM analyses; using the more conservative Family Wise Error (FWE) 

correction may reduce the extent of the findings. Finally I classified the groups based 

on clinical disease categories set by ADNI, and not by the recent AT(N) system from 

Jack et al, this may influence my findings, particularly the MB results (as splitting the 

MB group by Aβ status may separate subjects in which MB are driven by CAA or other 

vascular pathologies).  

 To summarise, in this chapter I found that WMHs were related to volume 

change in the temporal lobe for EMCI and LMCI groups, and that MB were associated 

with an increase in atrophy rate using summary BSI measures. Interestingly, lacunes 

were found to be predictive of reduced atrophy rate using VBM. SVD relationships to 

atrophy were largely independent of one another, suggesting each SVD marker may 

have independent mechanisms to neurodegeneration. This work requires replication in 

a larger dataset with a greater burden of vascular disease. 
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Chapter 9: General conclusions  

This PhD has extensively investigated vascular risk, vascular lesions, brain atrophy 

and cognitive decline. The highlights of each chapter are outlined in Figure 9:1, and will 

be brought together this chapter. 

 

In chapter 3 the performance of a novel WMH segmentation algorithm, BaMoS, was 

assessed. A protocol for semi-automated WMH segmentation was developed, and 

segmentations were completed for by 4 raters and by BaMoS. A high level of 

agreement was found between BaMoS’s WMH segmentation volumes and the semi-

automated segmentations. WMH volumes from BaMoS were also able to predict 

cognitive decline in control, EMCI, LMCI and SMC groups. As BaMoS compares well to 

user-operated semi-automated segmentation, and is robust to different WMH loads and 

scanner differences it will be applied confidently to further large scale datasets and, 

with further research may be of future clinical use. Although the algorithm compared 

well over different sites and scanner types, GE scanners tended to produce greater 

WMH values. This was related to a generally higher intensity in GE scans, for unknown 

reasons. Less research has been completed using FLAIR imaging compared to T1-

weighted imaging, and volumetric FLAIR has only recently become available (Chagla 

et al. 2008). More research is required to harmonise different scanners, and to 

understand whether a general increased hyperintensity in one scanner type has 

biological relevance; it may be that some scanners are more sensitive to the water 

content of tissues than others, or due to other methodological issues with scanners. 

Lastly, more work is required linking pathology to neuroimaging, to understand the 

nature of WMHs, and whether there are differences in WMHs between pathological 

groups (e.g. control, AD, VCI, CAA), and to further understand whether any differences 

correspond to features of the WMHs which can be observed on FLAIR imaging (e.g. 

punctate or diffuse WMHs). 

In chapter 4 I found that high BP was associated with hippocampal atrophy rate and 

cognitive decline in MCI and AD. In ADs with hypertension, high BP was predictive of 

cognitive decline, whereas in those with hypotension low blood pressure predicted 

cognitive decline. More research is needed to understand whether antihypertensives 

could slow or prevent decline in the symptomatic stages of AD. As both hyper- and 

hypo-tension were detrimental to cognition in ADs, careful blood pressure monitoring is 
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important in this group. Further research into the mechanisms underlying the 

associations between hyper-, hypotension and cognitive decline is required, for 

example, whether these states correspond to different patterns of SVD. Interestingly, 

the only group in which blood pressure was not related to cognitive decline were those 

who were successfully treated with antihypertensive medication, who had an average 

BP in the high end of normative values; more research is required into appropriate BP 

targets in the elderly. 

In chapter 5 the relevance of age to atrophy patterns was explored. Younger AD 

patients were found to have faster rates of brain atrophy compared to older AD 

patients, and greater atrophy in the posterior association cortices. Younger AD patients 

also experienced more rapid cognitive decline, indicated by the MMSE. These results 

are interesting because they demonstrate that the influence of age in AD is not the 

effect of normal ageing added to an AD phenotype; the expression of AD appears 

modified by age. More research is required to understand whether clinical trials might 

benefit from modified regions of interest for younger AD patients, including the 

posterior association cortices. However, although faster atrophy rates in younger 

individuals may provide greater power with which to detect a treatment effect in clinical 

trials, a drug tested in this group may be of limited use in the general population if AD 

has different drivers at different ages. Research suggests that clinical trials in AD are 

presently performed in younger, healthier and male populations (Cooper et al. 2014). 

More research is required to understand differences in the mechanisms of AD with 

respect to age, and in the context of SVD, in order to ensure effective treatment for all 

patients.  

In chapters 6 and 7 I investigated the associations of WMH volume to measures of 

brain atrophy. In chapter 6, I found that increased WMH volume was related to smaller 

single time point brain and hippocampal volumes in controls, MCI and AD patients. 

WMH load was also associated with hippocampal atrophy rate in controls and MCI, 

which withstood correction for concurrent brain atrophy, indicating that the 

hippocampus is disproportionately vulnerable to WMH related atrophy. In chapter 7, I 

found that the WMH association to disproportionate hippocampal atrophy was 

independent of AD pathology (as indicated by CSF biomarkers), age and vascular risk 

factors. Taken together, these results suggest that high WMH load is an independent 

risk factor for hippocampal neurodegeneration in cognitively normal older individuals. 

As this association was not explained by confounding factors it suggests that WMHs 

may either be directly causing tissue damage possibly via Wallerian degeneration, or 

that an unknown, possibly ischaemic, process which causes WMHs also damages the 

hippocampus. More research is required to understand the mechanisms underlying the 
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relationships between WMH and atrophy, if WMHs have a causal role in tissue loss, 

preventative strategies designed to reduce WMH accrual may also prevent atrophy and 

cognitive decline. Clinical trials to target AD pathology in at-risk populations may 

increase power with which to detect a treatment effect by stratifying or adjusting for 

WMHs. 

In chapter 8, BSI models indicated that WMHs and MB presence were associated with 

increased brain atrophy rate in ADNI2Go individuals. VBM models indicated that 

lacunes were related to reduced longitudinal brain atrophy. More work is required to 

understand the associations of SVD types with hippocampal atrophy rate, and with 

adjustment for age. The unexpected result of presence of a lacune being associated 

with reduced progressive whole brain atrophy also requires further exploration in a 

larger sample with a greater burden of vascular disease in order to understand whether 

reduced neurodegeneration in groups with lacunes is a true pathological effect, or an 

apparent effect due to criteria excluding individuals with vascular disease in the ADNI 

group. Nevertheless, understanding the associations of SVD to neurodegeneration in 

expected and unexpected directions is important for clinical trials using similar inclusion 

criteria to ADNI. This work suggests that features of SVD which are co-incident 

contribute to atrophy in different ways. Their relative contributions to 

neurodegeneration likely depend on their aetiologies and how each SVD type develops 

over time; WMHs may reflect ongoing ischaemic processes, whilst lacunes may result 

from singular vascular events, more research is required to unpick these complex 

effects.  

 In conclusion the work in this thesis has extended current understanding of age, 

VRF and SVD contributions to longitudinal atrophy patterns and cognitive decline. 

These results have important implications for clinical trials and future AD prevention 

and management strategies. 
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Figure 9:1: Results from each study in this thesis, each red arrow represents a process that was tested, with processes 

underlying the vascular theory of Alzheimer’s  in the background, see figure 1:5 and 1:8 for more details.. The flowchart 

combines the two-hit vascular hypothesis of Alzheimer’s disease (Zlokovic et al, 2011) with features of Small Vessel 

Disease (SVD), lacunes, microbleeds (MB), and white matter hyperintensities (WMH) present on Magnetic Resonance 

Imaging, BBB= blood–brain barrier (BBB). Aβ=β-amyloid 

 

  



192 
 

Chapter 10: Publications 

Publications arising from this work: 

Fiford, C. M., Ridgway, G. R., Cash, D. M., Modat, M., Nicholas, J., Manning, E. N., … 

Barnes, J. (2018). Patterns of progressive atrophy vary with age in Alzheimer’s disease 

patients Neurobiology of Aging, 63, 22–32.  

Fiford, C. M., Manning, E. N., Bartlett, J. W., Cash, D. M., Malone, I. B., Ridgway, G. 

R., Lehmann, M. , Leung, K. K….Barnes, J. (2017), White matter hyperintensities are 

associated with disproportionate progressive hippocampal atrophy. Hippocampus, 27: 

249-262. 



193 
 

Chapter 11: Appendix 

11.1: ADNI2 Imaging protocols 

 

Manufac
turer  Model 

Field 
strength 
(T) 

Seque
nce Image Name 

Orienta
tion 

F>H 
(mm) 

A>P 
(mm) 

R>L 
(mm) 

Slice 
thickness 
(mm) 

Voxel size or rec 
vox size (mm) 

TR 
(ms) 

TE 
(ms) 

Flip Angle 
(deg) 

Bandwidth 
(Hz/Px) 

Echo 
spacing 
(ms) 

Siemens 
TrioTim_
VB17 3 T1 MPRAGE Sagittal 256 240 212 1.2 1.0x1.0x1.2 2300 2.98 9 240 7.1 

Siemens 
TrioTim_
VB17 3 T1 

MPRAGE-
GRAPPA2 Sagittal 270 254 212 1.2 1.1x1.1x1.2 2300 2.95 9 240 7 

Siemens 
TrioTim_
VB17 3 

T2-
FLAIR TSE 

Transv
ersal 175 220 220 5 0.9x0.9x5.0 9000 90 150 222 8.19 

Siemens 
TrioTim_
VB17 3 

T2-
STAR GRE 

Transv
ersal 350 263 350 4 1.0x0.8x4.0 650 20 20 200 / 

Siemens 
Skyra_sy
ngo 3 T1 MPRAGE Sagittal 256 240 212 1.2 1.0x1.0x1.2 2300 2.98 9 240 7.1 

Siemens 
Skyra_sy
ngo 3 T1 

MPRAGE-
GRAPPA2 Sagittal 270 254 212 1.2 1.1x1.1x1.2 2300 2.95 9 240 7 

Siemens 
Skyra_sy
ngo 3 

T2-
FLAIR / 

Transv
ersal 175 220 220 5 0.9x0.9x5.0 9000 91 150 222 8.31 

Siemens 
Skyra_sy
ngo 3 

T2-
STAR / 

Transv
ersal 350 263 350 4 0.9x0.9x4.0 650 20 20 200 / 

Philips   3 T1 MPRAGE Sagittal 256 240 204 1.2 1.0x1.0x1.2 
short
est 

short
est 9 / / 

Philips   3 T1 
MPRAGE-
SENSE2 Sagittal 270 

253.1
25 204 1.2 1.05x1.05x1.2 

short
est 

short
est 9 / / 

Philips   3 
T2-
FLAIR / 

Transv
ersal 175 220 220 5 0.86x0.86x5.0 9000 90 / / / 

Philips   3 
T2-
STAR / 

Transv
ersal 176 200 200 4 0.78x0.78x4.0 650 20 20 / / 
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GE   3 T1 IR-SPGR Sagittal / / / 1.2 / / 
Min 
Full 11 / / 

GE   3 T1 
IR-SPGR w 
acceleration Sagittal / / / 1.2 / / 

Min 
Full 11 / / 

GE   3 
T2-
FLAIR / Axial / / / 5 / 

1100
0 147 / / / 

GE   3 
T2-
STAR / Axial / / / 4 / 650 20 20 / / 
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11.2: Definition of similarity measures 
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11.3: WMH segmentation Protocol 

 

White Matter Hyperintensity (WMH) 
Manual Segmentation Protocol 

1. Introduction 
This protocol includes WMH which may be in deep grey matter (basal ganglia),  and the 

brainstem, thus in any publications which may arise it is important to explicitly state this in 

accordance with  Standards for ReportIng Vascular changes on nEuroimaging (STRIVE).  

WMH in this protocol are of presumed vascular origin and can be defined as regions of white 

matter (WM) which appear hyperintense on FLAIR and hypo- or isointense on T1 with respect 

to the surrounding normal appearing WM.  

Appearance and difficulties with WMH segmentation differs by region of the brain. This 

protocol addresses these regions separately. 

2. Segmentation Procedure 

a. Segmentation Software 
The frozen version of NiftyMidas should be used: 

/var/drc/software/64bit/niftymidas-16.06.0/NiftyMIDAS.sh 

A training set of 9 ADNI2GO images, with a mixture of WMH loads, diagnoses and scanner 

types, can be found here: 

/var/drc/research/wmd/adni2go/manualvalidation/trainingset/ 

b. Image Specifications 
Images should be segmented on the FLAIR image in the axial plane. The T1 (registered to 

FLAIR) should be loaded up side by side to the FLAIR using the 1x2 image viewer, images bound 

to cursor and magnification. The FLAIR must be loaded up the minimum intensity set at 15% of 

the median brain intensity, and maximum at 238% of the median brain intensity for Siemens 

and Philips, and for GE scans 30% of median for minimum and 340% median for the maximum- 

see spreadsheet of values.   

c. Prior to segmentation 
To minimise bias, main features of the segmentation (pencil rims, caps and regions of posterior 

corona radiata) should be decided before using the seed to segment WMH; as variability in the 

fit of the threshold may influence decision making, see section 4. 
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d. Segmentation 
WMH have heterogenous underlying pathologies and these result in different properties on 

MRI, such as how well defined and bright they are. This protocol therefore adopts a two 

threshold approach (see figure 1), with a higher threshold for WMH with uncertain 

boundaries, and a lower threshold for WMH with certain boundaries.  

The higher threshold is designed for WMH which are likely to be developing. These usually 

have a bright core, surrounded by diffuse (possibly developing) hyperintensity, so-called 

confluent WMH. 

 The lower threshold is intended for lesions which are less bright but have well defined 

boundaries compared to their surrounding WM, so-called punctate WMH.  

The high and low threshold required for segmentation varies by scanner type, as a % of median 

brain intensity. GE scanners require higher thresholds as they tend to have a very 

hyperintense posterior region of the scan; this should be considered during segmentation. In 

these cases accompanying T1 hypointensity should be given extra priority. 

 Siemens Philips GE Scanners 

High Threshold (% of median brain 
intensity) 

130 130 145 

Low Threshold (% of median brain 
intensity) 

120 120 130 

Minimum viewing intensity (% of median 
brain intensity) 

15 15 30 

Maximum viewing intensity (% of median 
brain intensity) 

238 238 340 

 

Importantly, not all WMH types can be so easily categorised- for example some subjects have 

extensive confluent WMH with sharp boundaries. The thresholds are therefore a guide to help 

with consistency between raters, with the higher one to be rigidly used in the predefined 

regions (table 2) and the lower with more flexibility, to be used in cases of certainty. If WMHs 

remain that are not picked up by the lower threshold, but that you are certain are WMH (T1 

hypointensity is vital here) manually add them in without threshold (see figure 2). These 

freehand WMH should be limited to very small areas (1-5 voxels).  

  

Table 1: Thresholds for scanner types 
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 During segmentation images should be segmented superiorly – posteriorly. NiftyMidas does 

not allow different thresholds to be used within the same mask- they must be thresholded in 

different masks and added together at the end- using Segmaths. It is therefore best to do one 

round of each threshold first, highest, lowest, then freehand. If a punctate WMH is picked up 

by a higher and a lower threshold, choose the one you think best represents its true size- NB 

this is not appropriate for high threshold areas (see table 2) which should adhere to the 

predetermined threshold to ensure consistency.  Always edit thresholded regions if too much 

has been added in. NiftyMidas will not store the memory for each mask’s threshold, so if 

returning to edit a mask always check the threshold is the correct one, especially if you have 

just been using a different threshold on another mask. 

3. General segmentation points 

a. Uncertain WMHs 
The higher threshold should be used for situations where you are unsure about the nature of a 

hyperintense region. However a region of high intensity may be picked up by the higher 

threshold and erroneously classified as WMH, therefore it is of great importance first consider 

the following points before seeding (see figure 3): 

1. Spatial location- importantly ensure that the WMH is in the WM, this can be hard to 

tell for cortical WMH, as the hyperintense region may be a GM sulci (GM appears 

hyperintense compared to WM on FLAIR), if in doubt consult the T1. Only segment if 

you are sure that it is in the WM. Additionally spatial location is vital- a slightly 

hyperintense voxel on the ventricular rim is different from one in the frontal lobes, or 

a very hyperintense spot in the posterior fossa, which is likely to be an artefact- see 

section 4. 

High Threshold Low Threshold Freehand 

Anterior ventricular caps Less bright WMH with clear 
boundaries 

Definite WMHs not picked up 
by either threshold, this 
should be used as a last 

resort.  
Should be dark on T1 and 

definitely not a sulcus. 
Should be very small 

additional voxels <5 (unless in 
instances where the 2 
thresholds are highly 

inappropriate). 

Posterior ventricular tails 

Ventricular rims (not 
superior slices) 

Lesions which are definite 
WMH that are not picked up 

by the higher threshold WMH without definite 
boundaries; posterior corona 

radiata 

WMH in areas where some 
hyperintensity is present in 

normal individuals; e.g. 
Corticospinal Tracts 

Ventricular rims for the first 
few slices where the 

ventricular edges run parallel 

WMH proximate to high 
intensity GM; e.g. Basal 

Ganglia 

Table 2: Region based thresholds 
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2. Evidence of disease on both imaging modalities (hyperintense on FLAIR and 

hypointense on T1); however this is not a gold standard. 

3. The 3D nature of lesions- disease may be present on the same voxel on the same slice, 

above or below, or in different viewing planes. 

4. Magnification- a voxel may only look hyperintense close up, so zoom in and out. 

 

b. Normal appearing white matter within WMH 
Presence of normal white matter within confluent lesions should not be included as part of the 

lesion if there is no connection with normal white matter from outside the lesion. Alternatively 

there may be a lacune or Virchow Robin space inside the white matter, see section 6. 

c. Partial Volume 
On first instance punctate lesions appear to have well defined edges, but when zoomed in 

their boundaries can be hard to define due to partial volume effect. In these cases, segment 

where over 50% of the voxel contains lesion. The requisite threshold should deal with this, but 

if not segment out. 

4. WMH segmentation by landmark region 

a. Ventricles 

The WM surrounding the ventricles is commonly hyperintense; whether this constitutes WMH 

is dependent on the exact part of the ventricle. 

i. Intra-ventricular hyperintensity 

Do not include hyperintense areas within the ventricles, (see figure 4). Do not include mildly 

hyperintense septum pellucidum, as this area is commonly hyperintense, however do include 

if it is dark on T1, as bright and thick as the periventricular lines, resembling WMH and not 

artefact (see figure 5). Similarly to the periventricular lines or corticospinal tract the septum 

pellucidum is an area which can be bright in healthy individuals but also possibly may 

represent WMH. The WMH here should be ill-defined, accompanied by T1 hypointensity and 

usually in subjects which already have a lot of WMH. White matter hyperintensity of the 

corpus callosum or splenium should be included (see figure 5). 

ii. Ventricular caps 

Ventricular caps should be included, unless they are very small and symettric- if this is the case 

they will likely not be picked up by the higher threshold. 

iii. Frontal horn of the lateral ventricle posteriorly 

The frontal horn of the lateral ventricle posteriorly (see figure 6) should not be included in 

WMH segmentation, unless very bright focal hyperintensities are located within, or confluent 

WMH extend from the area.  

iv. Periventricular lines 

Periventricular lines (aka rims or halos) are present in many healthy individuals, appearing as 

smooth and bright bands lining the ventricles, about 1 -2mm thick. If these bands appear 

bright, nodular, if confluent lesions extend from the band, or when focal hyperintensities are 

present within, they should be classified as WMH (see figure 7). Adhere to the boundaries 
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picked up by the lower threshold for the initial superior slices where the ventricular edges run 

parallel in each hemisphere, being careful not to mistake WMH for caudate nucleus (see figure 

8), when the ventricles open up into definite anterior and posterior sections use the higher 

threshold. Other areas may be picked up by the threshold outside of this region from seed 

propogation i.e. caps, tails, posterior region, these should be edited out and segmented with 

the higher threshold, unless this does not pick it up and you are certain it is WMH. Also include 

if it appears to spread from above/below. 

v. Posterior lateral ventricles 

For all other parts of the ventricles the higher threshold should be used. Do not segment the 

rims of these ventricles unless they are thick and bright and it appears to be a continuation of 

pathology extending down from the ventricles. Additionally hyperintense trails tailing 

posteriorly from this point are should be segmented as WMH using the higher threshold (see 

figure 9). 

b. Separating out WMH from developing WMH at the level of the 

posterior corona radiata 

i. Early confluence, milky, diffuse regions of hyperintensity 

Use the higher threshold to dichotomise formed WMH from developing WMH, or in the case 

of some scanners (GE) general increased signal intensity posteriorly.  It is important to first 

be certain whether mildly hyperintense, milky, ill-defined regions should be included before 

seeding. Particularly in the case of scanners with increased signal posteriorly these regions 

could be segmented erroneously. Here, are rules to assist consistency in this regard which 

should be applied to each region in each slice. 

i. Decide in advance whether to include the mildly intense regions, see point 2.2. 

ii. Find the most hyperintense voxel, or small group of voxels in the region and 

check how hypointense they are on the T1 using the crosshairs. Be aware that 

strong hypointensity on the T1 may be due to underlying ventricles or GM; go 

up and down a slice to check this. To be certain of the most hyperintense 

voxel, right click on the image in the data manager and turn off/on the texture 

interpolation. 

iii. If WMH, the region on the T1 should be darker than an area of WM you are 

relatively sure (from studying the FLAIR) is normal. 

iv. If the area of most intense hyperintensity on FLAIR is not hypointense on the 

T1 but another small part of the mildly hyperintense region is, recognise this 

but do not trust it as WMH.  

c. Corticospinal Tract 
This white matter tract often exhibits high signal intensity. Do not classify symmetrical and 

mildly asymmetrical areas of increased signal intensities in these areas as WMH, unless this is 

very bright or also dark on the T1, and/or extending into the deep WM (see figure 10). Make a 

decision first, then include if sufficiently hyperintense to warrant being picked up by higher 

threshold. 

d. Brainstem and cerebellum 
Should be counted as WMH, but as this is an area which is vulnerable to artefact (see point 

5.3), be cautious and only include if dark on T1 also. 
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e. Corpus callosum 
Include the corpus callosum if hyperintense. 

5. Areas of increased signal due to artefact 
Images should be assessed prior to segmentation to ensure they are of sufficient quality. There 

may be minor quality issues to be aware of, which could possibly lead to missegmentations. 

a. Temporal Lobe Artefact 
Vessel related hyperintensities on a scan occur around the temporal regions and should not be 

classified as WMH. They often have a very bright core and a spreading less bright area which 

may encompass different tissue types (see figure 11). In the temporal lobes, areas of intensity 

inhomogeneity can appear WMH-like. These should not be segmented as WMH. The temporal 

lobes should be treated with more caution, WMH must be specific to WM only should be 

included in these regions.  

b. Motion 
Motion can lead to ringing of images, which appears as hyperintense ripples on the T2 FLAIR 

image. It is unlikely, but plausible that WMH could form in this conformation. In this case use 

the T1 to distinguish whether the hyperintensity is artefact or likely WMH. These images are 

acquired at separate timepoints so if the region is hyperintense on the T1 it is likely a WMH. 

c. Vascular flow artefact 
The flow of non-saturated fluid into the slice can cause small, bright white artefacts to appear 

on scans, see figure 12. These are most commonly found in the posterior fossa, at the level of 

the cerebellum and brainstem, and should not be classified as WMH unless there is a very high 

degree of certainty of its nature- i.e. appearance on the T1 as well as the T2 FLAIR (see figure 

12).  

d. Noise 
Images can appear grainy, with hyperintense patches. In this case, use the T1 more when 

making a segmentation decision. 

6. Other vascular pathology 
Other vascular pathology can be surrounded by WMH  

a. Perivascular spaces (Virchow Robin spaces) 
These are fluid filled canals that surround perforating arteries and veins in the brain, can only 

be seen when dilated (see figure 13) .They appear as hyperintense cylindrical or doughnut 

shaped areas on the T2 FLAIR and the hyperintense rim only should be segmented. 

b. Lacunes 
These are fluid filled cavities, with a signal similar to CSF, that can be surrounded by WMH. In 

this case the WMH, but not lacune, should be included in the segmentation. 

7. Outline of segmentation process 
1. Load images, ensure bound in terms of magnification, cursor and position. 
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2. Decide on landmark areas 

3. Begin segmenting, with the higher threshold, the lower and then the manual to add in if 

necessary 

4. Final check through before saving. 

5. Add masks together 

8. Points to remember 
 Are the viewing intensities correct for the scanner type? 

 Check you are not including any skull? 

 Have you used the correct threshold for the correct slice (low threshold until vents 

open up). 

 Can you see the caudate nucleus and does that interfere? 

 Is there a chance a WMH may be misclassified GM sulci? 

 For GE scanners- is the posterior region dark on T1? 

 Are your freehand areas minimal? 

 Ensure the threshold has not included too much (especially in individuals with high 

WMH) it can ‘join up’ areas 

 

  
 

Figure 1: Examples where the higher threshold (green) is used for detecting blurry boundaried 
lesions and the lower threshold (outline in red) for lower intensity punctate lesions. 
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Figure 2: Example in which the lower threshold did not detect certain WMHs (arrowed). These 
would be manually segmented after. 
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Figure 3: WMH segmentation decision flowchart 
 

 
Figure 4: Intraventrcular hyperintensities should not be included 
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Figure 5: Septal/corpus callosal white matter hyperintensies. Top 2 rows likely artefact, bottom 
2, pathogenic 
 

 
Figure 6: Hyperintensities in the frontal horn of the lateral ventricle posteriorly should not be 
included. 
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Figure 7: T1 and T2 FLAIR scans showing 3 subjects with a range of ventricular band 
hyperintensities. A and B shows subjects with normal ventricular bands. C display abnormal 
ventricular bands which would be classed as white matter hyperintensities. 
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Figure 8: T1 hypointensity 
and T2 hyperintensity can be 
caused by the caudate 
nucleus (see arrow)- 
however this is not true for 
all subjects. The top two 
subjects WMH present only 
at the caps, bottom subject 
the most hyperintense rims  
should be segmented. The 
bottom subject the caudate 
appears hypointense on the 
FLAIR (possible 
calcification?). 
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Figure 9: T1 and T2 FLAIR scans showing 3 subjects with a occipital horn hyperintensities that 
have been segmented using the higher threshold 
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Figure 10: Areas of presumed 
corticospinal tract in 4 
individuals. This area is 
commonly quite 
hyperintense. The bottom 
subject is borderline WMH 
for this region. 
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Figure 11: Areas of hyperintense artefact in the temporal lobe (arrows). This can be bright and 
nodular (top row) or diffusely hyperintense (bottom row) 
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Figure 12: Areas of hyperintense artefact in the temporal lobe (arrows). This can be bright and 
nodular (top row) or diffusely hyperintense (bottom row) 
 

 

Figure 13: Virchow Robin 
spaces (perivascular spaces) 
on a T1 image bottom left, 
and a T2 FLAIR image, 
bottom right. Top images (A) 
shows magnified Virchow 
Robin spaces, (B) identical to 
A, with Utrecht WMH 
segmentation shown, here, 
the right Virchow Robin 
space has a hyperintense 
rim, and is therefore 
classified as a WMH. 
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