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Abstract 

Parkinson’s disease (PD) is a debilitating neurodegenerative movement disorder 

characterized by tremor, rigidity, bradykinesia, and postural instability.  Additionally, a 

large portion of those with Parkinson’s disease will experience cognitive decline, with 

up to 80% developing dementia.  In patients without dementia, cognitive impairment of 

a lesser severity, or mild cognitive impairment, is also frequent.  The identification and 

characterization of mild cognitive impairment in the early stages of cognitive decline 

would allow clinicians to better assess the patient’s prognosis and facilitate informed 

disease management.  

No robust biochemical or genetic markers have emerged, but recent neuroimaging work 

shows promise.  Magnetic resonance imaging (MRI) is one such technique that may be 

employed to identify quantitative biomarkers of cognitive decline in PD.   

Ninety-six patients with PD and 34 healthy controls matched for mean age, years of 

education, and sex ratio participated in this study.  Comprehensive neuropsychological 

testing was used to classify PD patients as either cognitively normal (PD-N, n = 59), 

with mild cognitive impairment (PD-MCI, n = 22), or with dementia (PD-D, n = 15).  

Each participant completed a magnetic resonance imaging scanning session on a 3 T 

machine that included conventional structural imaging (sensitive to atrophy), arterial 

spin labelling perfusion imaging (sensitive to cerebral blood flow), and diffusion tensor 

imaging (sensitive to tissue microstructural integrity). 

All three MRI modalities were analysed using a general linear model in order to 

compare underlying brain differences associated with cognitive impairment in PD.  

Relative to controls, those with Parkinson’s disease and mild cognitive impairment and 

those with dementia showed significant grey matter atrophy, hypoperfusion, and loss of 

microstructural integrity in extensive brain regions.  A dissociation of severe 

hypoperfusion and minimal atrophy in the PD-MCI group was also identified, a finding 

that holds promise as a biomarker of cognitive status in PD.  Furthermore, distinct 

regions of atrophy, hypoperfusion, and microscopic damage significantly correlated 

with cognitive status.   

Principal component analysis was used to identify a characteristic pattern of abnormal 

perfusion associated with Parkinson’s disease.  Absolute perfusion values were used to 
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interpret the identified network as one of cortical hypoperfusion.  Both motor and 

cognitive statuses were significant factors related to the expression of the PD-related 

perfusion pattern.  

In this thesis, I have identified promising cross sectional biomarkers of cognitive status 

in PD using structural, diffusion, and perfusion MRI.  To provide maximum utility to 

the Parkinson’s disease community, these markers should describe progression as well.  

A longitudinal study—currently underway—will provide the opportunity to test 

whether these encouraging imaging findings can faithfully track progression of PD-

related cognitive decline. 
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1  Introduction 

Parkinson’s disease (PD), after Alzheimer’s disease, is the second most common 

neurodegenerative disorder and is associated with debilitating motor symptoms (de Lau & 

Breteler, 2006).  PD affects approximately 8000 New Zealanders, over a million Americans 

(Lang & Lozano, 1998), and millions more worldwide.  With our ageing population, the 

number of individuals affected by the disease is set to increase, bringing substantial personal, 

social, and economic burdens. While motor symptoms—tremor, slowness and stiffness—

dominate the early clinical presentation, cognitive function becomes the most debilitating 

symptom in the later stages, with dementia occurring in up to 80% of cases (Aarsland et al., 

2008; Hely et al., 2008).  

In PD patients without dementia, cognitive impairment of a lesser severity is also frequent, 

arising in one-third to one-half of patients even in the early stages of the disease (Aarsland et 

al., 2010; Caviness et al., 2007; Dalrymple-Alford et al., In press; Foltynie et al., 2004; 

Goldman et al., 1998; Janvin et al., 2006; Kandiah et al., 2009; Mamikonyan et al., 2009; 

Muslimovic et al., 2005; Verbaan et al., 2007).  Those with mild cognitive impairment (PD-

MCI) are at risk for further cognitive decline and dementia (Janvin et al., 2006).  Identifying 

PD-MCI is potentially important as detection in the early stages of cognitive decline may 

allow clinicians to better assess the individual’s prognosis and facilitate informed disease 

management.  Individuals with MCI, experiencing the early signs of cognitive decline, may 

be expected to respond favourably to potential neuroprotective or neurorestorative therapies 

that delay the development of dementia (Mamikonyan et al., 2009).   

The development of treatments to slow the progressive degeneration and functional decline of 

PD patients is a prominent goal in PD research.  Currently, therapeutic outcomes are generally 

based on clinical measures, such as the Unified Parkinson’s Disease Rating Scale (UPDRS; 

(Fahn & Elton, 1987; Goetz et al., 2008; Shults et al., 2002), but effective treatment of 

Parkinson’s disease reduces the signs and symptoms of the disease on which formal clinical 

assessment is based, i.e. the UPDRS cannot distinguish true neuroprotection or restoration 

from simple symptomatic improvement.  These improvements make it virtually impossible to 

gauge the underlying disease processes using traditional clinical evaluation (Brooks et al., 

2003). 
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To assess potential neuroprotective or neurorestorative therapies, “it will be important to 

develop robust biomarkers […] that can aid in specific and accurate diagnosis, particularly at 

early disease stages, and can objectively monitor progression and response to treatment” (Shi 

et al., 2010; p. 660).  To date, no robust biochemical or genetic markers have emerged 

(Michell et al., 2004).  The failure to identify a proven, effective neuroprotective therapy may 

be due at least in part to the absence of an objective biomarker.  In an attempt to develop and 

identify alternative measures of disease status and progression, some PD investigators have 

turned to neuroimaging techniques (Brooks et al., 2003).   

Neuroimaging allows researchers to map the neurobiological substrates of motor and 

cognitive impairment in PD.  Studies employing radiotracers are able to image dysfunctional 

neurotransmitter systems, e.g. 18FDOPA as a radioligand for dopamine and MP4A for 

cholinergic transmission (Klein et al., 2010; Nandhagopal et al., 2009), the build-up of 

amyloid plaques using 11C-PIB (Brooks, 2009), as well as the metabolic (18FDG) and 

perfusion (H2
150) abnormalities associated with PD (Eidelberg, 2009; Shi et al., 2010).  These 

techniques, which include positron emission tomography (PET) and single photon emission 

computed tomography (SPECT), continue to produce promising evidence showing spatially 

localized regions of abnormal function related to both motor and cognitive impairment in PD.  

Though the deployment of PET scanners is becoming more common, their availability is still 

limited (Sitburana & Ondo, 2009).  In addition, the expense, duration, and invasive nature of 

radionuclide imaging will limit its clinical application, particularly for longitudinal 

assessment (Laakso et al., 2010). 

Magnetic resonance imaging (MRI) has been gaining ground over the past decade as an 

attractive alternative to radiotracer methods.  MRI is a much more accessible, non-invasive 

technique able to produce a variety of different images.  Many of these images provide 

quantitative values that may provide new insights into the processes underlying cognitive 

decline in PD.  Structural MRI offers the ability to measure in an indirect, but quantitative 

way, the macroscopic atrophy associated with neurodegeneration.  A more sophisticated 

technique, diffusion tensor magnetic resonance imaging, allows structural investigation on the 

microscopic level.  In addition, completely non-invasive perfusion MRI via arterial spin 

labelling provides a functional measure of blood flow.  Furthermore, MRI can be used to 

image iron deposition, chemical concentration, and blood oxygenation level. 



 

	  
	  

3 

These multiple MR imaging techniques have provided insight into the structural and 

functional abnormalities of other neurodegenerative diseases such as Alzheimer’s disease 

(Alsop et al., 2000; Asllani et al., 2007; Damoiseaux et al., 2009) and Huntington’s disease 

(Kassubek et al., 2004; Thieben et al., 2002; Weaver et al., 2009).  A number of researchers 

have employed structural MRI (Burton et al., 2004) and diffusion tensor MRI (Yoshikawa et 

al., 2004) in the investigation of PD, with a smaller number focusing on dementia and 

cognitive impairment (Beyer et al., 2007; Lee et al., 2010).  There is a distinct paucity of 

reports of perfusion MRI in relation to both Parkinson’s disease in general and PD-related 

cognitive decline (Ma et al., 2010).   

There is a need for objective and reliable biomarkers of cognitive decline in PD, and this 

provides the impetus for this thesis.  Although the research community is making progress, a 

stable marker sensitive to cognitive decline is yet to be identified.  Employing multiple MRI 

techniques provides an opportunity to attempt to unravel the anatomical and functional 

changes underlying cognitive decline in PD.   

The overall objective of this thesis is to investigate anatomical and functional correlates of 

cognitive decline in Parkinson’s disease.  To this end, I have employed structural, perfusion, 

and diffusion MRI in a large group of patients representative of the entire cognitive spectrum 

associated with PD, in the attempt to identify objective imaging biomarkers.  The promising 

results presented in this thesis have led to the formulation of a follow-up longitudinal study 

with the goal of predicting and quantifying disease progression using the putative MR 

markers established in this work.  
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2 Parkinson’s disease and cognitive decline 

Underlying pathological change in PD is progressive, taking years to unfold, and does not 

remit or reverse (Braak & Del Tredici, 2008).  The disease is rare before 50 years of age, 

increasing with age to affect approximately 1% of people over the age of 65 and up to 4% in 

the oldest age groups (de Lau & Breteler, 2006; de Rijk et al., 1997).  The key 

neuropathological characteristics of PD are loss of dopaminergic neurons in the substantia 

nigra and the presence of Lewy bodies and neurites (insoluble protein-like cytoplasmic 

inclusions) in the remaining nigral cells and other brain areas (Braak et al., 2003; Fearnley & 

Lees, 1991).  PD is associated with reduced life expectancy (Morens et al., 1996) as well as 

both motor and non-motor disability.  Thus, PD shortens life as well as increasing debility 

during life.  

2.1 Parkinson’s disease risk factors 

Approximately 90% of Parkinson’s disease is sporadic, designated as idiopathic PD (Bartels 

& Leenders, 2009; Przedborski, 2007).  However, family history has been associated with an 

increased risk of developing PD (Rocca et al., 2004) and first-degree relatives of sporadic PD 

patients are two to three times more likely to develop PD than relatives of controls (Marder et 

al., 2003).  A number of genetic forms of PD relate to characteristic mutations, but most of 

these genetic forms do not appear to follow simple Mendelian inheritance patterns and 

explain “only a very small fraction of cases of PD” (Marras & Lang, 2008).  In addition, PD 

is approximately twice as frequent in men as in age-matched women (Van Den Eeden et al., 

2003). 

Environmental factors have also been implicated in the development of PD.  Exposure to the 

toxin 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP), a street drug contaminant, can 

cause parkinsonism similar to that in idiopathic PD (Langston et al., 1983).  The infectious 

disease encephalitis lethargica can also cause similar features (Schrag, 2007).  Exposure to 

pesticides (Seidler et al., 1996), having experienced a head injury (Taylor et al., 1999), and 

rural living (Butterfield et al., 1993) have also been associated with an increased risk of PD in 

some, but not all studies, e.g. Kuopio et al. (1999).  Smoking especially (Butterfield et al., 

1993; Seidler et al., 1996) and coffee consumption (Hernan et al., 2002) have consistently 

been associated with a decreased risk for Parkinson’s disease.  It therefore appears that PD 



 

	  
	  

6 

results from the complex interplay of numerous environmental factors and genetic 

susceptibility. 

2.2 Diagnosis 

PD is characterized by the classic motor symptoms of tremor, rigidity, bradykinesia, and 

postural instability (Bartels & Leenders, 2009).  Typically, but not always, motor symptom 

onset is asymmetrical, preferentially affecting one side.  Diagnosis is based on clinical 

criteria, as summarized by Hughes et al. (Hughes et al., 1992) and Gibb and Lees (Gibb & 

Lees, 1988).  This involves three steps: (1) diagnosis of one of many possible parkinsonian 

syndromes, (2) exclusion of possible alternative causes, and (3) supportive prospective 

positive criteria for idiopathic Parkinson’s disease.  While these accepted criteria lead to a 

clinical diagnosis, the gold standard for the diagnosis of PD remains neuropathological 

examination, as there is still no unequivocal biomarker that can confirm diagnosis in vivo 

(Lang & Lozano, 1998).   

2.3 Pathophysiology of the basal ganglia in PD 

Parkinson’s disease arises primarily from the progressive loss of dopaminergic neurons of the 

nigrostriatal pathway (George et al., 2009).  This degeneration, specifically within the 

substantia nigra pars compacta (SNpc), depletes dopamine available to the caudate and 

putamen, leading to the typical motor symptomatology of PD (Przedborski, 2007).  By the 

time patients begin manifesting motor symptoms, approximately 50-70% of the cells in the 

substantia nigra have already been lost (Fearnley & Lees, 1991) and striatal dopamine content 

has been reduced by approximately 80% (Bernheimer et al., 1973).  It can thus be safely 

assumed that neuropathology precedes symptom onset by a period of years in most cases.   

Braak et al. (2003) have proposed that PD begins pathologically in the lower brainstem and 

olfactory bulb, and reaches the SNpc in the mid stages of the disease, prior to progressing into 

neocortical areas.  Although classically associated with degeneration in the substantia nigra, 

PD is a multisystem process that includes other nuclei of the basal ganglia and cortex as well.  

This led Marras and Lang (2008) to state that, “the motor features that are currently used to 

define PD clinically thus reflect restricted aspects of the pathology” (p. 1998).  The following 

presents a brief summary of the functional organization and pathophysiology of the basal 

ganglia in PD.   
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The basal ganglia, comprised of the caudate nucleus, putamen, globus pallidus, substantia 

nigra, and the subthalamic nucleus (Mink, 2007), form a complex network of connections that 

integrates cortical regions, basal ganglia nuclei, and thalamus (Alexander et al., 1986).  

Neurons within the putamen receive the bulk of their excitory projections from cortical motor 

areas (Kemp & Powell, 1970).  These neurons give rise to two pathways that connect the 

putamen to the output nuclei of the basal ganglia, the globus pallidus pars interna (Gpi) and 

the substantia nigra pars reticulata (SNpr).  The ‘direct pathway’ projects directly from the 

putamen to the GPi/SNpr.  These neurons bear dopamine D1 receptors and provide a direct 

inhibitory effect on GPi/SNpr.  The ‘indirect pathway’ connects the putamen and GPi/SNpr 

indirectly via connections to the globus pallidus pars externa (GPe) and subthalamic nucleus 

(STN).  Neurons forming the indirect pathway possess D2 dopamine receptors.  Projections 

from the putamen to GPe and thence to STN are inhibitory.  Those from STN to GPi/SNpr 

activate the neurons within the output nuclei.  Stimulation of the neurons of the direct 

pathway inhibits GPi/SNpr output, whereas stimulation of the indirect pathway leads to 

inhibition of GPe, disinhibition of the STN, and excitation of the GPi/SNpr.  The total output 

activity of the basal ganglia is thus regulated by the inhibitory influence of the direct pathway 

and the opposing excitatory influence of the indirect pathway (Alexander et al., 1986; Obeso 

et al., 2000).   

In the healthy brain, the SNpc continuously (i.e. tonically) stimulates the putamen via 

dopamine.  In PD, dopamine levels are reduced due to cell death in the SNpc, and this 

ultimately leads to heightened activity of the basal ganglia output nuclei (GPi/SNpr).  This, in 

turn, induces excessive inhibition of thalamo-cortical and brainstem motor systems, 

contributing to the characteristic motor symptoms in PD.  Dopamine deficiency results in 

reduced excitation of the D1-mediated direct pathway, reducing inhibition at the GPi/SNpr 

and leading to increased GPi/SNpr activity.  Concurrently, inhibition is reduced in the D2-

mediated indirect pathway with decreased putamen inhibition of GPe, and in turn, reduced 

inhibition of STN.  Uninhibited neurons within the STN consequently excite GPi/SNpr.  

Therefore, excess activation of the output nuclei in PD is due to both decreased inhibition of 

the D1 receptors of the direct pathway and increased excitation of the D2 receptors of the 

indirect pathway (Albin et al., 1989; Mink, 2007). 

While the above description is a simplified view of the basal ganglia in PD, it serves as a 

useful starting point.  
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2.4 Possible mechanisms of cell death 

A number of possible mechanisms have been proposed that lead to nigral cell death central to 

the development of Parkinson’s disease.  One such possibility is mitochondrial respiratory 

failure and oxidative stress within nigral neurons (Schapira et al., 1989).  A related theory 

suggests that PD patients have a dysfunctional antioxidant system.  Normal metabolism of 

dopamine produces hydrogen peroxide and superoxide radicals that are cleared by the healthy 

cell.  In PD, more toxic oxygen radicals may be formed, creating increased oxidative stress 

that could damage the dopaminergic neurons (Jenner & Olanow, 1996).   

It has been suggested that the system that removes excess or misfolded proteins from the 

brain may be impaired in PD.  Dysfunction of this ubiquitin-proteasome system may cause 

faulty proteins to aggregate, contributing to the formation of Lewy body pathology and 

augmenting neurodegeneration (McNaught et al., 2003).  Additionally, dysfunctional glial 

cells (astrocytes) may accumulate α-synuclein-immunoreactive material, contributing to 

degeneration by perpetuating or amplifying primary neuronal insult (Braak et al., 2007; Braak 

& Del Tredici, 2008). 

2.5 Clinical symptoms in PD 

PD is characterized by the four cardinal motor symptoms, but is also associated with a variety 

of non-motor symptoms.  Due to the progressive nature of the disease, both motor and non-

motor symptoms “begin almost imperceptibly and worsen over time” (Braak & Del Tredici, 

2008; p. 1916). 

2.5.1 Motor symptoms 

Tremor is the most visible feature of PD, evident in James Parkinson’s initial description of 

the disease as the “shaking palsy.”  Bradykinesia—slowness of movement—is a requisite for 

diagnosis; related symptoms are akinesia (inability to initiate movement) and hypokinesia 

(decreased amplitude of movements). Gait problems including initiating movement and 

freezing, confounded by postural instability (balance difficulties) and rigidity, can cause 

immobility and increase the risk of falling.  Many patients also experience speech 

impairments (dysarthria and hypophonia). 
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2.5.2 Non-motor symptoms 

Parkinson’s disease is classically defined as a movement disorder, but substantial non-motor 

symptoms frequently manifest.  Common neuropsychiatric disturbances in PD include 

psychosis, depression, anxiety, fatigue and apathy (Park & Stacy, 2009).  Sleep disorders are 

a source of disability in PD (Stacy, 2002), along with a wide range of autonomic disturbances 

such as orthostatic hypotension, urinary frequency, constipation and sweats, as well as 

sensory changes including decreased olfaction, visual changes, restless legs syndrome, and 

pain (Park & Stacy, 2009).  Finally, cognitive impairment may add further hardship to the 

already debilitating disease. 

2.5.3 Cognitive impairment in PD 

Cognitive impairments and dementia are a common feature in PD (Aarsland et al., 2003a; 

Hely et al., 2008) and have a dramatic effect on survival (Buter et al., 2008), quality of life of 

patient and caregiver (Schrag et al., 2000), higher health care burden (Spottke et al., 2005), 

and the need for institutionalized care (Aarsland et al., 2000).  In addition, cognitive 

impairment is associated with a very high risk for the development of psychiatric symptoms 

and more rapid motor decline (Aarsland & Kurz, 2010).  PD patients have a six fold increased 

risk for dementia compared to healthy individuals (Aarsland et al., 2001) and although 

estimates of both prevalence and incidence heavily depend upon the methodology used, the 

cumulative prevalence of dementia in PD has been reported as high as 80-90% (Buter et al., 

2008).  Other estimates of dementia prevalence range from 22-83% (Aarsland et al., 1996; 

Athey et al., 2005; Cummings, 1988; de Lau et al., 2005; Hely et al., 2008; Hobson & Meara, 

2004). 

2.5.3.1 Risk factors for dementia 
The most consistent risk factor for dementia is older age (de Lau et al., 2005; Vingerhoets et 

al., 2003; Williams-Gray et al., 2009).  More axial parkinsonian symptoms (Locascio et al., 

2003), in particular rigidity, postural instability and gait disturbance (Verbaan et al., 2007), 

and mild cognitive impairment at baseline (Janvin et al., 2006) are also associated with 

dementia.  Duration of PD symptoms (Locascio et al., 2003) and hallucinations (Aarsland et 

al., 2003a) are also predictive factors. 

2.5.3.2 Mild cognitive impairment 
In PD patients without dementia, cognitive deficits occur frequently (up to approximately 

50%), even in the early stages of the disease (Aarsland et al., 2010; Caviness et al., 2007; 
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Dalrymple-Alford et al., In press; Foltynie et al., 2004; Goldman et al., 1998; Janvin et al., 

2006; Kandiah et al., 2009; Mamikonyan et al., 2009; Muslimovic et al., 2005; Verbaan et al., 

2007).  This state is designated mild cognitive impairment (PD-MCI).  Aarsland and Kurz 

(2010) identify PD with mild cognitive impairment as a “key priority for future research,” 

(p.636) for a variety of reasons.  PD patients with MCI have an increased risk for developing 

dementia (Janvin et al., 2006; Williams-Gray et al., 2007; Williams-Gray et al., 2009).  

Additionally, therapeutic intervention at this stage may delay or completely prevent the onset 

of dementia (Caviness et al., 2007; Mamikonyan et al., 2009), and PD-MCI may eventually 

act as the optimum target for such therapies.  Therefore the characterization and identification 

of this group is essential.  Unfortunately, consensus criteria for the definition and 

classification of PD-MCI have not yet been established and are a priority of current research 

(Aarsland et al., 2010; Dalrymple-Alford et al., 2010; Dalrymple-Alford et al., In press).  

Employing these varying cognitive criteria, previous imaging research by others (Beyer et al., 

2007; Huang et al., 2008) has identified anatomical and functional changes associated with 

PD-MCI.  These findings suggest that early cognitive deficits in PD may in fact represent the 

earliest manifestation of dementia, providing an optimum intervention window to slow or 

even prevent the currently inevitable manifestation of dementia. 

2.5.3.3 Clinical features of PD-related cognitive decline 
While the dominant cognitive profile is one of impaired executive function, deficits are also 

present in the other Movement Disorders Task Force cognitive domains of learning and 

memory; attention, working memory and speed of processing; and 

visuospatial/visuoperceptual function (Dubois et al., 2007; Emre et al., 2007). 

2.5.3.3.1 Executive function 
Defined as the ability to plan, organize, and regulate goal-directed behaviour, executive 

function impairments form the chief feature of dementia in PD.  Cognitive decline in PD is 

typically associated with impairments in concept formation and rule finding, problem solving, 

and set planning, shifting, and maintenance (Emre, 2003). 

2.5.3.3.2 Learning and memory 
Significant memory impairment has been reported in PD-D.  PD patients with dementia 

showed deficits on tests of learning and memory that did not differ from Alzheimer’s disease 

(Aarsland et al., 2003b; Starkstein et al., 1996).   
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2.5.3.3.3 Attention, working memory and speed of processing 
Patients with dementia demonstrate impaired attention, quantified by cognitive reaction time 

and vigilance, and accompanied by fluctuations in attention (Ballard et al., 2002).   

2.5.3.3.4 Visuospatial/visuoperceptual function 
In a recent review, Watson and Leverenz (2010) describe the deficits on a multitude of 

visuospatial/visuoperceptual tests (with and without motor components) exhibited by non-

demented PD patients.  They identify the importance of visuospatial/visuoperceptual testing 

in PD to determine whether a non-demented patient can safely operate an automobile. 

2.5.3.4 Clinico-pathological correlations of cognitive decline 
The pattern of cognitive impairments in PD is complex; it therefore follows that the 

neuropathological substrates underlying cognitive impairment may also be variable (Watson 

& Leverenz, 2010).  Limbic and cortical Lewy body pathology (as a marker of alpha-

synuclein accumulation), co-incident Alzheimer-type pathology, and mid-brain pathology 

have been suggested to explain the emergence of dementia with the progression of PD.  Early 

studies identified correlation between neuronal loss in the substantia nigra, locus ceruleus, and 

nucleus basalis of Meynert and dementia in PD (Rinne et al., 1989; Zweig et al., 1993). 

Alzheimer’s disease pathology, in prefrontal and temporal regions, often co-exists with 

dementia in PD (Jellinger et al., 2002; Tsuboi & Dickson, 2005; Vermersch et al., 1993), but 

does not generally predict cognitive status well or reach a severity to justify pathological 

Alzheimer’s disease diagnosis (Emre et al., 2007; Tsuboi & Dickson, 2005).  Studies using 

alpha-synuclein antibodies to detect Lewy bodies suggest the main pathological correlate of 

dementia in PD is best described by Lewy body accumulation and degeneration in limbic and 

cortical regions (Apaydin et al., 2002; Hurtig et al., 2000; Kovari et al., 2003; Mattila et al., 

1998; Uchikado et al., 2002). However, the presence of limbic or cortical Lewy bodies is not 

always associated with dementia in PD (Colosimo et al., 2003).  Braak et al. (2003) suggested 

an ascending order of pathological changes in PD, beginning in brainstem nuclei and 

olfactory nucleus, spreading in an ascending order to include temporal mesocortex and 

eventually reaching the neocortex.  This pattern of ascending pathology provides a possible 

explanation for the relatively late occurrence of dementia in PD.  On the basis of these recent 

alpha-synuclein immunohistological studies, Lewy body-type degeneration in the cortex and 

limbic structures appears to be the main pathological correlate of dementia in PD. 
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2.5.3.5 Neurochemical deficits in cognitive decline 
It has also been suggested that neurotransmitter changes play a key role in the development of 

PD-related cognitive decline and dementia.  Dopaminergic deficits are the main 

neurochemical feature in PD, and it was therefore originally proposed that cognitive 

impairment followed from the initial dopamine depletion (Mortimer et al., 1982).  

Additionally, MPTP-induced parkinsonism, in which only the dopaminergic system is 

affected, has revealed deficits in a number of cognitive domains (Stern et al., 1990).  

Although some cognitive deficits involving frontal lobe function in idiopathic PD may benefit 

from levodopa (Growdon et al., 1998; Kulisevsky et al., 2000), generally little improvement 

in cognition with dopaminergic therapy is seen in routine clinical practice (Growdon et al., 

1998; Morrison et al., 2004), suggesting the dopaminergic deficit is not the primary 

neurochemical impairment responsible for cognitive decline and dementia in PD.  

Nonadrenergic and serotoninergic pathways have received limited attention as potential 

causes of cognitive impairment in PD, but do not appear to be fundamental to the 

development of dementia (Emre, 2003). 

Of all the neurotransmitters, the most compelling evidence for a relationship with PD-related 

cognitive impairment exists for the cholinergic system.  Degeneration of the ascending 

cholinergic pathways may substantially contribute to cognitive impairment and dementia in 

patients with PD (Emre, 2003).  Decease in cholinergic innervation of the cerebral cortex and 

cellular loss correlate with the severity of cognitive impairment and presence of dementia in 

PD (Dubois et al., 1983; Perry et al., 1985). 

Recently in vivo neuroimaging studies have confirmed the presence of cholinergic deficits 

seen in these earlier pathological studies.  Using PET to image brain acetylcholinesterase 

(essentially imaging activity of the cholinergic system), Shimada et al. (2009) identified some 

deficits in PD without dementia, but widespread reduction in cortical cholinergic function in 

PD with dementia.  Klein and colleagues (2010) used PET to measure both dopaminergic and 

cholinergic function in PD with and without dementia.  Both cognitive groups revealed 

decreased dopaminergic and cholinergic function compared to controls.  Interestingly, no 

significant differences were identified between the two PD groups in terms of dopamine 

uptake, but the PD with dementia group exhibited significantly reduced cholinergic activity 

compared to PD without dementia in occipital, parietal, temporal and frontal lobes, with 

particular emphasis in posterior regions.  These results suggest that cholinergic deficits appear 

to be “crucial for the development of dementia” (Klein et al., 2010; p. 890).   
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Emre concludes a discussion of the potential neurochemical processes underlying cognitive 

impairments in PD in the following way (Emre, 2003):  

In summary, loss of cholinergic, dopaminergic, and noradrenergic innervation might be 
the neurochemical deficits that underlie cognitive impairment and dementia in PD. It was 
proposed that, as dopaminergic deficits may partly be responsible for dysexecutive 
syndrome, cholinergic deficits may cause impairments in memory, attention, and frontal 
function, whereas noradrenergic deficits may contribute to impaired attention and 
serotoninergic deficit may cause depressive symptoms. (p. 232) 

 

Whilst cholinergic deficits appear to have a prominent influence on cognitive impairments in 

PD, a complex interplay of multiple systems is likely.  MRI provides a non-invasive method 

to investigate in an indirect, yet quantitative way, the underlying pathology associated with 

cognitive decline in PD.  The aims of this thesis were therefore twofold: (1) To use structural, 

perfusion, and diffusion MRI to identify differences associated with cognitive impairment in 

PD that may further understanding of the disease process itself, and (2) To identify MR 

imaging biomarkers capable of characterizing and predicting cognitive status in PD.  
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3 Principles of MRI data acquisition and image formation 

Magnetic Resonance Imaging (MRI) is a non-invasive imaging modality that has come to the 

forefront of medical imaging in recent decades.  MRI involves an incredible mixture of 

physics—including quantum mechanics, superconduction, electromagnetism, cryogenics—

and superb engineering to meld the physics of nuclear magnetic resonance into the familiar 

MRI scanner found in hospitals worldwide.   

In stark contrast to other useful imaging modalities such as planar x-ray, x-ray computed 

tomography (CT), positron emission tomography (PET), and single photon emission 

computed tomography (SPECT), MRI does not use ionizing radiation to form an image.  MR 

imaging uses the magnetic properties of water—comprising over 60% of the human body—to 

form an image.  The properties associated with water are influenced by their local 

environment and change subtly with development, degeneration, and pathology; in many 

cases, MRI can be used to detect these changes.  

The total signal measured in MRI depends on distinct tissue parameters.  Optimizing the MR 

acquisition to these different parameters produces strikingly different image contrasts, each 

with its own advantages.  Furthermore, by adjusting the imaging parameters, MR images can 

display anatomy, function, and in vivo chemistry.   

MRI stems from a technique known as Nuclear Magnetic Resonance (NMR), independently 

discovered by Felix Bloch (1946) and Edward Purcell (1946) in 1946.  Both MRI and NMR 

involve the magnetic properties of nuclei exposed to an external magnetic field (Huettel et al., 

2004).  Although any nucleus that contains an odd number of nucleons could be used for 

NMR/MRI, the imaging nucleus of choice is the single proton present at the centre of the 

hydrogen atom.  This choice is made primarily because the hydrogen atom is the most 

abundant in the human body (McRobbie et al., 2007).  The pioneering work of Paul Lauterbur 

(1973) and Peter Mansfield (1973) in the 1970’s led to the development of MRI, which now 

forms a vital part of the modern radiology department.   

3.1 Nuclear magnetic resonance signal 

The basis of the NMR effect is the interaction between a nucleus with a nonzero magnetic 

moment and an external magnetic field.  The magnetic moment stems from an intrinsic 
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angular momentum or nuclear spin.  Classically, the charged proton acts as a spinning sphere 

or current loop that produces a small magnetic moment (Bushberg et al., 2002); this is 

illustrated in the left panel of Figure 3-1.   In the presence of an external magnetic field, the 

proton experiences a torque, which attempts to align the magnetic moment with the external 

field; this leads to precession, in which the magnetic moment traces out a circular path around 

the axis of the external magnetic field (Pooley, 2005).  Restricted by the laws of quantum 

mechanics, protons align with the field in only one of two ways.  The proton may either 

occupy the low-energy (spin-up) state, or the high-energy (spin-down) state.  Expanded to the 

macroscopic world, these two states correspond to an alignment parallel to (spin-up) or anti-

parallel to (spin-down) the external magnetic field (Figure 3-1, right panel). 

  

Figure 3-1.  Left panel: A spinning proton with a positive charge produces a magnetic moment, µ.  Right 
panel: The two possible quantum states for a proton in an external magnetic field—parallel (spin up) or 
anti-parallel (spin down). 

Individual protons may gain (absorb) or lose (emit) energy in discreet energy quanta that 

allow them to move between the spin-up and spin-down states.  In general, more protons will 

occupy the low-energy state than the high-energy state.  At room temperature in a 3 tesla 

magnetic field, this offset equates to about 10 more spins per 3 million in the spin-up state.  

These 10 spins per three million are enough to create a measureable net magnetization vector 

(on the order of μT); it is this net magnetization that provides the raw material for signal 

generation in a two-step process.  First, a radiofrequency (RF) pulse is used to excite the 

protons.  This manipulates the net magnetization away from equilibrium.  Secondly, as the net 

magnetization is allowed to return to its equilibrium state, a detector within the scanner 

records the emitted electromagnetic radiation (in the radiofrequency spectrum).  This 

information is later used to form the MR image. 

3.2 Classical precession and the Larmor frequency 

In the absence of a magnetic field, spins (i.e. protons) are randomly oriented and therefore 

sum to yield zero net magnetization.  When an external magnetic field 

€ 

B is applied to the 
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spinning charged proton with magnetic moment 

€ 

µ , a torque 

€ 

τ  acts on the spin according to 

the equation: 

€ 

τ = µ × B   Equation 3.1 

Nonzero total torque on a system produces a change in the total angular momentum 

€ 

J  

(Haacke, 1999): 

€ 

dJ
dt

= τ   Equation 3.2 

The magnetic moment 

€ 

µ  is directly proportional to the angular momentum 

€ 

J  (McRobbie et 

al., 2007): 

€ 

µ = γ J   Equation 3.3	  

where 

€ 

γ  is the gyromagnetic ratio, a proportionality constant unique to each type of nucleus.  

Combining these three equations gives the fundamental equation of motion describing the 

behaviour of the precessing spins (without relaxation): 

€ 

dµ
dt

= γµ × B  Equation 3.4 

If the magnetic field is applied along the bore of the scanner or z-direction, Equation 3.4 can 

be decomposed into a single equation in each Cartesian direction:  

€ 

µ =

µx

µy

µz

⎛ 

⎝ 

⎜ 
⎜ 
⎜ 

⎞ 

⎠ 

⎟ 
⎟ 
⎟ 

  

€ 

B =

0
0
Bz

⎛ 

⎝ 

⎜ 
⎜ 
⎜ 

⎞ 

⎠ 

⎟ 
⎟ 
⎟ 

  Equation 3.5 

€ 

dµx

dt
= γµyBz   

€ 

d2µx

dt 2
= (γBz )

2µx   Equation 3.6 

€ 

dµy

dt
= γµxBz   

€ 

d2µy

dt 2
= (γBz )

2µy   Equation 3.7 

€ 

dµz

dt
= 0   

€ 

d2µz

dt 2
= 0   Equation 3.8 

By taking additional derivatives, the equations can be decoupled.  These decoupled second-

order differential equations have the familiar solution to simple harmonic motion, 

€ 

C1 cosωt +C2 sinωt , where  
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€ 

ω = γB   Equation 3.9 

Here, 

€ 

ω  is the Larmor frequency (MHz), 

€ 

γ  is the gyromagnetic ratio (MHz T-1: for hydrogen, 

€ 

γ = 42.57MHz T-1), and 

€ 

B is the external magnetic field (T). 

Equation 3.9, the Larmor equation, is the fundamental equation of MRI; it describes the 

relationship between the external magnetic field and the spin precession.  When spins are 

placed in an external magnetic field, they will experience a torque that causes the magnetic 

moment to precess, tracing out a circular path around the axis of the applied magnetic field at 

the resonant, or Larmor, frequency. 

3.3 Signal production 

Protons precessing at the Larmor frequency give rise to the net magnetization vector.  These 

can be visualized as tracing out a cone of precession as shown in Figure 3-2.  At equilibrium, 

the slight spin excess in the spin-up quantum state results in a net longitudinal magnetization 

in the z-direction (parallel to the external magnetic field, B0).  Protons will have the same 

frequency but no transverse phase coherence, yielding zero net magnetization in the 

transverse (xy) plane.   

 

Figure 3-2.  The representation of many protons (isochromats) yields a net longitudinal magnetization in 
the z-direction.  Adapted from McRobbie (2007). 

In order to produce a measurable signal, the net longitudinal magnetization is tipped into the 

transverse plane using an oscillating electromagnetic field at the resonant (Larmor) frequency.  



 

	  
	  

19 

In typical MR scanners this radiation falls within the radio frequency (RF) range (Kuperman, 

2000); at 1.5 T, 

€ 

ω
2π

= 63.9 MHz and at 3 T, 

€ 

ω
2π

=127.7 MHz.  This RF pulse facilitates an 

efficient transfer of energy in which many of the spins absorb energy and move into the 

higher energy state.  If applied in the transverse plane, the RF pulse creates a torque that 

rotates the net magnetization away from the main magnetic field (z-direction) and into the xy-

plane; this is illustrated in Figure 3-3 (Bernstein et al., 2004a; Kuperman, 2000). 

3.4 Reference frames and radiofrequency pulses 

Two different reference frames assist in the visualization of the excitation and subsequent 

relaxation of nuclear spins.  The first is the laboratory (fixed) frame defined by the x- and y-

axes.  The transient RF pulse tuned to the Larmor frequency produces an oscillating magnetic 

field perpendicular to B0 in the laboratory frame, 

€ 

b1.  

€ 

b1 causes the net magnetization, M0, to 

tilt away from the z-axis for the duration of the RF pulse.  M0 continues to precess as it 

approaches the transverse plane, therefore taking on the spiral shape illustrated in the left 

panel of Figure 3-3. 

The second frame, or ‘rotating frame’, rotates about the axis parallel to the magnetic field (z-

axis) at the Larmor frequency (Haacke, 1999).  The rotating frame shares the z-axis with the 

laboratory frame but its transverse plane (defined by x´- and y´- axes) rotates at ω.  The spins 

precessing at the Larmor frequency appear stationary, while those at higher or lower 

frequencies gain or lose phase.  In the rotating frame the excitation pulse at the Larmor 

frequency is a static field (Figure 3-3, 

€ 

b1 in right panel) aligned along the x´-axis in the 

transverse plane.  Again, 

€ 

b1 causes the net magnetization, M0, to tilt away from the z-axis for 

the duration of the RF pulse.  In the rotating frame, the resultant angle between M0 and the z-

axis just after the termination of the RF pulse is referred to as the flip angle (Figure 3-3, right 

panel). The flip angle 

€ 

θ  is determined by the strength and duration of the RF pulse (Haacke, 

1999): 

€ 

θ = ωdt
0

t

∫   Equation 3.10 

where 

€ 

ω = γb1. 
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M0 exists entirely in the transverse plane after a 900 flip angle pulse.  In order to achieve a 

1800 flip angle, the RF pulse would need to be twice as strong or double the duration 

(McRobbie et al., 2007).  Typical flip angles include 900 and 1800, but others are also used. 

  

Figure 3-3.  An oscillating magnetic field produced by a RF pulse tuned to the resonant frequency rotates 
the net magnetization toward the transverse plane.  Left panel: Laboratory frame—M0 spirals away from 
the z-axis as it approaches the transverse plane.  Right panel: Rotating frame—the RF pulse creates a 
static magnetic field along the x'-axis, perpendicular to the z-axis (b1).  M0 precesses about b1 toward the 
transverse plane until b1 is removed.  M0 forms an angle θ with the z-axis called the flip angle.  Based on 
R. Watts’s lecture notes (MDPH406) and McRobbie (2007). 

After an on-resonance RF excitation (900 flip angle), M0 precesses in the transverse plane as 

observed from the laboratory frame.  From Faraday’s law of induction, this changing 

magnetic field in the transverse plane induces an electromotive force in the RF receiver coil.  

This induced signal is known as the Free Inductance Decay (FID).  The amplitude of the FID 

decays exponentially as spins de-phase due to local field inhomogeneities.  FID and applied 

magnetic field gradients comprise the foundation of MR data acquisition (Bushberg et al., 

2002). 

3.5 Relaxation times 

After the on-resonance RF excitation pulse is turned off, spins immediately begin to relax 

toward equilibrium.  During return to equilibrium the magnitude of M0 does not remain 

constant and is affected by two separate processes: a regrowth of longitudinal magnetization 

(along the z-axis) as protons lose the energy absorbed from the RF pulse and a dephasing or 

loss of spin coherence in the transverse (xy) plane (McRobbie et al., 2007).   
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3.5.1 T1: Spin-lattice interaction 

Spins experience T1 relaxation as excited protons lose excess energy to the surrounding 

environment (or lattice) and return to their original low energy orientation, parallel to the 

external magnetic field.  As more and more protons relax, the longitudinal magnetization 

parallel to B0 continues to recover until returning to equilibrium, M0 (McRobbie et al., 2007).  

T1 is the time constant that characterizes the regrowth of magnetization along the axis parallel 

to B0 (longitudinal magnetization, Mz).  The recovery of Mz to M0 is a statistically random 

process and is described by the following equation (Haacke, 1999):  

€ 

Mz = Mz(0)e
− t
T1 + M0[1− e

−t
T1]  Equation 3.11 

where 

€ 

Mz(0)  is the longitudinal magnetization at the time of the resonant pulse, 

€ 

M0  is the 

fully relaxed longitudinal magnetization at equilibrium, and 

€ 

t  is the time from the resonant 

RF pulse.  T1 is defined as the time taken for Mz to recover to 63% its equilibrium value.   

Resonance plays an important role in the efficient absorption of energy during the RF pulse, 

but also facilitates the transfer of energy from an excited spin to the surrounding lattice after 

the removal of the RF pulse (Brown & Semelka, 2003).  If the intrinsic frequency of the local 

molecular motion (vibration or rotation) of the lattice is close to that of the resonant frequency 

of the excited proton, then the lattice will absorb the excess energy of the excited proton more 

easily.  This transfer of energy on or near resonance allows the excited protons to return to 

equilibrium sooner, shortening T1.  The molecular makeup of different tissues in the body, 

especially the presence of any metal ions, strongly dictates the local field.  It follows then that 

each tissue type has its own unique characteristic T1 time.   

3.5.2 T2: Spin-spin interaction 

T2 or spin-spin relaxation refers to the decay of the transverse magnetization (Mxy) after the 

net magnetization vector has been rotated into the transverse plane.  At equilibrium M0 is 

entirely along the z-axis; spin coherence exists longitudinally.  Absorption of energy from a 

900 RF pulse causes the net magnetization to rotate away from the z-direction, ultimately 

achieving coherence in the transverse plane.  Protons experience local fields that depend not 

only on the strong external magnetic field, but also on the smaller fields caused by 

neighbouring spins (Haacke, 1999).  Different local fields lead to varying precessional 

frequencies that result in a loss of phase coherence, or a fanning out of spins over time.  As 

spins dephase and coherence disappears, the magnetization in the transverse plane decreases 
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to the equilibrium value of zero.  Figure 3-4 shows the dephasing after the RF pulse; some 

spins will experience slightly higher local magnetic fields and precess at a higher frequency 

(move in the clockwise direction in the rotating reference frame) while other will experience 

slightly lower magnetic fields and therefore slow down (precess in the counter clockwise 

direction in the rotating reference frame).  The net effect is a decrease in transverse 

magnetization (McRobbie et al., 2007). 

 

Figure 3-4.  T2 dephasing, due to spin-spin interactions, causes a rapid fanning out of spins in the 
transverse plane.  Left panel: Just after the RF pulse is turned off.  Right panel: After a short time delay, 
the phase of the protons has spread out leaving little transverse magnetization.  Adapted from McRobbie 
(2007). 

T2 is the time constant that characterizes the decay of the transverse magnetization and is 

defined as the time taken for transverse magnetization to drop to 37% of its initial size.  The 

following exponential equation describes T2 decay (Haacke, 1999):   

€ 

Mxy = Mxy (0)e
−t
T 2   Equation 3.12 

where 

€ 

Mxy (0)  is the initial magnetization in the transverse plane. 

After a 900 excitation pulse rotates the magnetization into the transverse plane, neighbouring 

protons will precess at the Larmor frequency.  Energy is then readily transferred between 

adjacent spins; this transfer is referred to as spin-spin relaxation and is described by T2.  

Anything that changes a proton’s precessional frequency from the Larmor frequency will 

contribute to dephasing and subsequent decay of Mxy.  In addition to spin-spin interactions, 

additional loss of phase coherence is introduced by inhomogeneities of the external magnetic 

field.  Despite very nearly uniform bore magnets, the presence of the patient produces 
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inhomogeneities due to magnetization of the patient’s tissues; hence there will always be 

contributions from field inhomogeneities.  This specific reduction in Mxy caused by field 

inhomogeneities is characterized by its own decay time, T2´ (Haacke, 1999).  Combined 

relaxation time is called T2* and is related to T2 by 

€ 

1
T2*

=
1
T2

+
1
T ʹ′ 2 

  Equation 3.13 

Loss of phase coherence caused by T2ʹ′ relaxation is recoverable; it is possible to create a 

rephasing of spins and recover their initial phase relationship with regards to field 

inhomogeneities.  T2 decay is irretrievable as it is related to random interactions of individual 

spins.   

3.5.3 More relaxation 

Both spin-lattice relaxation and spin-spin dephasing are tissue dependent processes, with each 

tissue having its own characteristic T1 and T2 values (Table 3-1).  These differences give rise 

to a cornerstone of MR imaging—by tuning various imaging parameters one can exploit 

differences in T1 and T2 values to create numerous images with varied contrast exhibiting 

distinct information.   

Tissue T1 (ms) T2 (ms) 
Grey matter 950 100 
White matter 600 80 
Cerebrospinal fluid 4500 2200 
Fat 250 60 
Blood 1200 100-200 

Table 3-1.  Approximate values for relaxation constants at B0 = 1.5T and 370C (Haacke, 1999). 

Two more points of interest regarding T1 and T2 decay remain for clarification.  Energy 

transfer from excited spins to the surrounding lattice is responsible for T1 decay and the 

recovery of the longitudinal magnetization.  On the other hand, there is no energy lost during 

T2 decay.  The decay of the transverse magnetization arises from a loss of phase coherence of 

the spins caused by local magnetic field variations.  Secondly, the vector sum of the net 

magnetization does not equal M0 at all times.  The net magnetization vector is equal to M0 

immediately after a 900 pulse and after complete T1 relaxation (McRobbie et al., 2007).  T1 

and T2 decays are separate processes that occur simultaneously; T2 is the rapid dephasing of 

spins in the transverse plane while T1 decay is a much slower process of energy loss and 

recovery of the longitudinal magnetization.  Figure 3-5 illustrates the different relaxation rates 

of T1 and T2 decay. 
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Figure 3-5.  T1 and T2 decay for the same tissue.  The two occur simultaneously, but T2 occurs more 
rapidly than T1.  Adapted from McRobbie (2007). 

3.6 Data acquisition 

The relaxation of both longitudinal and transverse magnetization in different tissues provides 

the basic contrast for image formation in MRI.  The aforementioned FID contains this 

information, but it is never measured directly.  Instead “echoes” are produced using a 

combination of RF pulses and magnetic field gradients.  Spin echoes (produced by RF pulses) 

and gradient echoes (produced by magnetic field gradients) both rephase spins that have lost 

phase coherence.  When spins are refocused and come into phase with each other, an echo is 

produced.  This echo signal is recorded and used for image reconstruction.  The timing and 

order of the RF pulses, gradient pulses, and signal recording is critical to image formation.  

Different images require different contrasts that are achieved by manipulating the type, onset, 

duration, and order of the pulses; the set of specific parameters used to obtain different MR 

images is referred to as a pulse sequence. 

3.7 Spin echo sequences 

A simple spin echo sequence is composed of two RF pulses, a 900 excitation pulse and a 1800 

refocusing pulse (Brown & Semelka, 2003).  The time between successive excitation pulses is 

referred to at the repetition time (TR).  The echo time (TE) is the time from the excitation 

pulse to the peak amplitude of the echo (Haacke, 1999).  Figure 3-6 displays a simple spin 

echo pulse sequence diagram.   
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Figure 3-6.  Spin echo sequence diagram showing the initial RF pulse and subsequent 1800 pulse that is 
used to produce an echo.  The time between the initial excitation pulse and the associated echo is referred 
to as the echo time (TE). 

After a 900 RF pulse, spins immediately begin to lose phase coherence and dephase in the 

transverse plane due to field inhomogeneities and spin-spin interactions as some spins precess 

faster and some slower (Pooley, 2005).  The 1800 RF pulse applied at time TE/2 is used to 

compensate for this transverse magnetization decay.  The RF pulse inverts the spins through 

1800 creating a situation in which protons with the higher precession frequency are ‘behind’ 

their lower frequency counterparts.  Continuing in the same precession direction, only with 

their positions (phases) inverted, the fast spins begin to catch up and rephase to create an echo 

with maximum signal at time TE.  The spins continue to precess at different frequencies, lose 

phase coherence, and the echo signal dies away.  A tuned receiver coil within the scanner 

collects the RF of the echo, which is later used to form the MR image.  This process may be 

repeated many times with the TR describing the time between subsequent excitation pulses. 

3.8 Gradient echo sequences 

Gradient echo sequences also produce echoes but utilize magnetic field gradients to rephase 

spins instead of a 1800 RF pulse (Bernstein et al., 2004a).  A simple gradient echo pulse 

sequence is displayed in Figure 3-7 and explained below.  In a gradient echo sequence, a 

negative magnetic field gradient (or lobe) is applied immediately following the RF excitation 

pulse such that magnetic field strength varies linearly with position.  Spins experiencing a 

decreased magnetic field will precess slower while spins in regions of larger magnetic field 

will precess at a higher frequency. This results in a loss of phase coherence, rapidly 

decreasing transverse magnetization.  The spins are then rephased with a second gradient of 

opposite (positive) polarity.  The positive field gradient inverts the magnetic field experienced 

by the protons.  Slower spins will now experience an increased magnetic field with increased 

precessional frequency while faster spins will slow.  This flipping leads to a rephasing as slow 
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spins speed up to meet the faster protons that are slowing down; when the positive lobe area 

equals the negative, maximum rephasing occurs and a gradient echo is produced.  The 

positive gradient only refocuses dephasing caused by the negative gradient, it does not 

compensate for spin-spin interactions or magnetic field inhomogeneities.  Therefore the echo 

amplitude decays exponentially by T2* (Haacke, 1999).  

 

Figure 3-7.  Gradient pulse sequence diagram showing the initial RF pulse, the applied field gradients 
(first negative then positive gradient lobes), and the resultant echo.  The echo occurs (at TE) when the 
area under the negative gradient lobe equals that of the positive lobe. 

3.9 Spatial localization 

In order to form an image, the received NMR signal must be spatially localized; signal from 

one part of the body must be distinguishable from another.  Magnetic field gradients are used 

to perturb the bore magnet in a controlled, linear fashion such that the frequency and phase of 

the measured signal are unique to a specific location within the imaging space (Brown & 

Semelka, 2003).  The gradients (Gx, Gy, and Gz) are typically applied along the x-, y-, and z-

axes to superimpose linear changes onto the uniform 

€ 

B0  magnetic field.  With the addition of 

these gradient fields, the strength of the magnetic field becomes a function of spatial position: 

€ 

B = (B0 + Gx x + Gy y + Gzz)ˆ z   Equation 3.14 

According to the Larmor equation, the precession frequency depends on magnetic field 

strength and therefore also is a function of position:  

€ 

ω = γ (B0 +Gxx +Gyy +Gzz)  Equation 3.15 

The signal detected by the receiver coils will contain different frequencies and phases, each 

associated with a specific part of the object.  Fourier analysis is used to decompose the 
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recorded signal and identify the spatial location of each component.  Spatial location is 

comprised of three steps, briefly described below. 

  

Figure 3-8.  A typical spin echo sequence (left) demonstrating the excitation and echo pulses, the 
associated trajectory through k-space (right), slice selection gradient (

€ 

Gz ), phase encoding gradient (

€ 

Gy ), 
and frequency encoding (readout) gradient (

€ 

Gx ).  Based on R. Watts’s MDPH406 lecture notes.   

Figure 3-8 illustrates a typical spin-echo sequence that uses a 1800 RF pulse to reverse spins 

and create an echo.  The first step is to select a 2D slice of the body.  This is achieved by 

applying a RF excitation pulse at the same time as a slice-selective magnetic gradient pulse, 

€ 

Gz  (e.g. along the bore, or z-direction).  The presence of the magnetic gradient causes the 

resonant frequency to vary linearly with position in the direction of the gradient.  Thus, for a 

RF pulse with a specific centre frequency, excitation will only occur at a specific slice along 

the gradient direction, perpendicular to the z-axis.  The width of this excitation depends on the 

strength of the gradient and the bandwidth of the RF pulse; the stronger the gradient and 

smaller the bandwidth, the thinner the slice selected (Brown & Semelka, 2003; McRobbie et 

al., 2007).  To change the position of the selected slice, the excitation pulse centre frequency 

is increased or decreased accordingly. 

In order to locate a specific voxel within this selected slice, two more directions must be 

encoded.  This is done by applying two more gradients along the x- and y-directions, 

€ 

Gx  and 

€ 

Gy .  After a specified time, a 1800 RF pulse is sent with the same 

€ 

Gz  applied, to re-phase the 

spins in the selected slice.  The application of 

€ 

Gx  causes the precession frequency of protons 

to depend linearly on their position in the x-direction.  The frequency encoding step is 

performed by applying 

€ 

Gx  during the acquisition of the signal.  To obtain spatial information 

in the y-direction, 

€ 

Gy  is applied prior to data acquisition.  With the application of 

€ 

Gy , or 
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phase-encoding gradient, phase will depend linearly on position in the y-direction.  The 

frequency- and phase-encoded signal is measured and recorded during an interval including 

the echo peak.  The process of slice selection, frequency encoding, and phase encoding is then 

repeated numerous times, with different amounts of phase encoding, to obtain data for 

different slices.  The acquisition of multiple slices allows reconstruction of 3D volumetric 

data (Gossuin et al., 2010). 

3.10 Image reconstruction 

The raw signal amplitudes measured by the MRI scanner are not directly interpretable as 

anatomical images.  This is because the data have been recorded at different spatial 

frequencies as opposed to different spatial locations.  The Fourier transform “entirely 

underpins the theory of MRI imaging” (McRobbie et al., 2007; p. 112) and allows data 

transformation from one domain (spatial frequency) to another (spatial location).   

3.10.1 k-space 

Ignoring relaxation, the signal measured from a 2D slice during readout is: 

€ 

S(t) = I(x,y)e−iφ (x,y )dxdy
xy
∫∫   Equation 3.16 

where 

€ 

S(t)  is the total time-varying signal measured, 

€ 

I(x,y) is the signal from the 2D slice 

selected, which depends on the properties of the tissue (proton density, T1, T2), and 

€ 

e−iφ (x,y ) 

expresses the frequency and phase encoding in complex notation.  The accumulated phase, 

€ 

φ , 

depends on both frequency and phase encoding in the follow manner: 

€ 

φ = ωdt = γ ΔBdt∫∫   Equation 3.17 

The change in magnetic field, 

€ 

ΔB , varies spatially and temporally depending upon the 

applied gradients: 

€ 

ΔB =Gx (t)x +Gy (t)y =G⋅ r   Equation 3.18 

where  

€ 

G = Gx (t) ˆ x + Gy (t) ˆ y   Equation 3.19 

€ 

r = xˆ x + yˆ y   Equation 3.20 

Substituting Equation 3.18 into Equation 3.17 results in 



 

	  
	  

29 

€ 

φ = γ G⋅ rdt = γ r⋅ Gdt∫∫   Equation 3.21 

Now, let  

€ 

k =
γ
2π

Gdt∫   Equation 3.22 

Substituting into Equation 3.21 and Equation 3.16, 

€ 

φ = 2π r⋅ k   Equation 3.23 

€ 

S(k) = I(r)∫ e−2πir⋅kdr   Equation 3.24 

Equation 3.24 shows that the time dependent signal measured in MRI acquisition, 

€ 

S(k) , is the 

two dimensional Fourier transformation of the spatial distribution of a 2D object 

€ 

I(r)  in the 

selected slice.  The Fourier transform can therefore be used to convert data acquired in ‘k-

space’ to ‘image space’ and create a 2D image of the selected slice.  

If the function 

€ 

I(r)  represents a 2D object, the spatial frequencies are given by Equation 3.24.  

Equivalently, the object can be expressed in terms of its spatial frequencies as  

€ 

I(r) = S(k)∫ e2πir⋅kdk   Equation 3.25 

The functions 

€ 

S(k)  and 

€ 

I(r)  are a Fourier transform pair (McRobbie et al., 2007) and 

therefore bear a reciprocal relationship.  The high spatial frequency (wide coverage of k-

space) results in increased spatial resolution (small pixel size), while a high density of k-space 

sampling gives a wide spatial coverage (field of view).   

3.10.2 Filling k-space 

To build an MR image, one needs to sample k-space.  The effect of the field gradients is to 

gain information from different parts of k-space, or to ‘fill’ k-space.  How k-space is filled 

depends on the order, duration, strength, and orientation of the applied magnetic field 

gradients (Paschal & Morris, 2004).  Common trajectories are described below:   

3.10.2.1 Standard rectilinear 
This common trajectory, displayed in Figure 3-8, will fill one line of k-space for every 

repetition.  With each repetition, the slice selection and frequency encoding (readout) 

gradients remain constant as 

€ 

Gy , the phase encoding gradient, is systematically varied to fill 

all lines in k-space.  A new value of 

€ 

ky  is obtained at every phase encoding step, and the 
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process is repeated to fill k-space one line at a time.  A 2D Fourier transform is then applied 

to the data matrix to form the visual image of the slice.  

3.10.2.2 Echo planar imaging (EPI) 
EPI is a very fast imaging sequence that fills k-space with a single RF excitation.  This 

method is typically employed by data-intensive studies such as diffusion tensor imaging and 

functional magnetic resonance imaging.  This technique drastically reduces acquisition time 

but is particularly prone to artefacts, including signal dropout and distortion due to field 

inhomogeneities (Paschal & Morris, 2004).  Figure 3-9 presents a schematic of an EPI 

sequence and associated k-space path.  After a slice is selected, initial negative phase and 

frequency encoding gradients move the acquisition to the edge of k-space.  Large, bipolar 

frequency/read gradients cause a train of gradient echoes.  Small phase encoding gradients 

positioned at each readout gradient reversal serve to step the acquisition through k-space in 

the phase encode direction.  The combination of the readout (frequency) and phase encode 

gradients produces a rectilinear array of data points that fills k-space.  The polarity of the 

readout gradient causes the direction of acquisition to alternate in the frequency encoding 

direction.  This technique can produce a 3D volume of the brain in 2-3 seconds (Jones et al., 

2001).  The diffusion-weighted sequence in this thesis employs an EPI acquisition. 

 

Figure 3-9.  Echo planar imaging (EPI) pulse sequence (left) and trajectory through k-space (right).  

3.10.2.3 Spiral acquisition 
These trajectories also fill k-space in a single excitation, beginning at the centre and spiralling 

smoothly out to the edges (Figure 3-10).  It is therefore an efficient method for acquiring data 

and sampling information at the centre of k-space, where the majority of image information is 

contained.  These trajectories are more efficient than EPI, with no wasted data (as with the 
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‘blips’ up to the next line in k-space in EPI), are less sensitive to flow artefacts and eddy 

current effects, but are demanding on gradient power and reconstruction is complex.  Spiral-

acquired data points do not lie on a rectilinear grid and require an additional postprocessing 

step to project the spiral data onto a Cartesian grid.  Spiral acquisitions are also prone to 

artefacts, exhibiting sensitivity to field inhomogeneities and susceptibility changes (Bushberg 

et al., 2002).  The ASL sequence used in this thesis employs spiral acquisition.   

 

Figure 3-10.  Spiral acquisition sequence (left) and trajectory through k-space (right).  Adapted from 
Paschal and Morris (2004).  

3.11 Artefacts 

While a nearly uniform B0 field is produced over the entire imaging volume, the presence of 

the subject induces small changes or imperfections in the field that can produce artefacts in 

the final image. 

3.11.1 B0 inhomogeneities 

Large inhomogeneities in the bore magnet can cause geometric distortions. B0 

inhomogeneities in spin echo and gradient echo sequences cause location errors in the 

frequency encoding (because the frequency is incorrect).  In EPI, B0 inhomogeneities affect 

both phase and frequency encoding, but the very low effective bandwidth in the phase encode 

direction causes distortion to occur almost entirely in that direction.  These errors tend to shift 

the incorrectly encoded voxel in space.  Small inhomogeneities cause spins within a voxel to 

lose phase coherence more rapidly than normal (T2* dephasing in the slice encode direction), 

leading to signal dropout. 
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3.11.2 Non-linearity in the magnetic field gradients 

Gradients can only produce linear magnetic fields over a limited distance (McRobbie et al., 

2007).  Non-linearity in the three gradient directions can lead to compressed and skewed 

images, as well as a loss of signal intensity and signal-to-noise. 

3.11.3 Magnetic susceptibility and metal artefacts 

The two types of artefacts have the same appearance on images except the metal artefact is 

more pronounced.  A metal artefact typically consists of an area of zero signal, usually 

rimmed by a hyperintense signal.  Neighbouring regions normally show some sort of 

geometric distortion.  More subtle, local changes in magnetic susceptibility—such as at an 

air-tissue boundary—may lead to reduced intensity around the boundary, and may or may not 

show geometric distortion.  EPI is particularly sensitive to this type of artefact.  

3.11.4 Nyquist ghosts 

The classic EPI artefact is ghosting, or repeating the image in a wrong location.  When the 

positive and negative acquired lines in k-space do not match, the N/2 ghost can occur.  This is 

when a ghost image appears shifted with respect to the main image by half the field of view.  

This type of ghost arises because of imperfections in the rapid rephasing-dephasing cycle of 

the bipolar gradients.  Despite a number of methods available to reduce the Nyquist ghost, 

small ghosting is present in almost all echo planar images (Jones et al., 2001).  

3.11.5 Eddy currents 

The rapid switching of the field gradients induces eddy currents that distort the B0 field, 

causing image artefact and signal loss.  Eddy currents can cause shifts in k-space that manifest 

as compression, shearing, or displacement of the image.  Eddy currents are particularly 

important in DTI since they vary with the direction of the diffusion encoding gradients, i.e. 

there are different distortions for different diffusion encoding directions.  There is a scanner 

‘eddy current calibration’ and postprocessing methods to minimize the effect (see section 

5.3.3).  Alternatively, magnetically isolating the gradients through active shielding can reduce 

eddy currents, but the shield coils increase the size of the gradient apparatus and require more 

power.   
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3.11.6 Cardiac pulsation 

Physiological motion of the brain arising from cardiac pulsation is another source of artefact.  

Pulsation of the brain is caused by the systolic part of the cardiac cycle (Poncelet et al., 1992).  

This in turn leads to additional phase dispersion in brain tissue which can degrade diffusion-

weighted data (Nunes et al., 2005), in particular increasing the apparent diffusivity (Turner et 

al., 1990) and corrupting measures derived from the diffusion tensor (Jones & Pierpaoli, 

2005).  Triggering the acquisition from the heart cycle of the subject allows imaging to occur 

during diastole, reducing the influence of cardiac-related brain motion (Jones, 2009).  

However, cardiac gating is not widely employed; this is most probably due to a combination 

of the lack of provision by manufacturers and the increased imaging time associated with 

gated sequences (Jones, 2009). 

3.12 Safety and bioeffects 

Although ionizing radiation is not used, there are still a number of safety considerations 

associated with MRI.  Substantial torque may be applied to implants, aneurysm clips, and 

heart valves when placed in the magnetic field; electrical interference with pacemakers is also 

a possibility.  This could cause serious adverse effects and therefore extreme care is needed to 

identify these patients and prevent them from entering the magnetic environment.  Similarly, 

ferromagnetic materials inadvertently brought into the scanning suite are attracted to the 

magnetic field and can transform into deadly projectiles.   

The main bioeffect of MR imaging is the heating of tissue due to RF energy deposition.  This 

is restricted to less than 10C by monitoring and limiting the specific absorption rate.  Leads 

used for physiological measurements may also heat up due to currents induced by the 

changing magnetic field gradients and require monitoring.  The time-varying gradients may 

cause peripheral nerve stimulation, which may be uncomfortable but is not harmful.  At high 

B0 fields, there have been reports of mild sensory effects such as dizziness and disorientation 

associated with movement in the field, but these are again harmless.  The changing field 

gradients also create high volume acoustic noise that requires ear protection. MRI is 

considered extremely safe when following regulatory protocols and remains one of the 

benefits of this imaging technique. 
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4 MRI modalities  

One of the many advantages of MRI is that by slightly adjusting the order, strength, and 

duration of the magnetic field gradients and radiofrequency pulses, one can create a wide 

range of images that capture distinct information about the tissue of interest.  I acquired six 

different types of MR images for the work in this thesis.  Three of these are classified as 

‘clinical’ scans—used by the neuroradiologist to exclude alternative possible diagnoses—

while the remaining three were statistically analysed.  A brief description of each imaging 

type follows: 

4.1 Clinical MR images 

A neuroradiologist (RK) and consultant neurologist (TJA) used the following three images to 

reach a consensus on whether to retain each individual based on the exclusion criteria (section 

5.1) 

4.1.1 Axial T2-weighted 

The contrast in a T2-weighted image depends on the local dephasing of spins following the 

on-resonance RF pulse.  Fluids, and therefore CSF, have very high T2 constants and thus 

appear bright on a T2-weighted image.  Grey and white matter appear as varying shades of 

grey, with white matter appearing darker than grey matter.  Due to the high intensity of the 

signal from water, this type of scan is useful in identifying oedema.  The long echo time (TE 

= 88.5 ms) and a long repetition time (TR = 3700 ms) used in the spin echo sequence are used 

to achieve T2-weighting contrast in the image.  A long TE allows spins in the transverse plane 

to dephase, resulting in a signal that depends heavily on the T2 decay constant.  The long TR 

allows for a full recovery of longitudinal magnetization, reducing the contribution of T1-

weighting.  Figure 4-1 provides an example of an axial T2-weighted image in a healthy 

individual. 
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Figure 4-1.  An example of a T2-weighted image in a healthy, 62-year-old male participant.  Areas of high 
intensity (bright areas) indicate the presence of CSF while darker areas represent grey and white matter. 

4.1.2 T2-weighted FLAIR 

The FLuid Attenuated Inversion Recovery (FLAIR) sequence is also a T2-weighted image, 

but includes an extra pulse—called the inversion pulse—that is used to null out the 

contribution of fluid (CSF) in the resultant image.  After a 1800 excitation pulse, the net 

magnetization is anti-parallel to the z-axis (pointing in the negative z-direction).  As spins 

relax, the magnitude of the net magnetization vector decreases.  At some point during this 

process, the number of spins parallel to and anti-parallel to 

€ 

B0  will be equal, leading to no net 

longitudinal magnetization.  The time period between the 1800 inversion pulse and a net 

magnetization of zero is known as the inversion time.  Each tissue has a unique T1 decay 

time; therefore the net magnetization will pass through zero at a tissue-specific time.  Grey 

matter and white matter return to equilibrium much faster than CSF (see Table 3-1).  By the 

time CSF spins are distributed equally between the high and low energy states (i.e. no net 

magnetization associated with CSF), both grey and white matter will exhibit positive net 

magnetization.  If a 900 excitory pulse is applied at the moment the magnetization associated 

with CSF passes through zero, the resultant signal in the transverse plane will contain only 

grey and white matter contributions as there was no CSF signal present during the excitory 

pulse.  CSF therefore appears black in this image, and allows for better identification of 

periventricular hyperintense lesions, small vessel ischemic change, and white matter disease.  

Figure 4-2 provides a typical example of a T2-weighted FLAIR image. 
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Figure 4-2.  An example of a T2-weighted FLAIR image in the same slice of the same healthy, 62-year-old 
male volunteer.  CSF is suppressed and appears dark, allowing better identification of hyperintense 
lesions in the rest of the brain. 

4.1.3 T2*-weighted 

T2*-weighting or susceptibility enhanced contrast arises from local inhomogeneities of the 

magnetic field among tissues.  Gradient echo-acquired T2*-weighted contrast provides 

enhanced imaging of the brain vasculature.  The sequence is able to image high-resolution 

venous vasculature and iron-rich blood breakdown (as this affects susceptibility and the local 

magnetic field).  The sequence is useful for identifying haemorrhages and micro bleeds.  An 

example of a T2*-weighted image is presented in Figure 4-3. 
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Figure 4-3.  A typical example of a gradient echo T2*-weighted image from the same healthy, 62-year-old 
male volunteer.   

4.2 T1-weighted spoiled gradient recalled echo (SPGR)  

The T1-weighted SPGR image is a high-resolution anatomical image used for structural 

analysis in this thesis.  It also serves as the base image for all subsequent image preprocessing 

prior to statistical analysis.  The image uses a gradient echo with a short TE, short TR, and an 

inversion pulse to reach steady state and enhanced T1-weighting.  A short TR (6.6 ms) does 

not allow time for full longitudinal magnetization recovery, giving a signal that depends 

heavily on the T1 values of the tissue.  A short TE (2.8 ms) allows less T2 signal decay, 

reducing the contribution of T2-weighting.  The SPGR image provides 1 mm isotropic 

resolution with good contrast between grey and white matter and CSF.  Figure 4-4 presents an 

example of a T1-weighted SPGR image. 
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Figure 4-4.  A typical example of a T1-weighted SPGR image from the same healthy, 62-year-old male 
volunteer. 

4.3 Diffusion tensor imaging (DTI) 

Diffusion MRI is a non-invasive technique that is uniquely sensitive to tissue microstructure, 

including changes that occur during early development as well as neurodegenerative damage.  

The MR signal can be made sensitive to the microscopic motion of water molecules.  Because 

the microscopic motion of water is influenced by the geometrical structure of the 

environment, this MR contrast can be used to probe tissue microstructure.  Diffusion MRI 

allows quantitative measures of the magnitude of motion of water and its directional variation, 

and can therefore provide unique information about microstructural change such as that 

underlying the progression of Parkinson’s disease (Basser et al., 1994; Basser, 1995). 

Diffusion refers to the constant random thermal motion (Brownian motion) of water 

molecules in the brain.  In the classic example of diffusion, a droplet of ink is introduced into 

a cup of water.  The ink droplet immediately begins to disperse isotropically (equally in all 

directions), occupying an ever-increasing spherical volume.  An ink molecule suspended in 

the water would move in a completely random trajectory, colliding with other molecules and 

changing direction at random.  It is therefore impossible to predict where this particular inky 

water molecule will diffuse.  However, in 1905 Einstein described how, on average, a droplet 

of ink expands over time (Einstein, 1905).  He showed that the mean squared displacement of 

a molecule of water (in 3D) varied linearly with the diffusion constant and time.  
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€ 

r2 = 6Dt   Equation 4.1 

where 

€ 

r  is the distance from the starting point (mm), 

€ 

D is the diffusion coefficient (mm2 s-1), 

and 

€ 

t  is the time (s). 

The diffusion constant of freely diffusing water at 37oC is ~

€ 

3.2 ×10−3 mm2/s.  If the imaging 

time is 100 milliseconds, the water molecules will spread out over a distance of ~40 µm.  

Therefore, diffusion MRI is sensitive to structures at this microscopic scale. 

Diffusion-weighted MRI sequences are made sensitive to the diffusion of water by the 

addition of magnetic field gradients (Jones, 2009).  A common sequence used for diffusion-

weighting MRI is the Stejskal-Tanner pulse sequence (Stejskal & Tanner, 1965); a schematic 

is shown in Figure 4-5.  After the initial 90o excitation pulse, a constant gradient pulse is 

applied.  The first gradient pulse imposes a position-dependent change in precessional 

frequency.  When the gradient is switched off, the spins will return to their original 

precessional frequency, but with a phase shift depending on their spatial location.  By 

applying a second gradient pulse of exactly the same amplitude, duration, and polarity 

following a 180o refocusing pulse, the phase difference can be ‘unwound’.  As long as the 

spins remain stationary, this unwinding should lead to perfect refocusing of the phase.  

However, water molecules are in constant thermal motion so the strength of the field 

experienced by a particular spin changes over time, which leads to imperfect rephasing, loss 

of signal coherence, and a reduction in signal amplitude.  The greater the motion of water 

molecules in the diffusion-encoded direction, the greater the phase dispersion, and the larger 

the loss of signal in the diffusion-weighted image (Jones, 2009; Mori & Zhang, 2006).  

Diffusion measures are then calculated using the signal differences caused by the loss of 

phase coherence.   
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Figure 4-5.  Schematic of a Stejskal-Tanner diffusion-weighted imaging sequence.  Duration of the 
gradient pulses is denoted by δ .  The blue ovals represent the initial RF excitation pulse, followed by a 
1800 inversion RF pulse.  An echo is formed as the spins rephase and the signal measured during the echo 
depends on the amount of diffusion. 

The attenuation of the MR signal due to diffusion effects is represented by the following 

equation (Le Bihan et al., 1986): 

€ 

S = S0e
−bD   Equation 4.2 

where 

€ 

S  is the measured signal, 

€ 

S0  is the MR signal measured without diffusion-weighting 

gradients, 

€ 

b is a user-specified quantity that characterizes the degree or amount of diffusion 

weighting (related to the strength and timing of the diffusion-weighting gradients), and 

€ 

D is 

the apparent diffusion coefficient (or ADC).  The ADC is a measure that quantifies the motion 

of a molecule of water based on its environment and temperature.  Technically, the diffusion 

coefficient depends only on temperature, but in the presence of restrictions, the diffusion 

coefficient appears to be reduced, and is approximated by the ADC (Watts, 2008). To 

quantify diffusion, two acquisitions at different 

€ 

b values are needed.  The ADC can then be 

calculated using Equation 4.2 (Jones, 2009).  

4.3.1 The diffusion tensor 

The microscopic structural environment of the brain is full of barriers to diffusion, including 

cell membranes and myelinated tracts, meaning water rarely diffuses isotropically.  These 

barriers impart their underlying orientations onto the motion of water molecules, causing the 

diffusion of water to vary with direction.  This occurs in areas such as white matter tracts, 

where tightly bunched, myelinated fibres cause water to diffuse anisotropically, preferentially 

diffusing along, and not perpendicular to, the fibres.  When diffusion varies with direction, it 

can no longer be adequately characterized with a single parameter because the measured ADC 

will depend on the direction in which it was measured.  The diffusion tensor is the most 

common model used to describe the directional dependence of water diffusion (Le Bihan et 
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al., 2001).  The tensor is described mathematically as a 3 × 3 symmetric matrix that 

characterizes the motion of water in 3D (Jones, 2009). 

€ 

D =

Dxx Dxy Dxz

Dxy Dyy Dyz

Dxz Dyz Dzz

⎡ 

⎣ 

⎢ 
⎢ 
⎢ 

⎤ 

⎦ 

⎥ 
⎥ 
⎥ 

  Equation 4.3 

The diagonal elements correspond to the diffusivities along three orthogonal axes, while the 

off-diagonal elements represent the correlation between displacements along those orthogonal 

axes.  Given the diffusion tensor, the diffusion constant can be calculated in any direction.  If 

direction is defined as a vector of unit length 

€ 

g, then the ADC is the direction of 

€ 

g  is  

€ 

D(g) = (g)T Dg   Equation 4.4 

€ 
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  Equation 4.5 

If diffusion is measured in the x-direction (

€ 

gx =1,

€ 

gy = gz = 0), then the diffusion constant 

simplifies to 

€ 

Dxx .  For isotropic diffusion, the diagonal terms (

€ 

Dxx , 

€ 

Dyy , 

€ 

Dzz ) are equal and 

non-zero, while the off-diagonal terms are all zero.  The signal measured in the presence of 

anisotropic diffusion is then 

€ 

S = S0e
−b(g )T Dg   Equation 4.6 

As in the isotropic case, 

€ 

b is user-specified, but now the directions along which diffusion is 

measured must also be selected, where 

€ 

g  represents the diffusion encoded directions. 

To determine the tensor, diffusion must be measured in at least six non-collinear, non-

coplanar directions, although more are usually added to improve accuracy (Jones et al., 2002).  

This is achieved by varying the axes on which the diffusion-weighting gradients are applied.  

An additional image, without diffusion weighting, is also required.   

The tensor is estimated from a series of log-transformed diffusion-weighted images using 

linear regression and contains information about the magnitude of diffusion and its directional 

dependence (Basser et al., 1994).  When all off-diagonal elements of the tensor are zero, the 

tensor is ‘diagonalized’ and the three diagonal elements correspond to the eigenvalues of the 

tensor.  The three eigenvalues (λ1, λ2, and λ3) quantify the three diffusivities along the 
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principal axes of the diffusion tensor (Jones, 2009), and their directions are the corresponding 

eigenvectors (ε1, ε2, and ε3) where the principal (largest) eigenvector (ε1) lies parallel to the 

dominant fibre orientation (the direction of maximum diffusion).  The tensor is commonly 

envisioned as an ellipsoid.  The surface of the ellipsoid represents how a blob of ink would 

spread out in a particular voxel of tissue where the quantities λ1, λ2, and λ3 represent the 

major and minor axes of the ellipsoid, and do not depend on its orientation (Figure 4-6). 

 

Figure 4-6.  Schematic of the diffusion tensor ellipsoid.  λ1, λ2, and λ3 are the eigenvalues of the diffusion 
tensor and correspond to the major and minor axes of the ellipsoid.  The direction of each eigenvalue (or 
ellipsoid axis) is the corresponding eigenvector (ε1, ε2, and ε3).  The long axis, or principal eigenvector, 
indicates the direction of largest diffusion and predominant fibre orientation.  Adapted from Watts et al. 
(2003). 

4.3.2 Quantities derived from the diffusion tensor 

A wide range of direction-independent parameters can be calculated from the diffusion tensor 

(Kingsley, 2006).  In this thesis, only the two most common indices are calculated and 

investigated.  The average diffusion constant or mean diffusivity (MD) is a measure of the 

average diffusion over all directions or the magnitude of diffusion.  It is the average of the 

three eigenvalues, measured in mm2/s, 

€ 

MD =
Dxx +Dyy +Dzz

3
=
λ1 + λ2 + λ3

3
  Equation 4.7 

A related quantity, the Trace(

€ 

D) of the diffusion tensor is the sum of the three eigenvalues or 

€ 

3MD.  Fractional anisotropy (FA) is used to quantify the degree of angular variation 

(anisotropy).  FA values vary from 0 to 1, where 0 is indicative of isotropic diffusion (the 

diffusion ellipsoid is a sphere) and 1 is where diffusion is constrained along a single direction 

(the ellipsoid appears long and thin).  FA is defined as follows:  
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€ 

FA =
3
2
⋅
(λ1 −MD)

2 + (λ2 −MD)
2 + (λ3 −MD)

2

(λ1
2 + λ2

2 + λ3
2 )

  Equation 4.8 

 

4.3.3 Visualizing DTI data 

There is much more information contained in the tensor than can be visualized in a single 

greyscale image.  Typically, colour is used to denote direction and brightness to represent the 

degree of anisotropy.  Red indicates anisotropy in the right-left direction; green, anterior-

posterior; and blue, superior-inferior.  Intermediate colours are used to represent directions 

intermediate to these three orientations.  While designated as a ‘right-left’ anisotropic 

direction, this is ambiguous and could just as easily represent the ‘left-right’ direction.  The 

following three images display a typical MD, FA, and FA colour map (Figure 4-7).   

 

Figure 4-7.  An example of an MD image (left), FA image (middle), and FA colour map image (right) 
derived from diffusion tensor imaging in a healthy, 62-year-old male volunteer.  Red indicates fibres in 
the left-right orientation; green, anterior-posterior; and blue, inferior-superior. 

4.4 Perfusion imaging with arterial spin labelling (ASL) 

Perfusion refers to the capillary blood supply delivering oxygen and nutrients to brain tissue, 

measured in ml min-1 100g-1 (Detre et al., 2009).  In the brain this is usually referred to as 

cerebral blood flow, although technically cerebral blood flow is measured as a simple flow 

rate (ml min-1).  Perfusion measurements may directly aid diagnosis in vascular disorders and 

in staging tumours, as well as providing potential biomarkers for a broader range of 

physiological and pathophysiological disorders (Detre et al., 2009).  The close relationship 

between cerebral blood flow and metabolism establishes the rationale for the use of perfusion 

techniques and imaging to investigate regional brain function (Raichle, 1998).   
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Typically, positron emission tomography (PET) and single photon emission computed 

tomography (SPECT) techniques utilizing radioactive tracers have been used to measure 

cerebral blood flow (Liu & Brown, 2007).  PET scanning with 15O-labeled water and SPECT 

imaging with 99mTc-HMPAO (technetium-99m-labeled hexamethylpropyleneamine oxime) 

have been used extensively to examine cerebral blood flow in a wide range of diseases, 

including Alzheimer’s disease (Matsuda et al., 2002), Parkinson’s disease (Firbank et al., 

2003), stroke, and normal ageing (Moeller et al., 1996).  In order to quantify absolute blood 

flow using these techniques, the concentration of radiotracer in the arterial blood must be 

determined via arterial sampling, often not used in which case relative values are still 

obtainable.  Radiation exposure is always a concern as each imaging session delivers an 

additional dose.  While the half-life of 15O is about two minutes, 99mTc has a half-life of 

approximately six hours; thus if multiple scans are required, imaging sessions may include 

lengthy delays (up to hours) between acquisitions to prevent the radioactive tracer from the 

previous scan affecting the subsequent image (Bushberg et al., 2002; Wintermark et al., 

2005).   

Two MRI techniques have been developed for imaging cerebral perfusion in vivo.  Dynamic 

susceptibility contrast MRI (DSC-MRI) acquires images rapidly and repeatedly during the 

first pass of a gadolinium bolus (McRobbie et al., 2007; Villringer et al., 1988).  Arterial spin 

labelling (ASL) is a completely non-invasive MRI method that produces absolute 

quantification of cerebral perfusion (Detre et al., 1992; Williams et al., 1992).  Although 

slower and with a lower signal-to-noise ratio than DSC-MRI, ASL is completely non-invasive 

(and therefore excludes the gadolinium contrast which may, rarely, cause a severe allergic 

reaction) and can be repeated as often as necessary (whereas DSC must wait for the 

gadolinium to clear).  In relation to radiotracer techniques, ASL eliminates expensive, 

potentially harmful radioactive materials, long preparation times, and requires shorter scan 

times.  ASL is an easily repeatable addition to routine MRI scanning and produces absolute 

perfusion images.  Furthermore, an excellent concordance between ASL and 15O-PET has 

been reported (Ye et al., 2000).  Thus, ASL-derived biomarkers could provide an effective 

and safe alternative to radionuclide-based imaging assessments of PD status and progress. 

Instead of an exogenous tracer (e.g. 15O or gadolinium), ASL uses magnetically labelled 

arterial water as an endogenous tracer.  This magnetic label is typically produced by 

saturating or inverting the longitudinal component of the MR signal of the in-flowing protons.  

Once reaching the capillary bed, the labelled or tagged water passes into the brain tissue, 
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reducing the local tissue’s longitudinal magnetization (Aguirre et al., 2005).  The greater the 

flow into the imaging slice, the larger the reduction in signal. 

 

Figure 4-8.  ASL uses the difference of a tagged and un-tagged image to quantify perfusion.  Left panel: 
applying an inversion pulse (red) produces the labelled image (yellow). Right panel: the same sequence is 
repeated but without the labelling pulse to create an un-tagged image (green).   

ASL methods use the difference between two images to measure cerebral blood perfusion 

(Liu et al., 1992).  The two main steps are illustrated in Figure 4-8.  First, the arterial water 

flowing through a specified plane (one that sits inferior to the brain, encompassing the 

internal carotid arteries) is continuously inverted.  In this study, the arterial water is inverted 

using pseudo-continuous labelling (Dai et al., 2008).  Other methods for inverting arterial 

water do exist, including continuous ASL with flow driven adiabatic fast passage (Williams et 

al., 1992) or pulsed ASL in which blood within an inversion volume is instantaneously 

inverted (Kim, 1995).  After a specified delay time in which the tagged blood is allowed to 

flow into the imaging volume (1.5 seconds in this thesis), an image is acquired.  This image is 

known as the tagged or labelled image.  A control image (proton density-weighted image) is 

then acquired of the same imaging volume using the same sequence, but this time the in-

flowing blood is not tagged.  The difference between the un-tagged and tagged images is used 

to quantify perfusion using the following equation (Alsop & Detre, 1996; Bernstein et al., 

2004b):   
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CBF = 6000 λ(1− e
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⎠ 
⎟   Equation 4.9 

where a scaling factor of 6000 is used to convert L/kg/s to ml/100g/min, 

€ 

λ  is the brain-blood 

partition coefficient of water (the ratio between tissue water and blood water at equilibrium), 

set to the whole brain average of 0.9 (Herscovitch & Raichle, 1985); 

€ 

w is the postlabelling 

delay time in seconds, set to 1.5 s; 

€ 

T1 is the characteristic T1 time for blood, 1.6 s at 3 tesla; 

continuous labelling is applied for 1.5 s; background saturation/suppression is applied 2.0 s 

before imaging, 

€ 

G is the gain applied to the tagged image, set to 32; 

€ 

nex  is the number of 

excitations or averages in the sequence, set to 5; 

€ 

ε  is the combined efficiency of labelling and 

suppression, originally set at 

€ 

0.9 × 0.75  but later refined to 

€ 

0.8 × 0.75 ; 

€ 

ASLTag−NoTag  is the 

difference between the image acquired with and without labelling (with background 

suppression); 

€ 

ASLControl  is the proton density-weighted image acquired with no labelling.  The 

partial saturation of the control image is corrected for a T1 of 1.2 s typical of grey matter.  

While a more fully relaxed signal would be desirable, the saturation of the receiver and the 

bright signal on the slightly T2-weighted fast spin echo image makes this undesirable (D. C. 

Alsop, Harvard Medical School and Beth Israel Deaconess Hospital, MA, USA, personal 

communication).  Figure 4-9 displays an example of an ASL-acquired perfusion image. 

 

Figure 4-9.  An example of a quantitative, ASL-acquired perfusion image in a healthy, 62-year-old male 
volunteer.  Left panel: the raw perfusion image.  Right panel: the perfusion image overlaid on a high-
resolution structural image.  The colour bar runs from 0 (blue) to 100 (red) ml/100g/min. 

The pseudo-continuous ASL used in this thesis merges the benefits of pulsed and continuous 

ASL techniques.  While pulsed ASL has high inversion efficiency and little radiofrequency 

power use, the technique depends on the coverage and uniformity of the transmit 

radiofrequency field, which may be sub-optimal (Liu & Brown, 2007).  Continuous ASL can 
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produce higher overall tagging efficiency than pulsed techniques, but requires a large amount 

of average radiofrequency power that is limited by both system performance and safety 

guidelines governing how much radiofrequency energy can be absorbed per unit mass.  

Pseudo-continuous ASL uses a train of repeated radiofrequency pulses instead of a continuous 

radiofrequency pulse (Dai et al., 2008).  This reduces the amount of radiofrequency absorbed 

by the patient while maintaining higher labelling efficiently, higher signal-to-noise, and less 

T1 decay of the labelled spins (Wong et al., 1998). 

ASL does suffer from a number of disadvantages.  The technique is associated with inherently 

low signal-to-noise of the signal difference between the labelled and control images.  Many 

signal averages are required to overcome this limitation.  These numerous averages, in 

addition to the necessity of acquiring both a tagged and un-tagged image to create a single 

quantitative perfusion image, considerably extend imaging time.  A delay is required between 

labelling and imaging to allow the labelled blood to reach the imaging plane, but this 

necessary delay reduces the magnitude of the label and further increases scanning times.  

Despite these limitations, ASL provides a unique, non-invasive opportunity to investigate 

easily acquired, absolute perfusion images in PD. 
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5 Study design, MRI methods, and statistical analyses 

In this thesis, I used three MRI techniques to investigate brain correlates of cognitive decline 

in PD.  One advantage of this study is that the large sample of PD patients represents the full 

spectrum of cognitive decline associated with this degenerative disorder.  Comprehensive 

neuropsychological testing allowed robust classification of the stages of cognitive impairment 

and detailed study of brain differences related to cognitive ability in PD.  

5.1 Subjects 

A convenience sample of 105 participants meeting the UK Parkinson’s Disease Society’s 

criteria for idiopathic PD (Gibb & Lees, 1988; Hughes et al., 1992) was recruited from the 

Movement Disorders Clinic at the Van der Veer Institute for Parkinson’s and Brain Research, 

Christchurch, New Zealand.  Consecutive volunteers representative of the full spectrum of 

cognitive status in PD were invited to participate.  The control group comprised 39 healthy 

volunteers matched to the whole PD sample (for mean age, years of education, and sex ratio).  

Exclusion criteria included atypical parkinsonian disorder or other central nervous system 

disorder; prior learning disability; previous history of other neurological conditions including 

moderate-severe head injury, stroke, learning disability, vascular dementia (Roman et al., 

1993); and major psychiatric or medical illness in the previous six months.  Neuroradiological 

screening excluded five PD and two control participants due to: moderate-severe white matter 

disease (one control, four PD), marked cerebral atrophy (one PD), and cerebellar infarcts (one 

control).  Three controls met criteria for mild cognitive impairment and were excluded.  This 

resulted in 100 PD and 34 control subjects with MRI scans available for analysis.  All 

subjects gave written consent, with additional consent from a significant other when 

appropriate.  The study was approved by the Upper South Regional Ethics Committee of the 

New Zealand Ministry of Health. 

5.1.1 Diagnostic criteria and assessment 

Motor impairment was assessed using the Unified Parkinson’s Disease Rating Scale (Fahn & 

Elton, 1987; UPDRS: part III, motor; Goetz et al., 2008).  Comprehensive neuropsychological 

testing conducted by suitably trained Van der Veer Institute personnel was used to classify PD 

patients as either cognitively normal (PD-N), with mild cognitive impairment (PD-MCI), or 
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with dementia (PD-D).  Dementia diagnosis was based on Movement Disorders Society 

(MDS) Task Force criteria (Dubois et al., 2007; Emre et al., 2007).  For a diagnosis of PD-D, 

the patient satisfied the following: (1) a primary diagnosis of PD at least one year before 

dementia onset, (2) cognitive deficits severe enough to affect activities of daily living 

(Reisberg et al., 2001), and (3) impairment (two or more standard deviations below the 

normative scores) in at least two measures across the four MDS cognitive domains (executive 

function; learning and memory; attention, working memory and speed of processing; and 

visuospatial/visuoperceptual function).  MCI cases had relatively intact or unimpaired 

functional activities of daily living but scored 1.5 standard deviations or more below 

normative data on at least two measures within at least one of the four MDS cognitive 

domains; these criteria have been shown to provide robust separation of cognitive groups in 

this PD population (Dalrymple-Alford et al., 2010; Dalrymple-Alford et al., In press).  The 

battery included: executive function—letter, action and category fluency, category switching, 

Trails B and Stroop interference; attention, working memory and speed of processing—digits 

forward and backward, digit ordering, map search, Stroop colour and word reading, and Trails 

A; learning and memory—California Verbal Learning Test-short form recall, short, and long 

delay, and the Rey-Osterrieth complex figure immediate (short) and long delay; and 

visuospatial/visuoperceptual function—judgement of line orientation, fragmented letters test 

from the visual object and space perception, and Rey-Osterrieth complex figure copy.   

Global cognitive ability for each participant was expressed by an aggregate Z-score obtained 

by averaging the standardized scores within each cognitive domain and then taking the mean 

of these four domain scores (therefore based on all individual neuropsychological tests in the 

battery, not limited to a specific domain).  Brief measures of global cognitive status—

Standardized Mini Mental State Examination (MMSE; Molloy & Standish, 1997) and the 

Montreal Cognitive Assessment (MoCA; Nasreddine et al., 2005)—were not used to specify 

group membership.  At the time of assessment, 40 PD subjects had never received anti-

parkinsonian medication, i.e. were drug naïve.  The remaining 61 PD participants were 

assessed and imaged on medication, with no disruption to their usual drug regimen.  

Appendix A presents the demographic, clinical, global cognitive status, and scanning history 

of each participant.  Also refer to Table 6-1, Table 7-1, Table 8-1, and Table 9-1. 

5.2 Magnetic resonance imaging acquisition 

The MR scans used for analysis included a high-resolution T1-weighted structural scan, an 

arterial spin labelled (ASL) perfusion scan, and diffusion-weighted scans.  Twenty-two PD 
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and two control participants were scanned before the ASL sequence was acquired.  As soon as 

this sequence was acquired, it was added to the protocol.  Apart from this addition, the 

planned protocol for each individual was constant throughout the duration of the study.  

Although care was taken to ensure that quality images in every subject were obtained, this 

was ultimately impossible due to unforeseen difficulties including patient motion, patient 

discomfort (requiring termination of the session), and scanner problems.  Thus, the number of 

subjects investigated in each analysis differs.   

All imaging was performed on a 3 tesla General Electric HDx scanner with an eight-channel 

head coil, housed at Hagley Radiology, Christchurch, New Zealand.  Subjects were provided 

with earplugs to reduce the high volume acoustic noise of the scanner and instructed to 

remain as motionless as possible during scanning.  Foam pads were placed on both sides of 

the head for comfort and to minimize head motion.  In addition to the MR images acquired for 

further analysis (SPGR, ASL, diffusion), the imaging session also included a number of 

clinical scans used to exclude confounding pathologies and a number of single-voxel 

spectroscopy scans (not included in this thesis).  The parameters that define temporal, spatial, 

and quality aspects of MRI data are listed in Table 5-1.   

Table 5-1.  Adjustable parameters for each MRI sequence type. 

Parameter Function 

Repetition time (TR) 
The time between excitation pulses, i.e. the time to acquire one 

brain volume in an echo planar imaging sequence 

Echo time (TE) 
The time between the initial resonant pulse and the maximum in 

the echo pulse. 

Flip angle 
The change in precession angle of the net magnetization following 

excitation. 

Acquisition matrix size 
Determines how many sampling points (voxels) are in the actual 

image. 

Reconstruction matrix size 

Determines the number of voxels in the reconstructed image.  If 

more voxels are present than in the acquisition matrix, the data has 

been interpolated. 

Slice thickness Thickness in mm of each slice. 

Field of view (FOV) Extent of imaging volume within a slice. 
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5.2.1 Clinical MRI protocols 

T2-weighted axial PROPELLOR (Periodically Rotated Overlapping Parallel Lines with 

Enhanced Reconstruction: TE/TR = 88.5/3700 ms, flip angle = 90 deg, reconstruction matrix 

= 512 × 512 × 32, FOV = 220 mm, slice thickness = 3 mm, scan time = 3 min 5 s), T2-

weighted, 2D spin echo, axial-acquired, fluid attenuated inversion recovery (FLAIR) 

PROPELLOR (TE/TR = 104.5/9000 ms, TI = 2250 ms, flip angle = 90 deg, reconstruction 

matrix = 512 × 512 × 32, FOV = 220 mm, slice thickness = 3 mm, scan time = 4 min 30 s), 

and T2*-weighted, axial 3D multiple gradient echo SWAN (T2 Star Weighted Angiography: 

TE/TR = 25.0/46.8 ms, flip angle = 15 deg, acquisition matrix = 320 × 224 × 96, FOV = 200 

mm, slice thickness = 3 mm, scan time = 3 min) sequences were used to exclude confounding 

pathologies. 

5.2.2 T1-weighted MRI protocol 

Conventional T1-weighted structural images were acquired using a three-dimensional spoiled 

gradient recalled echo (SPGR) acquisition: TE/TR = 2.8/6.6 ms, TI = 400 ms, flip angle = 15 

deg, acquisition matrix = 256 × 256 × 170, FOV = 250 mm, slice thickness = 1 mm, voxel 

size = 0.98 × 0.98 × 1.0 mm3, scan time = 5 min 3 s.  

5.2.3 Perfusion-weighted MRI protocol 

Quantitative, whole brain perfusion was assessed using a stack of spiral, fast spin echo 

acquired images prepared with pseudo-continuous arterial spin labelling (ASL) and 

background suppression (Dai et al., 2008): TR 6 s, echo spacing 9.2 ms, postlabelling delay = 

1.5 s (Alsop & Detre, 1996), labelling duration = 1.5 s, 8 interleaved spiral arms with 512 

samples at 62.5 kHz bandwidth and 30 phase encoded 5 mm thick slices, NEX = 5, voxel size 

= 3.75 × 3.75 × 5.0 mm3, scan time = 8 min 11s.  During the ASL scan, subjects were 

instructed to close their eyes. 

5.2.4 Diffusion-weighted MRI protocol 

A 2D diffusion-weighted, spin echo, echo planar imaging (EPI) sequence was used to 

measure microstructural integrity (diffusion tensor imaging), with diffusion weighting in 28 

uniformly distributed directions (

€ 

b =1000 s/mm2) and 4 acquisitions without diffusion 

weighting (

€ 

b = 0 s/mm2): TE/TR = 86.4/13000 ms, flip angle = 90 deg, acquisition matrix = 

128 × 128 × 48, reconstruction matrix = 256 × 256 × 48, FOV = 240 mm, slice thickness = 3 

mm, voxel size = 1.07 × 1.07 × 3 mm3, scan time = 7 min 9 s.  
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5.3 Magnetic resonance imaging preprocessing 

Voxel-based analysis of MR images requires extensive image preparation prior to statistical 

analysis.  This is because statistical tests are performed at each voxel in the brain.  Valid 

conclusions require each voxel to correspond to the same anatomical location in each 

individual.  If voxel 453 of subject 1 is in the head of the hippocampus, the various 

preprocessing steps (or ‘pipeline’) strive to ensure that voxel 453 of each subsequent 

individual also corresponds to the hippocampal head.  Each imaging modality requires 

slightly different preprocessing steps (explicitly described in each relevant chapter), but to 

minimize repetition, the basic preprocessing steps are described below.  

5.3.1 Structural preprocessing pipeline 

The structural preprocessing pipeline forms the basis of both perfusion and diffusion 

preprocessing steps.  The origin of the T1-weighted structural image was reoriented to the 

anterior commissure to facilitate segmentation and the same reorientation was applied to the 

perfusion and diffusion-weighted images for each subject.  I used SPM5 (Wellcome 

Department of Cognitive Neurology, University College London, UK) in Matlab 7.6.0 

(R2008a, Mathworks, MA, USA) to perform unified segmentation and normalization of each 

T1-weighted, SPGR image (Ashburner & Friston, 2005).  Unified segmentation performs 

tissue classification by warping the standardized brain template images to the study images.  

This avoids the potential confounds present in earlier versions of SPM in which study images 

were warped to the priors for tissue classification, and then tissue segments were warped to 

match the priors.   

The PD and control groups under investigation were substantially older than the population of 

brains used to create the standardized brain template provided with SPM5.  To facilitate more 

accurate segmentation/normalization and minimize any possible bias associated with age, 

tissue priors from a probabilistic elderly brain template were used (Lemaître et al., 2005).  

This elderly brain template was created as the average of 331 healthy males and 331 healthy 

females aged from 63 to 75 years.  Segmented, normalized grey matter, white matter, and 

cerebral spinal fluid maps (at a resolution of 1 mm3 isotropic) were also modulated; this 

preserves the actual volume of a given voxel by adjusting the signal proportional to the 

amount of warping.  All segmented and normalized volumes were visually assessed to ensure 

the preprocessing had produced sensible results.  Lastly the images were smoothed with a 10 

mm isotropic Gaussian kernel (see section 6.2.3) to improve signal to noise, ensure that the 
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assumptions underlying Gaussian random fields theory were met, and to minimize any spatial 

normalization imperfections (Ashburner & Friston, 2000; Jones et al., 2005).  

Lastly, intracranial volume (ICV) was manually traced (by TLP) for use as a covariate 

(Barnes et al., 2010).  ICV was traced on every tenth axial slice of the SPGR image in subject 

space, from the foramen magnum to the brain vertex, following the inner layer of the dura 

where visible and the brain contour where the dura was not visible; intervening slices were 

interpolated following the method described by Eritaia et al. (2000).  The venous sinuses and 

pituitary fossa were excluded from the ICV calculation. 

5.3.2 Arterial spin labelling perfusion preprocessing pipeline 

The algorithm used to quantify perfusion includes a term that describes the efficiency of 

labelling (the percent of spins inverted by the tag) and the efficiency of background 

suppression, 

€ 

ε  (Equation 4.6).  The reconstruction of the absolute perfusion image on the 

scanner uses an efficiency term of 0.95*0.75 (labelling efficiency*background suppression).  

More recent experiments suggest that the efficiency term should be 0.8*0.75 to reflect the 

actual labelling efficiency (D. C. Alsop, personal communication).  This resulted in an 

underestimation of flow that was remedied by multiplying each perfusion image by the ratio 

of the old efficiency to the new, correct efficiency (0.95/0.8) to create accurately quantified, 

absolute perfusion images.  Using SPM5, the absolute perfusion image was coregistered to 

the raw (in subject space) SPGR structural image.  Normalization parameters produced during 

segmentation of the T1-weighted SPGR image were then used to warp perfusion images into 

the standardized space of the elderly template.  Normalized perfusion images (unmodulated) 

were resliced to 2 × 2 × 2 mm3 and smoothed using a 10 mm isotropic Gaussian kernel.  

Slices inferior to the mid cerebellum in the perfusion images contained spiral artefacts and 

were excluded from further analysis. 

A study-specific grey matter mask was created by averaging the modulated, normalized grey 

matter images from 29 controls (the number of control subjects with usable perfusion images) 

and 30 PD subjects (10 of each PD-N, PD-MCI, and PD-D); approximately equal numbers 

were used to reduce bias.  The mask was created by thresholding the average grey matter 

image at 0.1 (10% chance of grey matter) and used to exclude non-grey matter contributions 

from the perfusion analyses. 
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5.3.3 Diffusion tensor fitting and preprocessing 

Imaging preprocessing was performed using FSL 4.1.6 (FMRIB Software Library, 

www.fmrib.ox.ac.uk/fsl/; Smith et al., 2004) and SPM5 (Wellcome Department of Cognitive 

Neurology, University College London, UK) in Matlab 7.6.0 (R2008a, Mathworks, MA, 

USA).  The powerful magnetic gradients used to sensitize protons to diffusion create eddy 

currents that induce stretches and shears in the diffusion-weighted images.  I used FSL’s eddy 

current correction utility to correct these distortions, as well as simple head motion, using 

affine registration to the first b0 image (the first image acquired in the diffusion-weighted 

sequence with a b value of 0 s/mm2, essentially a T2-weighted image).  The b0 image was 

brain-extracted to eliminate non-brain tissue (Smith, 2002).  A diffusion tensor model was 

fitted to the eddy-corrected, brain-extracted diffusion data at each voxel using DTIFIT in 

FSL, producing Fractional Anisotropy (FA) and Mean Diffusivity (MD) images.  The b0 

image (as well as the FA and MD) was then coregistered to the high resolution, T1-weighted 

SPGR image using mutual information in SPM5.  Normalization parameters produced during 

unified segmentation of the T1-weighted image were applied to the FA and MD images to 

warp them into standard space and resliced to 1 mm3 isotropic.  Smoothing kernels used in 

previous DTI voxel-based studies investigating PD include 4 mm (Scherfler et al., 2006), 6 

mm (Lee et al., 2010; Zhang et al., 2009), and 10 mm (Karagulle Kendi et al., 2008).  Jones et 

al. (2005) investigated the effect of smoothing filter size on voxel-based analyses of DTI data 

and found that the larger the smoothing kernel, the smaller the number of voxels violating 

assumptions of Gaussian random field theory.  We therefore selected an 8 mm isotropic 

Gaussian smoothing kernel in order to increase signal to noise, accommodate inter-individual 

anatomic variability, minimize residual normalization errors, and conform to model 

assumptions, but also maintain a reasonable degree of spatial resolution. 

5.4 Statistical analyses 

Voxel-based statistical analysis of MR images involves the identification of brain regions that 

show a significant difference between different groups of interest.  These analyses can either 

be conducted using model-driven or data-driven approaches, depending on the experimental 

question.  In this thesis, a model-driven statistical analysis based on the general linear model 

(GLM) was used to investigate structural, perfusion, and diffusion MRI data.  In addition, a 

data-driven analysis employing principal component analysis (PCA) was applied to the 

perfusion data.  The following subsections provide an overview of the methods. 
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5.4.1 GLM-based analysis 

The general linear model explains the response variable (the observed MR signal at each 

voxel in the brain) as a linear combination of several predictor (or explanatory) variables plus 

an error term (Kiebel & Holmes, 2007).  This is expressed as: 

  

€ 

Yj = β0 + x j1β1 + x j2β2 +…+ x jnβn +ε j   Equation 5.1 

where 

€ 

Yj  represents the observed MR signal at voxel 

€ 

j , 

€ 

x ji  represents the 

€ 

i th of 

€ 

n  predictor 

variables at voxel 

€ 

j ,   each weighted by a scalar model parameter,  

€ 

βi .     

€ 

β0    allows for an 

arbitrary offset and reflects the total contribution from all factors held constant throughout the 

experiment.  The error term, 

€ 

ε j , is normally distributed with zero mean and variance 

€ 

σ2 and 

encompasses residual noise in the data not predicted by the model.  Each voxel in the brain 

has a distinct signal and associated linear model.  Rather than writing out the 

€ 

n equations we 

make use of matrix notation:  

€ 

Y = Xβ+ε   Equation 5.2 

where 

€ 

Y  is the column vector of observations, 

€ 

ε  the column vector of error terms, and 

€ 

β the 

column vector of parameters.  

€ 

X  is referred to as the design matrix, having one row per 

observation and one column per model parameter (explanatory variable).  Both 

€ 

Y  and 

€ 

β 

depend on the voxel, while the design matrix 

€ 

X , is the same for all voxels.  Figure 5-1 

displays a graphical example of a design matrix.  The design matrix shows two groups (35 

drug naïve PD subjects with normal cognition and 24 PD subjects with normal cognition on 

anti-parkinsonian medication) with covariates of age, sex, years of education, and intracranial 

volume.  In SPM, this model specification is performed using the ‘Basic Model’ graphical 

user interface. 
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Figure 5-1.  Design matrix for a 2-group study with the first 35 subjects in group 1 and the last 24 subjects 
in group 2.  Subsequent columns represent the covariates age, sex, years of education, and ICV. 

For each subject, the model is fitted independently for all voxels within the brain volume 

using least squares, which generates parameter estimates at each voxel (

€ 

β).  This step is 

performed using the ‘Estimate’ function in the SPM.  These parameter estimates can then be 

tested for statistical significance under the null hypothesis that 

€ 

β = 0 using standard 

hypothesis testing methods such as t-tests or ANOVA.  Statistical maps are generated by 

converting the result of the statistical test into a probability value based on the degrees of 

freedom.  This is the basis on which voxels are identified as showing structural (grey matter, 

DTI) or functional (cerebral blood flow) differences between groups. 

5.4.2 Corrections for multiple comparisons 

Depending on the spatial resolution of the MR data, a typical image may contain a few 

hundred thousand voxels, with an associated statistical test at each voxel.  With this many 

statistical tests, Type I errors (false positives) become important (Huettel et al., 2004).  In a 

brain with 100,000 voxels, if the level of significance of the statistical test is 

€ 

α = 0.05 , then 

there could be ~5000 voxels identified as significant when in truth they are not.  Multiple 

comparison correction methods must be applied to reduce the risk of misinterpreting these 

false positives.  There are two principal methods used to control the number of false positives.   

5.4.2.1 Family-wise error rate (FWE) 
This is the standard measure of Type I errors and is the chance of identifying any false 

positives in the experiment.  For an FWE-corrected 

€ 

α = 0.05 , on average, 1 out of 20 
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comparisons will contain a false positive.  Three principal methods used to control family-

wise error rate are presented below.  

5.4.2.1.1 Bonferroni correction 
The traditional Bonferroni correction decreases the alpha value (significance threshold) 

proportional to the number of independent statistical tests.  However, in smoothed MR data 

the Bonferroni correction is too conservative; it overestimates the number of independent tests 

(number of voxels) because statistical values depend on neighbouring values, i.e. exhibit 

spatial correlation (Brett et al., 2007; Genovese et al., 2002).  A Bonferroni type correction 

increases the risk of missing true differences between groups (a Type II error), and is 

therefore not typically employed in MRI (Nichols & Hayasaka, 2003). 

5.4.2.1.2 Random field theory (RFT) 
Worsley et al. (1996) used Gaussian random field theory (RFT) to derive an optimum 

correction factor for 

€ 

α .  This new basic spatial unit that replaces the voxel when adjusting 

€ 

α  

is the ‘resel’, or ‘resolution element’.  Based on the smoothness of the data, the number of 

independent test (resels) can be calculated.  The number of resels will typically be several 

orders of magnitude less than the original number of voxels, hence a less conservative test of 

significance compared to the Bonferroni test (Huettel et al., 2004).  Another approach for 

correction of multiple comparisons is based on the size or spatial extent of significant clusters 

(Xiong et al., 1995).  A group of 100 adjacent voxels clustered together are less likely to be 

false positives than 100 individual voxels randomly scattered.  In other words, the likelihood 

of false positives decreases with increasing cluster size.  RFT assumes that the variables and 

residuals are Gaussian.  Hence smoothing of the data is essential, although this reduces the 

resolution of the data. 

5.4.2.1.3 Resampling techniques 
Resampling techniques, including permutation and bootstrapping, are non-parametric and 

therefore require few assumptions (Holmes et al., 1996).  Permutation employs resampling of 

the data without replacement and bootstrapping, with replacement.  These techniques can also 

be used to limit the number of false positives.  They resample the entire image, the statistic of 

each image is computed and the maximum statistic recorded.  This is repeated many times to 

form an empirical distribution of this maximum statistic.  If 

€ 

α0 is the allowed fraction of false 

positive, then the 

€ 

100(1−α0)
th percentile of this distribution provides the threshold for 

controlling FWE.  Although attractive, these non-parametric methods are computationally 
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intensive and can lack generality (Nichols & Hayasaka, 2003).  These methods have been 

improved recently (Smith & Nichols, 2009) and are used to correct for multiple comparisons 

in the tract-based analysis of the DTI data in this thesis (see section 9.3). 

5.4.2.2 False discovery rate (FDR) 
A recently developed, more lenient measure of false positives is the false discovery rate 

(Benjamini & Hochberg, 1995; Nichols, 2007).  Whereas FWE controls the chance of one or 

more false positives, FDR controls the fraction of false positives.  The FDR is the expected 

proportion of false positives among all detected voxels.  At a level of 0.05, on average, no 

more than 5% of the number of voxels above the threshold used will be false positives.  This 

method is often preferable because it is not the absolute number of false positives that is of 

interest, but the proportion of identified positives that are actually false.  This method has 

been successfully applied to neuroimaging data (Genovese et al., 2002) and is the multiple 

comparison correction method used throughout this thesis.  

5.4.3 Data-driven analysis 

Data-driven methods provide an alternative to testing each voxel against a model-driven 

hypothesis.  These exploratory methods examine the intrinsic structure of the MR data, 

aiming to identify components that encompass distinct features of interest.  For example, 

these components may reveal patterns in the data related to disease status, age, or sex.  The 

three most commonly used data-driven methods are principal component analysis, 

independent component analysis, and clustering.   

5.4.3.1 Principal component analysis 
Principal component analysis (PCA) is a statistical technique that uses an orthogonal linear 

transformation to convert a number of potentially correlated variables into a smaller number 

of uncorrelated ones (Hastie et al., 2009).  These uncorrelated ‘principal components’ capture 

important underlying sources of covariance within the data.  PCA has been used widely in 

face recognition, in which computers and PCA are employed to recognize faces objectively 

(Turk & Pentland, 1991), and neurodegenerative disease including Parkinson’s disease 

(Eidelberg et al., 1994; Eidelberg, 2009; Ma et al., 2007), Alzheimer’s disease (Asllani et al., 

2007), Huntington’s disease (Feigin et al., 2007), multiple system atrophy, and progressive 

supranuclear palsy (Eckert & Edwards, 2007). 



 

	  
	  

60 

PCA is defined as the orthogonal projection of the original data onto a lower dimensional 

space that maximizes the variance of the projected data.  The projected data in this new space 

are referred to as principal components.  This follows the equation 

€ 

Y = XA   Equation 5.3 

where 

€ 

Y  represents the principal components (the original data projected onto the new basis), 

€ 

X  is the original data (MR images), and 

€ 

A  is a matrix with stretch and rotation factors used 

to project 

€ 

X  onto 

€ 

Y .  The matrix 

€ 

A  can be found by deriving the eigenvectors (and 

associated eigenvalues) of the covariance matrix 

€ 

C  of the input imaging data (

€ 

X ) 

€ 

C = cov(X) =

(X i − µi)(X j − µ j )
j=1

n

∑
i=1

n

∑

n −1
  Equation 5.4 

where 

€ 

µi  and 

€ 

µ j  are the sample means of the data (means of images 

€ 

i  and 

€ 

j).  Unlike GLM-

based approaches that are used to identify differences between groups, PCA can produce 

markers that may be used to predict group membership in independent cohorts or change in 

longitudinal studies.  The ability to predict, and not just identify, group differences provides 

the motivation for the use of PCA in this thesis. 

Much of the data-driven analysis in Parkinson’s disease (and other neurological disorders) has 

employed PCA of functional radiotracer imaging modalities including PET and SPECT 

(Eidelberg, 2009).  In chapter 7, PCA was employed as the data-driven technique of choice in 

the analysis of ASL MRI.  PCA, rather than independent component analysis (see below), 

was chosen primarily because of the bulk of previous radiotracer work showing the usefulness 

of PCA in neurodegenerative diseases.  In addition, PCA is less computationally taxing and in 

some cases of face recognition PCA has outperformed ICA (Baek et al., 2002). 

5.4.3.2 Independent component analysis 

Both PCA and ICA are projection methods, in that they calculate 

€ 

Y  and 

€ 

A  given 

€ 

X , i.e. they 

project the data onto a newly determined basis.  The difference between PCA and ICA is the 

criterion used to extract the components 

€ 

Y  and the matrix 

€ 

A .  PCA maximizes the amount of 

variance explained in each component, represented in decreasing order. Since principal 

components are orthogonal to each other, they are always uncorrelated but not necessarily 

independent.  ICA, on the other hand, maximizes the statistical independence of the 

components. 
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ICA is more frequently applied to fMRI data; Mckeown et al. (1998), who first applied ICA 

to fMRI data, provide a comprehensive overview of the application of ICA to fMRI.  ICA 

assumes that the observed signal is a linear combination of independent sources and uses 

higher-order statistics to identify them.  Recently ICA has become a popular technique to 

investigate fMRI data that are difficult to analyse with the standard GLM approaches 

(Calhoun & Adali, 2006) and the resting state network (Damoiseaux et al., 2006). 

5.4.3.3 Clustering 
In clustering-based analysis, voxels are segregated into distinct clusters such that data points 

in each cluster are more closely related to each other than to points in other clusters.  In 

addition, each cluster is itself as different as possible from other clusters.  This technique has 

been employed in a several fMRI experiments (Cordes et al., 2002; Filzmoser et al., 1999).  In 

collaboration with a Master’s student, we have begun an investigation into microstructural 

integrity of thalamic nuclei in PD using a k-means clustering approach, but this approach is 

not employed in the current thesis. 

5.5 Anatomical localization 

Results (statistical images showing significant differences in either structural, diffusion, or 

perfusion MRI data) were superimposed on group-averaged images.  The structural and 

perfusion results were overlaid on the study specific average grey matter image.  The 

diffusion results, both fractional anisotropy (FA) and mean diffusivity (MD), were displayed 

on the study specific average FA image.  Results from section 9.3 were displayed on the study 

specific, average FA skeleton overlaid on the MNI152 template (see section 9.3.2).  The 

locations of the spatial regions with significant results were identified by searching for 

multiple local maxima in clusters and identifying their coordinates.  The brain regions 

corresponding to the coordinates from the clusters were identified using known 

neuroanatomical landmarks and guided by the Harvard-Oxford Cortical and Subcortical 

Structural Atlas, as well as the JHU DTI-based White-Matter Atlases (part of FSL; 

http://www.fmrib.ox.ac.uk/fsl/data/atlas-descriptions.html). 
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6 Structural MRI analysis: Grey matter atrophy in 

cognitively impaired Parkinson’s disease 

6.1 Introduction 

As discussed previously, cognitive impairment is common in Parkinson’s disease (PD) with a 

cumulative dementia prevalence of 75-90% (Aarsland, 2010).  Those meeting criteria for mild 

cognitive impairment (PD-MCI) may be at increased risk for dementia and thus targets for 

early intervention (Caviness et al., 2007; Dubois, 2007; Janvin et al., 2006).  Contributions to 

cognitive decline in Parkinson’s disease include alpha-synuclein accumulation, coexistent 

Alzheimer type pathology, and neurotransmitter (dopaminergic, cholinergic) changes, all of 

which can be associated with structural brain changes, including atrophy (Camicioli et al., 

2009; Emre, 2003; Francis & Perry, 2007; Klein et al., 2010; Shimada et al., 2009; Silbert & 

Kaye, 2010).  Structural brain imaging of PD subjects via magnetic resonance imaging (MRI) 

may provide a robust in vivo method to identify macroscopic cerebral atrophy associated with 

cognitive decline. 

While relatively consistent evidence points to grey matter atrophy in PD with dementia (PD-

D), the presence and extent of similar changes found in PD without dementia is uncertain.  

Investigations employing structural MRI analysed by visual inspection, region of interest 

(ROI), and whole brain voxel-based morphometry (VBM) methods have reported grey matter 

atrophy associated with dementia in PD in basal ganglia, medial temporal and limbic areas, as 

well as other cortical regions (Beyer et al., 2007; Bouchard et al., 2008; Burton et al., 2004; 

Camicioli et al., 2003; Junqué et al., 2005; Laakso et al., 1996; Nagano-Saito et al., 2005; 

Summerfield et al., 2005; Tam et al., 2005).  Some studies defining a single, “non-dementia” 

group of PD subjects have reported atrophy in the medial temporal lobe (Bouchard et al., 

2008; Brück et al., 2004; Camicioli et al., 2003; Jokinen et al., 2009; Laakso et al., 1996; 

Nishio et al., 2010; Summerfield et al., 2005; Tam et al., 2005), amygdala (Bouchard et al., 

2008), putamen (Krabbe et al., 2005), frontal regions (Burton et al., 2004; Nishio et al., 2010), 

and cerebellum (Borghammer et al., 2010b; Camicioli et al., 2009).  In contradistinction, 

others have found no significant atrophy in PD without dementia (Feldmann et al., 2008; 

Ghaemi et al., 2002; Kassubek et al., 2002; Martin et al., 2009; Nagano-Saito et al., 2005; 

Oikawa et al., 2002; Schulz et al., 1999; Tessa et al., 2008).  There is, however, virtually 

unanimous agreement of the value in identifying the stage of mild cognitive impairment, 
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before the onset of functional impairments that characterize dementia (Aarsland et al., 2010; 

Dalrymple-Alford et al., In press; Janvin et al., 2006).  An accurate characterization of PD-

MCI may have a substantial effect on the prognosis of individuals and the outcomes of 

treatments aimed at delaying or preventing dementia in PD.  The possible inclusion of 

participants with mild cognitive impairment (PD-MCI) within a single “non-dementia” group 

may lead to a confound in many imaging studies.  

The separation of non-demented PD subjects into PD-N and PD-MCI in recent investigations 

has shown promise in identifying underlying structural brain changes prior to dementia in PD.  

However, small sample size and lack of consistent criteria for defining mild cognitive 

impairment complicate the interpretation of these structural imaging results and perhaps 

explain inconsistent findings.  For example, some studies have identified grey matter atrophy 

in PD-MCI patients in the temporal lobe (including hippocampus and parahippocampus), 

frontal regions, and cerebellum, relative to healthy individuals or PD patients without 

cognitive impairment (Meyer et al., 2007; Nishio et al., 2010; Riekkinen et al., 1998).  In 

contrast, other studies have reported either no or unreliable grey matter changes in PD-MCI 

when compared to controls or PD-N (Apostolova et al., 2010; Beyer et al., 2007; Dalaker et 

al., 2010).  Thus far, only two studies have directly compared PD-N, PD-MCI, and PD-D 

groups (Apostolova et al., 2010; Beyer et al., 2007), with both identifying significant atrophy 

in PD-D, a trend toward atrophy in PD-MCI, and no atrophy in PD-N.  

In addition to differences in MCI criteria, relatively restricted evaluation of the extent and 

range of cognitive impairments has been common in previous structural imaging studies.  The 

proportion of non-dementia cases classified as MCI can vary markedly with different criteria 

and thus clearly separated and well-defined groups of PD-N, PD-MCI and PD-D are needed 

to elucidate the relationship between cognitive impairment and atrophic change in PD 

(Aarsland et al., 2010; Dalrymple-Alford et al., In press; Janvin et al., 2006).  Therefore, a 

large group of PD patients was assessed with detailed neuropsychological testing and 

functional evaluation to establish their cognitive status (PD-N, PD-MCI, or PD-D).  Subjects 

in this PD-MCI group are clearly separable from both PD-N and PD-D in terms of cognitive 

performance; the aggregate Z-score displayed in Table 6-1 emphasizes the relatively small 

overlap across the PD groups as does previous work by investigators at the Van der Veer 

Institute, showing that the PD-N, PD-MCI, and PD-D groups in a larger PD population (and 

of which the present sample is a subgroup that underwent advanced MRI scanning) are 

distinct (Dalrymple-Alford et al., In press).  This excellent segregation of cognitive groups 
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allowed comparison of grey matter integrity explicitly across the full spectrum of cognitive 

impairment in PD. 

6.2 Methods 

6.2.1 Subjects 

Structural MR imaging data was acquired for 100 PD and 34 control subjects.  Five PD 

subjects were excluded due to excessive motion.  Analyses were thus conducted on the 

remaining 96 PD and 34 control subjects. 

6.2.2 Diagnostic criteria and assessment 

Comprehensive neuropsychological testing was used to classify PD patients as either 

cognitively normal (PD-N; n = 59), with mild cognitive impairment (PD-MCI; n = 22), or 

with dementia (PD-D; n = 15), as described in section 5.1.1.  Thirty-nine PD subjects had not 

commenced anti-parkinsonian medication, i.e. were drug naïve.  The remaining 57 PD 

participants were assessed and imaged on medication, without any disruption to their usual 

drug regimen.  

6.2.3 Magnetic resonance imaging acquisition and preprocessing 

Spoiled gradient recalled echo (SPGR) T1-weighted images were used in this analysis.  

Details on MRI acquisition are provided in section 5.2.2.  Preprocessing is discussed in 

section 5.3.1.  In this analysis, there was an additional step concerning the size of the 

smoothing filter.  Following the standard voxel-based morphometry preprocessing, the images 

were smoothed to improve signal to noise, to ensure that the assumptions underlying 

Gaussian random field theory were met, and to account for any spatial normalization 

imperfections (Ashburner & Friston, 2000; Jones et al., 2005).  Smoothing kernels utilized in 

previous PD voxel-based studies range from 4-12 mm (Beyer et al., 2007; Burton et al., 2004; 

Camicioli et al., 2009).  Smoothing the grey matter segments causes the residuals to approach 

a normal distribution, an assumption that is required for VBM (Ashburner & Friston, 2000).  I 

tested this assumption using the SPMd toolbox (Luo & Nichols, 2003) by performing a 

Shapiro-Wilk normality (Shapiro & Wilk, 1965) test at each voxel within the brain.  The null 

hypothesis of the Shapiro-Wilk test is that the residuals follow a normal distribution.  Using 

€ 

α = 0.05 , the null hypothesis (of normal distribution) was rejected in voxels where p<0.05.  I 

found that 25.2% (at 8mm smoothing), 17.6% (at 10mm), and 22.1% (at 12mm) of voxels 

within the brain exhibited a non-normal distribution of residuals.  Hence, images with 10 mm 
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smoothing minimized the number of voxels violating the assumption of normally distributed 

residuals and were utilized for all comparisons. 

6.2.4 Demographic and imaging analyses 

Clinical and cognitive measures and global grey matter volume divided by ICV were 

compared across the groups (controls and PD cognitive groups) using one-way ANOVAs in 

Matlab (one for each variable).  Regional group differences in grey matter concentration were 

evaluated by voxel-based morphometry (VBM; Ashburner & Friston, 2000). Smoothed, 

modulated, and normalized grey matter images were analysed by ANCOVA in SPM5, to 

assess group differences (Control/PD-N/PD-MCI/PD-D), with age, sex, years of education, 

and ICV as covariates.  Pair wise comparisons (one-tailed t-tests) were used to evaluate grey 

matter differences between controls and individual PD cognitive groups (Controls>PD-N, 

PD-MCI, PD-D respectively). A second ANCOVA restricted to only the PD groups was used 

to add motor impairment (UDPRS-III) as a covariate.  The subsequent comparisons were: PD-

N>PD-MCI, PD-N>PD-D, and PD-MCI>PD-D. 

Multiple regression assessed the relationship between grey matter concentration and 

continuous measures of cognition (aggregate cognitive Z-score) and motor impairment 

(UPDRS-III) in the PD group, with age, sex, years of education, and ICV as covariates.  I 

hypothesized a positive correlation between voxel-wise, grey matter concentration and 

cognitive Z-score and a negative correlation with motor impairment (UPDRS-III).  Grey 

matter atrophy between drug naïve PD-N (n = 35) and PD-N receiving anti-parkinsonian 

medication (n = 24) was also examined in order to investigate the possibility of a drug-

mediated effect.  All results were corrected for multiple comparisons using false discovery 

rate (FDR-corrected, p<0.05; Genovese et al., 2002). 

6.3 Results 

Demographic and clinical details and global imaging values for each group are presented in 

Table 6-1.  A significant difference between groups was found for grey matter volumes 

(corrected for ICV; F3,126 = 9.85, p<0.001), with a modest reduction in PD-MCI and more 

atrophy in PD-D (Tukey’s HSD post hoc comparisons). 
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Table 6-1.  Demographic, clinical, and global imaging details of each group 

	  	   Controls	   PD-‐N	   PD-‐MCI	   PD-‐D	  

n	   34	   59	   22	   15	  
Age,	  years*	   69.6	  (9.2)	   64.6	  (8.7)	   70.5	  (8.1)	   73.7	  (7.1)	  
Sex	  (male:female)	   23:11	   39:20	   15:7	   13:2	  
MMSE*	   28.9	  (1.0)	   28.9	  (1.2)	   27.6	  (1.5)	   23.7	  (3.1)	  
MoCA*	   27.0	  (2.0)	   26.6	  (2.3)	   22.3	  (2.3)	   16.0	  (3.9)	  
Cognitive	  Z-‐score*	   0.62	  (0.38)	   0.30	  (0.38)	   −0.78	  (0.35)	   −1.79	  (0.54)	  
UPDRS-‐III+	   -‐	   25.6	  (14.2)	   37.5	  (17.9)	   50.0	  (15.8)	  
Disease	  duration,	  
years+	  

-‐	   3.9	  (3.3)	   8.5	  (6.8)	   11.8	  (7.9)	  

ICV	  cm3	   1510	  (173)	   1549	  (163)	   1501	  (100)	   1630	  (182)	  
Global	  GM	  vol/ICV*	   0.44	  (0.036)	   0.44	  (0.03)	   0.42	  (0.02)	   0.40	  (0.02)	  

Values are mean (SD). Significant ANOVA across all groups *p<0.001; significant ANOVA across PD 
groups +p<0.001.  MMSE = Mini Mental State Examination, MoCA = Montreal Cognitive Assessment, 
UPDRS-III = Unified Parkinson’s Disease Rating Scale, part III, ICV = Intracranial Volume, GM = grey 
matter. 

6.3.1 Voxel-based morphometry 

The PD-N group showed no significant atrophy compared to controls (Figure 6-1A).  For the 

PD-MCI group, atrophy was present in bilateral pre- and post-central gyri, precuneus, 

superior parietal lobule, superior and middle frontal gyri, superior lateral occipital cortex, 

temporal regions (including Heschl’s gyri, insula, superior temporal gyri, and the planum 

temporale), as well as bilateral amygdala, hippocampi, and right putamen (Figure 6-1B).  PD-

D subjects exhibited far more extensive grey matter atrophy in the regions involved in PD-

MCI plus other large areas of the temporal lobe, intracalcarine and lingual gyri, posterior 

cingulate gyrus, prefrontal and frontal regions, and bilateral caudate and parahippocampi 

(Figure 6-1C).   
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Figure 6-1.  Regions displaying any areas of significant grey matter atrophy in (A) PD-N, (B) PD-MCI, 
and (C) PD-D relative to controls, displayed on the study-specific average grey matter image in 
neurological convention (left on image is left of brain).  Significant clusters (FDR-corrected p<0.05) 
indicate atrophy in PD-MCI (corrected t value > 2.68) and PD-D (t > 2.15).  Colour bar displays t statistic 
scale.  Slices displayed are z = [−18, −8, 7, 27, 37, 52]. 

The UPDRS-III was used as a covariate for comparisons across the PD groups to determine 

the degree to which grey matter differences were specific to cognitive changes. No significant 

areas of atrophy occurred in PD-MCI (Figure 6-2A) in comparison to PD-N, but PD-D 

exhibited widespread volume reduction in many of the same regions that had already been 

identified in the comparison with controls (Figure 6-2B).  The intermediate nature of the PD-

MCI group was apparent from the finding that this group also showed no significant grey 

matter differences by comparison with the PD-D group.  There were no grey matter 

differences between drug naïve PD-N and those PD-N on medication. 
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Figure 6-2.  Blue-green colour indicates any areas of significant atrophy in (A) PD-MCI and (B) PD-D, 
relative to PD-N after covarying for UPDRS-III, age, sex, years of education, and ICV (FDR p<0.05).  
Only PD-D exhibited significant atrophy, with reduced volume in cortical regions and right caudate 
(t > 2.83). 

There was a significant correlation between aggregate cognitive Z-score in the PD group and 

cerebral atrophy in bilateral posterior cingulate and precuneus cortex, superior parietal lobule, 

lateral occipital cortex, superior, middle, and inferior frontal gyri, precentral gyri, insula, 

Heschl’s gyri, central opercular cortex, superior and middle temporal gyri, hippocampi, 

parahippocampi, medial thalamic region and left amygdala (Figure 6-3; FDR p<0.05). 

Correlation between grey matter concentration and UPDRS-III (covarying for cognitive 

score) was observed only at a relaxed statistical threshold of p<0.001 uncorrected, and then 

only in right middle frontal gyrus (data not shown). 
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Figure 6-3.  Clusters represent areas where a significant association exists between grey matter 
concentration and cognitive Z-score in the PD group after covarying for motor impairment, age, sex, 
years of education, and ICV (FDR p<0.05).  Significant association was primarily limited to the cortex.  
The first slice displayed is z = −18 with each subsequent slice 10 mm superior. 

6.3.2 Normality of residuals 

Figure 6-4 shows the spatial distribution of voxels with non-normal residuals overlaid on 

areas of significant PD-D atrophy relative to controls, with a 10mm smoothing kernel.  Most 

non-Gaussian voxels occurred in the cerebellum, middle cingulate cortex, and precentral 

gyrus, exhibiting little overlap with regions of significant atrophy.  Periventricular regions, 

where white matter hyperintensities frequently occur, also exhibited non-normality.  

Periventricular white matter hyperintensities are often misclassified by SPM and may provide 

an explanation as to why voxels with a non-normal distribution of residuals appear around the 

ventricles. 

 



 

	  
	  

71 

 

Figure 6-4.  Red-yellow clusters show the spatial distribution of voxels with non-normally distributed 
residuals (p<0.05, Shapiro-Wilk).  Blue-green clusters display areas of significant atrophy in PD-D 
relative to controls.  The two displays show little overlap indicating that in areas deemed atrophic, model 
assumptions hold. 

I further investigated the residuals from a voxel deemed to follow a normal distribution (voxel 

[56 136 104] in the left middle frontal gyrus; Figure 6-5, upper panel) and a voxel identified 

as non-normally distributed (voxel [130 57 21] in the left cerebellum; Figure 6-5, lower 

panel).   

 

Figure 6-5.  The location of the two selected voxels from which residuals were extracted in each 
individual; the average grey matter image is displayed.  The upper panel shows the selected voxel with a 
normal distribution of residuals from the middle frontal gyrus (dorsolateral prefrontal cortex) and the 
lower panel shows the selected voxel with a non-normal distribution of residuals from the cerebellum.  

Figure 6-6 displays the distribution of the residuals from each subject in each of the two 

selected voxels, represented as histograms with kernel density plots overlaid.  Histograms are 
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used to graphically display the distribution of a measured quantity, while kernel density plots 

are used to estimate the underlying distribution of an observed variable (Bishop, 2006).  The 

voxel in the middle frontal gyrus (Figure 6-6, left panel) shows a bell-shaped, normal 

distribution of residuals, whereas the voxel from the cerebellum (Figure 6-6, right panel) is 

skewed, having a long tail to the left.   

 

Figure 6-6.  Kernel density plots overlaid on histograms showing the distribution of residuals from (left) 
the middle frontal gyrus (voxel [56 136 104]) and (right) cerebellum (voxel [130 57 21]).  The residuals 
represent the departure of the modelled MRI signal from the measured MRI signal.  The left 
histogram/density plot displays a normal distribution (Shapiro-Wilk W = 0.99, p = 0.38) while the plot 
from the cerebellum is skewed to the left, exhibiting a departure from the normal distribution (W = 0.87, 
p<0.001). 

Q-Q plots are another useful diagnostic to examine how well a set of measurements fits a 

specified theoretical distribution.  In Q-Q plots, the quantiles of the observed distribution (e.g. 

residuals) are plotted against the quantiles of the theoretical distribution (e.g. the normal 

distribution).  Quantile refers to the fraction of points below a given value, i.e. the 20% 

quantile is the point at which 20% of the data fall below and 80% fall above that value.  If the 

observed and theoretical distributions come from a population with the same distribution, the 

points of the Q-Q plot should closely follow the line 

€ 

y = x .  The greater the deviation from 

the line 

€ 

y = x , the greater the evidence that the two datasets originate from populations with 

different distributions.  Figure 6-7 displays the Q-Q plots from the voxels in the middle 

frontal gyrus and cerebellum.  The voxel from the middle frontal gyrus follows the line 

€ 

y = x  

closely, indicating that the residuals follow a normal distribution, as expected.  Points from 

the skewed tail in the voxel from the cerebellum fall well below the line 

€ 

y = x , confirming 

that the distribution of residuals from this voxel diverges from normality.  Although the 
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Shapiro-Wilk statistic indicates that this is a voxel with a non-normal distribution, it is 

perhaps better described as a voxel with departures from normality (the skewed tail).  

 

Figure 6-7.  Q-Q plots from (left panel) voxel [56 136 104] in the middle frontal gyrus and (right panel) 
voxel [130 57 21] in the cerebellum, comparing the residuals to a normal distribution.  The linearity of 
points in the left panel suggests that the data are normally distributed.  In the right panel, points on the 
left fall far below the line 

€ 

y = x , indicating a skewed, non-normal distribution. 

6.4 Discussion 

Using a large sample of PD patients covering the full spectrum of cognitive impairment, 

comparison with controls revealed that PD-D exhibited widespread grey matter atrophy, PD-

MCI showed more restricted atrophy, but the PD group with preserved cognition (PD-N) had 

no detectable atrophy.  A significant association between cognition (aggregate cognitive Z-

score) and grey matter atrophy in PD was also identified in a number of cortical areas.  There 

was no such relationship with motor severity. 

Unlike the current study, three previous volumetric studies investigating PD-MCI 

(Apostolova et al., 2010; Beyer et al., 2007; Dalaker et al., 2010) have reported no significant 

grey matter atrophy relative to controls, but this disparity may reflect both the smaller sample 

sizes and the different criteria used to establish cognitive impairment in those earlier reports.  

The PD-MCI subjects described by Dalaker et al. (2010) were newly diagnosed, drug naïve, 

and were subject to less stringent classification criteria (1.5 SD below norms in one of three 

cognitive domains including memory, attention and executive function, and visuospatial 

function) than those used in the current study.  This suggests their PD-MCI group was less 

cognitively impaired than in the present study.  Beyer et al. (2007) demonstrated a trend 

toward atrophy in temporal and frontal regions, but also used more lenient MCI criteria (1.5 
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SD below norms on at least one individual neuropsychological test).  Using the same MCI 

criteria as Beyer et al., Apostolova and colleagues (2010) identified only a non-significant 

trend toward caudate atrophy in PD-MCI relative to controls.  Meyer et al. (2007) used an 

MCI criteria comprised of subjective cognitive complaint, normative activities of daily living, 

and a score of less than 42 on the combined MMSE and Cognitive Capacity Screening 

Examination (Jacobs et al., 1977) to identify atrophy in eight PD-MCI patients in frontal and 

temporal regions (relative to controls).  Two further investigations identified primarily medial 

temporal but also frontal, occipital, and cerebellar atrophy in small samples of non-demented 

PD patients with cognitive impairment, not specifically defined as MCI (Nishio et al., 2010; 

Riekkinen et al., 1998).  On the basis of my results, I suggest that mild grey matter 

degeneration might signal a critical point in the progression towards dementia, at least in PD-

MCI patients who satisfy more conservative criteria (1.5 SD below normative data on at least 

two measures in at least one of the four MDS cognitive domains). 

The findings of cortical and subcortical atrophy in PD-D relative to both controls and PD-N 

are consistent with, but generally more extensive than, that shown previously (Beyer et al., 

2007; Bouchard et al., 2008; Burton et al., 2004; Camicioli et al., 2003; Junqué et al., 2005; 

Laakso et al., 1996; Nagano-Saito et al., 2005; Ramírez–Ruiz et al., 2005; Summerfield et al., 

2005).  These earlier studies employed the general dementia criteria found in the DSM IV 

(Diagnostic and Statistical Manual of Mental Disorders, 1996), which is not specific to PD.  

To my knowledge, the current study is the only VBM investigation to utilize the recent 

Movement Disorders PD-specific dementia criteria (Dubois et al., 2007; Emre et al., 2007). 

There was no significant loss of grey matter in the PD-N group relative to controls, paralleling 

previous studies that specifically characterized a PD group with normal cognition 

(Apostolova et al., 2010; Beyer et al., 2007; Dalaker et al., 2010).  The exception is Nishio et 

al., (2010) who described atrophy in frontal, perisylvian, and occipital regions in those with a 

Clinical Dementia Rating of zero (CDR; Morris, 1993), but our group has demonstrated that 

CDR scores provide poor discrimination between PD-N and PD-MCI groups (Dalrymple-

Alford et al., In press).  MRI studies of “non-demented” PD, wherein those with MCI were 

not necessarily distinguished from those with normal cognition, have reported atrophy in the 

medial temporal lobes, amygdala, frontal regions, putamen, and cerebellum (Borghammer et 

al., 2010b; Bouchard et al., 2008; Brück et al., 2004; Burton et al., 2004; Camicioli et al., 

2003; Camicioli et al., 2009; Geng et al., 2006; Jokinen et al., 2009; Junqué et al., 2005; 

Krabbe et al., 2005; Laakso et al., 1996; O'Neill et al., 2002; Summerfield et al., 2005; Tam et 
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al., 2005).  In contradistinction, others have reported no significant MRI-detectable atrophy in 

non-demented PD populations (Feldmann et al., 2008; Ghaemi et al., 2002; Kassubek et al., 

2002; Martin et al., 2009; Nagano-Saito et al., 2005; Oikawa et al., 2002; Schulz et al., 1999; 

Tessa et al., 2008).  These variable findings are likely due to the cognitive heterogeneity in 

these “non-demented” groups, whereby patients with neuropsychological deficits consistent 

with a classification of MCI may or may not have been included with those whose cognition 

fell within the normal spectrum.  

To date, reports of the association between grey matter atrophy and neuropsychological 

deficits in PD have focused on the hippocampus and amygdala in particular, as well as limbic 

areas and temporal cortex (Bouchard et al., 2008; Brück et al., 2004; Camicioli et al., 2009; 

Dalaker et al., 2010; Jokinen et al., 2009; Junqué et al., 2005).  The association between 

cognitive Z-score and grey matter atrophy identified in the present study was evident not only 

in temporal regions but also posterior parietal (precuneus), lateral occipital, orbito-frontal, 

dorsolateral prefrontal cortex, and amygdala.  The employment of an aggregate, 

neuropsychological-derived Z-score derived from 20 measures in 14 tests across the four 

cognitive domains, provided a comprehensive assessment of cognitive status.  The use of this 

more sensitive cognitive measure may have facilitated the identification of more extensive 

cerebral atrophy in PD-related cognitive decline in the current study. 

Structural MRI is unable to identify the pathological processes underlying neuronal loss and 

atrophy in PD-MCI and PD-D.  However, post-mortem evidence suggests volume loss and 

neurodegeneration in the amygdala (Harding et al., 2002) and a reduction of dendritic spine 

density and a shortening of dendritic length in the medium spiny neurons of the putamen and 

caudate in PD without dementia (Stephens et al., 2005); these processes may play a role in 

gross atrophy of these structures.  PD-D is associated with cortical and subcortical 

neurodegeneration (de la Monte et al., 1989) and further medium spiny neuron dendritic 

simplification in anterior striatum regions, suggesting another possible underlying mechanism 

of cognitive-related atrophy (Sonnen et al., 2010). 

Cognitive impairment in PD is most likely due to a combination of both functional (e.g. 

neurotransmitter and other biochemical) and structural (e.g. neuronal and synaptic) loss 

(Emre, 2003).  There is a correlation between cognition and densities of Lewy neurites and 

Alzheimer-type pathology in hippocampus and other cortical areas in PD (Churchyard & 

Lees, 1997; Mattila et al., 1998).  Parahippocampal Lewy body density is greater in PD-D 
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than in non-demented PD (Harding & Halliday, 2001), and correlates with CDR (Kovari et 

al., 2003).  Braak stage, defined by the accumulation of Lewy bodies and neurites in a series 

of ascending brain regions, also correlates with level of cognitive impairment (Braak et al., 

2005), suggesting that alpha-synuclein accumulation may play an important role in the 

development of atrophy and dementia in PD.  Recent PET studies (Klein et al., 2010; 

Shimada et al., 2009) have identified significantly more cholinergic dysfunction in PD-D than 

in PD without dementia, in widespread cortical areas that coincide with regions identified as 

atrophic in our study.  The convergence of these findings suggests that cholinergic 

dysfunction and atrophy may parallel each other in the development of dementia in PD. 

I have described a characteristic pattern of hypoperfusion that correlated with cognitive 

impairment in a subset of this same group of PD patients using arterial spin labelling 

perfusion MRI (see Chapter 7 and Melzer et al., In press).  The distribution of grey matter 

atrophy in the present study coincides closely with the hypoperfused regions of the PD-related 

perfusion pattern, as well as regions of hypoperfusion described by others in relation to PD-

related dementia (e.g. Firbank et al., 2003).  A similar pattern of combined cortical grey 

matter loss (MRI) and hypometabolism (FDG PET) has been identified in another group of 

PD patients with mild cognitive impairment (Hosokai et al., 2009; Nishio et al., 2010).  In 

conjunction with my results, these studies suggest that cortical dysfunction associated with 

cognitive impairment in PD may be related to an interaction between grey matter atrophy, 

hypoperfusion, hypometabolism, and cholinergic neurotransmitter loss.  

Surprisingly, a longitudinal MRI investigation over one year that identified decreased brain 

volume in PD-D compared to non-demented PD and controls, found no significant association 

between rate of atrophy and cognitive decline (Burton et al., 2005).  Their negative finding 

may be due to a relatively small PD-D sample size (n = 13), the brief period between scans, 

and the use of the relatively insensitive Mini Mental State Examination.  A more 

comprehensive longitudinal study of cognitively impaired PD patients followed over several 

years is needed to determine whether or not rate of cerebral atrophy associates with rate of 

cognitive decline. 

Voxel-based morphometry is a powerful technique for unbiased hypothesis testing across the 

whole brain, but has underlying assumptions (Luo & Nichols, 2003); one fundamental 

assumption is that the residuals from the general linear model have a normal distribution 

(Ashburner & Friston, 2000).  Luo and Nichols (2003) emphasize that “model diagnosis and 
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exploration are integral parts of any statistical modelling enterprise, [but] these aspects have 

been mostly neglected in functional neuroimaging” (p. 1014).  They continue with: 

“Hypothesis tests and p-values depend on assumptions on the data, and inferences should not 

be trusted unless assumptions are checked” (p. 1014).  The VBM investigations cited herein 

did not specify the distribution of the residuals of the general linear model.  Although 17.6% 

of voxels in the present study did not conform to model assumptions (with the 10 mm 

smoothing kernel), I demonstrated minimal overlap with voxels exhibiting significant 

atrophy.  Further investigation of a voxel with a non-normal distribution of residuals showed 

a relatively mild deviation from normality, although this voxel may not be representative of 

all voxels with non-normal distributions.  That the only substantial overlap between identified 

atrophy and non-normality occurred in the left orbito-frontal area—suggesting that the 

apparent atrophy in this single region may be spurious—indicates that our findings of atrophy 

in PD-MCI and PD-D are reliable.   

In summary, in a well-characterized PD dementia group (PD-D), there was widespread grey 

matter atrophy that was more extensive than reported in most previous studies.  A PD group 

with mild cognitive impairment (PD-MCI) also showed atrophy, albeit to a lesser extent, 

whilst no atrophy was detected in the PD group with normal cognition.  Detailed 

neuropsychological testing permitted classification into the separate cognitive groups (normal 

cognition, MCI and dementia) and supports my conclusion that cerebral atrophy does not 

necessarily accompany PD per se.  Longitudinal follow up of this cohort will be important to 

clarify the utility of structural MRI in describing and predicting PD-related cognitive decline. 
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7 Perfusion MRI analysis: Arterial spin labelling reveals 

an abnormal cerebral perfusion pattern in Parkinson’s 

disease—a principal component approach 

This is the first of two chapters devoted to the analysis of this novel MRI technique—arterial 

spin labelling (ASL).  In this chapter I implement a data-driven, principal component analysis 

to identify a characteristic pattern of abnormal perfusion associated with PD.  Work presented 

in this chapter is in press in Brain (Melzer et al., In press). 

7.1 Introduction 

Network analysis of functional brain imaging data, i.e. metabolic and perfusion imaging, 

provides a powerful method to investigate circuit abnormalities in health and 

neurodegenerative diseases.  The primary benefit of this technique over univariate, general 

linear model-based analyses is that network analysis can reveal useful information about 

disordered connectivity between and among a pattern of spatially distinct voxels in the brain, 

not just at a single voxel in isolation (Moeller & Habeck, 2006).  This makes network analysis 

well suited to the investigation of system-wide neurodegenerative diseases like PD, in which a 

number of interconnected regions are affected (Alexander & Moeller, 1994). 

Principal component analysis (PCA) and a related method termed the scaled subprofile 

method have been used extensively in radiotracer-based (PET and SPECT) investigations of 

functional brain data to identify significant spatial covariance patterns in samples comprised 

of both patients and controls (Habeck et al., 2008; Ma et al., 2007; Spetsieris et al., 2009).  

The application of network analysis in neurodegenerative diseases relies on the assumption 

that biologically relevant signals, although small, may be detected and captured in principal 

components derived from functional brain images after minimizing the large variability that 

exists across subjects and regions within subjects (Eidelberg, 2009).  Alexander and Moeller 

(1994) and Moeller and Habeck (2006) have described the mathematical principles of this 

technique in depth and in section 7.2.4, I present steps for implementing principal component 

analysis based on a method described by Spetsieris et al. (2009). 



 

	  
	  

80 

7.1.1 Motor networks 

Abnormal metabolic and perfusion networks or patterns derived using PCA show potential as 

PD biomarkers to assess disease progression, modification, and treatment response.  

Radiotracer studies have described a PD motor-related pattern of abnormal 

metabolism/perfusion that has been interpreted as lateral premotor cortex and posterior 

parietal deficits with subcortical increases (Eckert et al., 2007; Eidelberg et al., 1994; Feigin 

et al., 2002; Ma et al., 2007; Moeller et al., 1999).  Similar motor-related patterns have been 

described in seven distinct populations scanned using both PET and SPECT (Eckert et al., 

2007; Moeller et al., 1999). Ma et al. (2007) demonstrated that the particular motor pattern 

described by the authors was highly reproducible in participants scanned at a single centre, 

showing stability over hours to weeks.  The expression of this radiotracer-derived PD pattern 

has shown a consistent linear relationship with motor impairment (Asanuma et al., 2006; 

Eidelberg et al., 1995; Lozza et al., 2004) as well as intraoperative measurements of 

spontaneous subthalamic nucleus firing rates (Lin et al., 2008).  In addition, a strong 

correlation has been shown between the metabolic-derived (FDG PET) motor-related pattern 

and the blood flow-derived (H2
15O PET) motor-related pattern (Ma & Eidelberg, 2007). 

Not only does the expression of this motor-related pattern distinguish between those with PD 

and controls, the pattern has also shown utility in the differential diagnosis of idiopathic 

Parkinson’s disease and atypical forms of parkinsonism (Antonini et al., 1998; Eckert et al., 

2005; Spetsieris et al., 2009).  In fact, distinctive spatial covariance patterns have been 

identified in multiple system atrophy and progressive supranuclear palsy (Eckert & Edwards, 

2007). 

7.1.2 Cognitive networks 

Similar network analysis methods have characterized an independent PD-related cognitive 

pattern characterized by what have been interpreted as metabolic/perfusion increases in the 

cerebellum and reductions in medial frontal and parietal regions (Huang et al., 2007a; Lozza 

et al., 2004; Mentis et al., 2002).  The expression of this PD-related cognitive network 

correlated with scores on tests of memory and executive functioning.  In addition, expression 

of the network was increased in those with mild cognitive impairment (Huang et al., 2008); 

those with dementia have not yet been assessed.  Huang et al. (2007a) have shown their 

cognitive pattern to be reproducible as well.  As with the motor pattern, cognitive-related 
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patterns calculated from metabolic and perfusion radiotracer methods were highly similar (Ma 

& Eidelberg, 2007). 

7.1.3 Network activity and disease progression 

Motor and cognitive patterns were calculated in a group of early stage PD patients scanned 

using FDG PET at baseline, two years, and four years (Huang et al., 2007b).  The authors 

found that the expression of the motor-related pattern increased linearly with disease 

progression (and more severe motor impairment) and was significantly elevated compared to 

controls at all time points.  Expression of the cognitive-related pattern also increased, but at a 

slower rate than the motor-related pattern, only becoming significantly abnormal compared to 

controls after four years.  This finding suggests that cognitive decline occurs at a slower rate 

than worsening motor symptoms, and additionally demonstrated that radiotracer-based 

network analysis can be used to track disease progression in Parkinson’s disease. 

7.1.4 Network activity and Parkinson’s disease treatments 

The change in network activity during treatment, quantified by the change in the expression 

of the network in an individual, may provide an objective measure of the brain’s reaction to 

such intervention (Asanuma et al., 2006; Trost et al., 2006).  Both Asanuma et al. (2006) and 

Feigin et al. (2001) reported a reduction in the expression of their PD-related motor networks 

during levodopa therapy, associated with clinical improvements.  A similar reduction in the 

expression of their motor-related network was achieved via subthalamic nucleus deep brain 

stimulation (Asanuma et al., 2006).  The expression of the cognitive-related pattern showed 

no significant response to either levodopa or deep brain stimulation treatments, emphasizing 

the need for effective therapies that halt or slow the progression of cognitive decline. 

7.1.5 Extending network analysis 

The application of network analysis to other conditions apart from parkinsonian disorders has 

produced distinct patterns associated with Alzheimer’s disease (Habeck et al., 2008), 

Huntington’s disease (Feigin et al., 2007), dystonia (Asanuma et al., 2005), as well as normal 

aging (Moeller et al., 1996).  The role of network analysis now extends beyond the realm of 

PET and SPECT.  A recent study employed arterial spin labelling perfusion MRI and network 

analysis in a small cohort of patients with Alzheimer’s disease, identifying an Alzheimer’s 

disease-related spatial covariance pattern (Asllani et al., 2007).  
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The studies and results reviewed above underscore the potential role of characteristic 

metabolic and perfusion patterns as network biomarkers of a wide range of disorders. 

7.1.6 Arterial spin labelling and network analysis in PD 

While radiotracer imaging has shown promise as an imaging biomarker of PD, arterial spin 

labelling provides an attractive alternative to such techniques.  ASL is a non-invasive MRI 

perfusion method that quantitatively measures cerebral blood flow per unit tissue mass (Detre 

et al., 1992; Williams et al., 1992).  ASL eliminates expensive, potentially harmful 

radioactive materials, long preparation times, and requires shorter scan times than radiotracer 

methods.  ASL is an easily repeatable addition to routine MRI scanning that produces 

absolute perfusion images and has been applied successfully in Alzheimer’s disease to 

identify areas of abnormal perfusion consistent with those identified by PET and SPECT 

(Alsop et al., 2000; Alsop et al., 2008; Asllani et al., 2007).  ASL-derived biomarkers could 

thus provide an effective and safe alternative to radionuclide-based imaging assessments of 

PD status and progress.   

Only one previous study has used arterial spin labelling to evaluate perfusion in PD, but that 

analysis included only nine PD patients and was restricted to a pre-existing motor-related 

network that had previously been derived from PET data (Ma et al., 2010).  There have been 

concerns raised regarding the interpretation of relative blood flow changes in PD described 

using radiotracer methods (Borghammer et al., 2008; Borghammer et al., 2009a; Borghammer 

et al., 2009b; Borghammer et al., 2009c; Borghammer et al., 2010a).  In PET and SPECT 

studies, a preprocessing step known as global mean normalization is used to circumvent 

technically difficult quantification and inter-individual variation.  This involves dividing each 

image by the global metabolic/blood flow mean prior to statistical analysis.  This approach 

requires that there be no between-group difference in the normalization region (i.e. global 

metabolic or blood flow value).  When a systematic between-group difference is present—

which is likely the case in PD (Borghammer et al., 2009c)—ratio normalization to the global 

mean may elevate relative measures of metabolism and blood flow in unchanged regions.  

This, in turn, can then lead to regions of no change being misinterpreted as regions of 

increased metabolism or perfusion.  The absolute, quantitative nature of ASL should enable 

these concerns to be addressed and clarified. 
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7.2 Methods 

7.2.1 Subjects 

Access to the ASL sequence was obtained after patient recruitment and scanning commenced.  

Therefore, sixty-eight participants meeting the UK Parkinson’s Disease Society’s criteria for 

idiopathic PD (Hughes et al., 1992) and thirty-one healthy controls received ASL scans.  Four 

PD subjects and one control were excluded due to motion-corrupted MR images.  A further 

four subjects (one control, three PD) were excluded due to unfavourable head position in the 

scanner, leading to signal loss in the occipital lobes of the perfusion images.  Subsequent 

analyses were conducted on the remaining 61 PD and 29 control subjects. 

7.2.2 Diagnostic criteria and assessment 

At the time of assessment, 26 PD subjects had not yet received anti-parkinsonian medication, 

i.e. were drug naïve.  The remaining 35 PD participants were assessed and imaged after they 

had taken their usual medications.  On the basis of the comprehensive neuropsychological 

testing, PD patients were classified as cognitively normal (PD-N; n = 34), with mild cognitive 

impairment (PD-MCI; n = 16), or with dementia (PD-D; n = 11), as described in section 5.1.1.  

Global cognitive status was measured with Mini Mental State Examination (MMSE; Molloy 

& Standish, 1997) and the Montreal Cognitive Assessment (MoCA; Nasreddine et al., 2005).  

Demographic details are presented in Table 7-1. 
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Table 7-1.  Demographics, mental status, and clinical assessments of participants with ASL scans 

  Controls PD-N PD-MCI PD-D 
n 29 34 16 11 
Female: male 9:20 12:22 5:11 2:9 
Age, years* 68.7 (9.4) 

[45-79] 
64.7 (8.6) 
[46-78] 

69.8 (9.1) 
[48-80] 

75.1 (6.7) 
[59-84] 

Education, years 13.5 (2.8) 
[10-18] 

14.2 (3.2) 
[10-19] 

12.6 (3.2) 
[8-19] 

13.5 (2.6) 
[10-17] 

MoCA** 27.1 (2.0) 
[23-30] 

26.4 (2.5) 
[21-30] 

22.4 (2.4) 
[18-26] 

16.1 (3.3) 
[11-20] 

MMSE** 29.1 (1.0) 
[27-30] 

28.8 (1.4) 
[25-30] 

27.6 (1.7) 
[24-30] 

23.9 (3.0) 
[18-27] 

Disease duration, 
years++ - 3.3 (2.8) 

[1-14] 
8.8 (7.5) 
[1-29] 

12.2 (8.9) 
[1-30] 

UPDRS-III++ - 23.7 (13.6) 
[3-62] 

38.6 (19.2) 
[13-74] 

50.2 (17.8) 
[18-81] 

Hoehn and Yahr - median 1.5 
[1-3] 

2.5 
[1.5-4] 

4 
[2-4] 

Values are mean (sd) and [range].  Significant ANOVA across all groups *p<0.01, **p<0.001; significant 
ANOVA across PD groups +p<0.01, ++p<0.001.   

7.2.3 Magnetic resonance imaging acquisition and preprocessing 

Details on ASL perfusion acquisition are provided in section 5.2.3.  Preprocessing is 

discussed in 5.3.2. 

Global grey matter perfusion was examined prior to network analysis using ANOVA. 

7.2.4 Principal component analysis 

I employed a voxel-based PCA to identify sources of grey matter perfusion variation in the 

sample, blinded to patient status.  PCA is a data-driven technique that enables the unbiased 

detection of spatial covariance patterns (Turk & Pentland, 1991) and has been used widely in 

imaging studies of neurological diseases (Asllani et al., 2007; Huang et al., 2007b; Ma et al., 

2007).  The in-house PCA was implemented following a method described by Spetsieris et al. 

(2009): 

(1) The study specific grey matter mask was applied to all perfusion images; voxels with 

less than 10% chance of being grey matter were excluded.  Image data were log-transformed, 

de-meaned twice (individual subject mean and group voxel-by-voxel mean were subtracted), 

and entered into a single PCA.  The log transform is typically used to stabilize the variance of 

a sample or to transform a data set to fit a desired distribution (Keene, 1995).  All previous 

work utilizing principal component analysis in PD has applied log-transformation to their 
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imaging data and in order be able to compare our ASL results to those radiotracer-derived 

findings, I also log-transformed image data before PCA. 

(2) The eigenvectors and eigenvalues of the input data covariance matrix were calculated 

via PCA.  Statistically uncorrelated, spatially static principal component (PC) images were 

calculated using scaled eigenvectors, where each eigenvector was divided by the square root 

of its associated eigenvalue, yielding components with unit variance.  The inverse scaled 

eigenvectors indicate the expression or score of each component in each individual.  The 

relative size of each eigenvalue quantifies the total variance captured by that component, with 

the first PC accounting for the most variance, and each subsequent component, progressively 

less.  A higher score on a particular PC indicates a greater expression of that spatially fixed 

component.  Voxel values comprising each PC are referred to as ‘loadings’ and can be either 

positive or negative.  

(3) The number of components selected for further analysis was based on the location of 

the first discontinuity in the scree plot of the eigenvalues (Alexander & Moeller, 1994). 

7.2.5 Characteristic PD-related perfusion network identification and validation 

I performed backward stepwise binomial logistic regression with group (PD/control) as the 

dependent variable and the expression of the retained components as independent variables.  

The model resulting in the smallest Akaike Information Criterion, which optimally 

distinguished the groups, was selected (Hastie et al., 2009).  Principal components remaining 

in the model were considered disease-related and used in linear combination (applying the 

coefficients from the logistic regression) to create a combined PD-related perfusion network, 

which was then z-scored.  The expression of the pattern in each individual (that person’s 

network score) was quantified by applying the same linear combination of model parameters 

to the disease-related PC scores.  This measure was standardized by subtracting the global 

mean and dividing by the standard deviation, and then subtracting the standardized control 

mean from all scores; this set the baseline expression (control mean) to zero (Spetsieris et al., 

2009).  Leave-one-out cross-validation was performed to assess the ability of the network 

score to discriminate PD subjects from controls (Hastie et al., 2009).  In the PD group, 

measures of disease severity (UPDRS-III), disease duration, age, sex, and global cognitive 

score (MoCA) were entered into multiple linear regression with the network score as the 

dependent variable.  Variables with p<0.05 were considered to be related to network score.   
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7.2.6 Network reliability 

A bootstrap estimation procedure (Efron & Tibshirani, 1993) was used to assess the reliability 

of the spatial extent of the characteristic PD-related network.  ASL images were randomly 

resampled with replacement to form a new ‘resampled’ population of 90 images.  PCA of 

each resampled dataset produced one bootstrapped PD-related network for each of the 500 

resamplings.  Voxel loadings of the 500 bootstrapped networks were used to approximate the 

standard deviation of the resampled population, 

! 

sboot.  A 

! 

z  score was calculated (Asllani et al., 

2007) for each voxel using  

! 

z =
v
sboot

,  Equation 7.1 

where 

! 

v  is the voxel value from the original PD perfusion network.  A threshold of 

! 

z >1.96 , 

corresponding to a two-tailed p<0.05, was used to identify voxels which significantly 

contributed to the PD-related network. 

7.2.7 Region of interest analysis 

Region of interest analysis was performed to describe the characteristic PD-related pattern in 

terms of absolute perfusion.  Non-smoothed, absolute perfusion values were extracted from 

regions comprising the network in which one region contained voxels with significant 

positive loadings (

! 

z "1.96) and a second contained significant negative loadings (

! 

z " #1.96 ).  

The absolute perfusion values of the remaining voxels (small loadings not meeting the 

statistical threshold used to create the network; 

! 

"1.96 < z <1.96) were also examined.  Mean 

absolute perfusion difference between PD and control groups in each of the three regions was 

assessed using 95% confidence intervals of the difference between means.  Absolute 

perfusion from each of the three regions was investigated using multiple linear regression 

with age, sex, disease duration, MoCA, and UPDRS-III. 

7.2.8 Classification 

Area under the curve from Receiver Operating Characteristic (ROC) analysis was used to 

assess how well the characteristic PD network, the individual principal components, and 

global grey matter perfusion distinguished between the different PD cognitive groups.  
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7.3 Results 

7.3.1 Global grey matter perfusion 

A two-way ANOVA (Group × Sex) revealed a significant difference in global grey matter 

perfusion between groups (F = 5.64, p = 0.02).  The PD group exhibited reduced perfusion 

with 39.2 (SD 7.46) compared to 43.3 (7.50) ml/100g/min in controls (effect size = 0.55; CI95 

of the difference: 4.09 [0.69, 7.50] ml/100g/min).  ROC analysis of PD versus controls 

revealed an area under the curve (AUC) of 0.66. There was no evidence of a main effect of 

sex (p = 0.21) or interaction between group and sex (p = 0.73).  Neither age (r = 0.084, 

p=0.43, CI95: [−0.11 0.24]) nor global cognitive status (MoCA, r = 0.19, p = 0.08, CI95 = 

[−0.04, 0.70]; MMSE, r = 0.11, p = 0.31, CI95: [−0.10, 0.31]) correlated with global grey 

matter perfusion.  Multiple linear regression including age, sex, disease duration, MoCA, and 

UPDRS-III showed no significant prediction of grey matter perfusion in PD (R2 = 0.04, p = 

0.8).  Cognition significantly correlated with motor impairment (MoCA vs. UPDRS-III: r = 

−0.46, p<0.001, CI95 = [0.9, 2.8]; MMSE vs. UPDRS-III: r = −0.50, p<0.001, CI95 = [0.28, 

0.66]). 

7.3.2 Principal components 

The first six principal components were selected for further investigation.  Principal 

components 1, 4, 5, and 6, explaining 21.0%, 4.4%, 4.0%, and 3.2% of the variance 

respectively, remained significant predictors of group (PD vs controls; Figure 7-1A-D).   

Components 2 and 3, explaining 11.4% and 5.8%, were not related to group status.  Separate 

multiple linear regressions using age, sex, disease duration, MoCA, and UPDRS-III revealed 

the following significant predictors (p<0.05) for each of the individual disease-related 

components in PD: principal component 1 (PC1), MoCA and age (adjusted R2 = 0.22, βMoCA= 

0.29, βage= −0.29); PC4, no significant predictors; PC5, UPDRS-III (adj R2 = 0.13, βUPDRS= 

0.38); and PC6, UPDRS-III, MoCA, and age (adj R2 = 0.21, βUPDRS= −0.40, βMoCA= 0.27, 

βage= 0.22).  Continuous variables failed to predict PC4, but it did capture disease-related 

information in that it significantly contributed to the discrimination of PD and controls via 

logistic regression.  The first component (Figure 7-1A) was characterized by decreased 

perfusion (blue) in PD relative to controls in posterior parieto-occipital regions, middle and 

superior frontal gyri (Brodmann areas 6 and 8), dorsolateral prefrontal cortex, and pre and 

post central gyri, and preserved perfusion in anterior cingulate (red).  PC4 (Figure 7-1B) 

exhibited decreased perfusion in the lingual gyrus, caudate, thalamus, and anterior septal 
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region, with preserved perfusion in anterior cingulate, and pre and postcentral gyri.  PC5 

(Figure 7-1C) showed decreased perfusion in left precuneus, cuneus, middle and inferior 

frontal gyri, and supramarginal gyri, with associated preservation in right postcentral gyrus, 

and subcortically including brainstem, caudate, and putamen.  PC6 (Figure 7-1D) revealed 

decreased perfusion in right posterior parietal regions with preserved perfusion in left pre and 

postcentral gyri. 
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Figure 7-1.  Parkinson’s disease-related principal components, displayed on the study-specific average 
grey matter image.  Black regions represent masked white matter and CSF.  A) Principal component 1 
showed decreased perfusion (blue) in PD relative to controls in posterior parieto-occipital regions, middle 
and superior frontal gyri (Brodmann areas 6 and 8), and postcentral gyri, and preserved perfusion in 
anterior cingulate.  Component 1 was also significantly related to cognition (MoCA) and age.  B) Principal 
component 4 exhibited decreased perfusion (blue) primarily in the caudate and thalamus, with 
preferentially preserved perfusion (red) in anterior cingulate, pre and postcentral gyri, lateral temporal 
and inferior occipital regions. C)  Principal component 5 showed decreased perfusion (blue) in left 
precuneus, cuneus, middle and inferior frontal gyri, frontal pole and operculum, and supramarginal gyri, 
with associated preservation (red) in right postcentral gyrus, and subcortically including brainstem, 
caudate, and putamen.  Component 5 was significantly related to motor impairment (UPDRS-III).  D) 
Principal component 6 revealed large decreases (blue) in posterior parietal regions, precuneus, lateral 
occipital regions, and middle frontal gyrus, with preserved perfusion (red) in pre and postcentral gyri.  
Component 6 was also significantly related to both motor and cognitive status.  Components 2 and 3 were 
not related to Parkinson’s disease. 

7.3.3 Characteristic PD-related network 

A linear combination of disease-related components (1, 4, 5, and 6; β = −2.67, 1.38, 1.80, 

−2.35), was used to form the characteristic PD-related perfusion network.  The sign of the 

characteristic PD-related perfusion network was defined such that PD subjects showed 

increased mean expression compared to controls.  This network (Figure 7-2A) was 

characterized by positive loadings in PD in comparison to controls in bilateral globus pallidus 

and putamen, anterior cingulate, and pre and postcentral gyri (extending from primary 

somatosensory cortex to primary and supplementary motor cortices).  Significant negative 
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loadings occurred in posterior parieto-occipital cortex, posterior medial cortex (precuneus and 

cuneus), and middle frontal gyri (dorsolateral prefrontal cortex, Brodmann areas 8 and 9).   

 

Figure 7-2.  PD-related perfusion network and associated absolute values. A) PD-related perfusion 
network as identified by principal component analysis of ASL MRI.  The spatial covariance network was 
identified from 61 PD subjects and 29 controls and represents regions shown to be robust through 
bootstrap resampling (|z|>1.96, p<0.05).  Decreased perfusion (blue, significant negative loadings) was 
most prominent in parieto-occipital cortex, cuneus, precuneus, and middle frontal gyri (BA8 and 9).  
Unchanged perfusion (red, significant positive loadings) was present in bilateral globus pallidus, putamen, 
anterior cingulate, primary sensorimotor, and supplementary motor areas.  The remaining regions (grey) 
showed widespread, slight perfusion deficits.  B) The difference in mean absolute perfusion between PD 
and control groups in the three coloured regions of Figure 1A (with 95% CI). Red corresponds to regions 
of positive loadings in the PD-related perfusion network, showing no absolute difference between groups 
(i.e. the CI includes zero).  Grey regions of the pattern with small loadings revealed significant absolute 
decreases in the PD group.  Blue represents voxels with significant negative loadings, associated with the 
strongest levels of decreased perfusion.  No difference indicates that PD and control subjects exhibit 
similar mean perfusion.  A negative value indicates that the PD group shows reduced perfusion compared 
to the controls.   

ROC analysis of the raw network score produced an area under the curve of 0.82.  Leave-one-

out cross validation showed a PD vs control classification accuracy of 66.7% (cross-validated 

AUC = 0.72; PD prediction: 40/61, control prediction: 20/29).  Multiple linear regression with 

age, sex, disease duration, MoCA, and UPDRS-III (adjusted R2 = 0.41, F5,55 = 9.31, p<0.001) 

identified MoCA (p = 0.001, β = −0.47) and UPDRS-III (p<0.05, β = 0.26) as significant 

factors related to network score (Figure 7-3A-C). 
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Figure 7-3.  A) Network score by cognitive group, with 95% confidence interval of the mean.  Filled circles 
represent PD-D (PD dementia); grey triangles, PD-MCI (PD with mild cognitive impairment); open 
squares, PD-N (PD with normal cognition); and crosses, controls.  Score increased monotonically from 
controls through PD-N and PD-MCI, with PD-D exhibiting the highest value. Mean of the controls was set 
to zero.  B) Network score versus MoCA in PD (r = −0.61, p < 0.001, slope = -0.135 network score/MoCA 
point) showing increased network score with decreasing global cognitive status.  C) Network score versus 
UPDRS-III (motor score) in PD (r = 0.49, p<0.001, slope = 0.027 network score/UPDRS-III point) 
depicting increased network score with more severe motor impairment. 
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7.3.4 Classification  

Table 7-2 presents the area under the curve from ROC analysis of the characteristic PD-

related pattern scores, the individual principal component scores, and global grey matter 

perfusion.  The characteristic PD network produced the largest (or equal) area under the curve 

compared to all individual components and global perfusion, therefore exhibiting superior 

discrimination between the various groups.  AUC values from the characteristic network were 

as follows:  Control:PD-N (0.71), Control:PD-MCI (0.94), Control:PD-D (0.99), PD-N:PD-

MCI (0.82), PD-N:PD-D (0.96), PD-MCI:PD-D (0.86). 

Table 7-2.  Area under the curve for the different group classifications 

Pattern Control –
PD-N 

Control – 
PD-MCI 

Control – 
PD-D 

PD-N – 
PD-MCI 

PD-N – 
PD-D 

PD-MCI – 
PD-D 

Characteristic 
PD 0.71* 0.94* 0.99* 0.82* 0.96* 0.86* 

PC1 0.60 0.77* 0.90* 0.70* 0.89* 0.72* 
PC2 0.60 0.54 0.53 0.57 0.59 0.50 
PC3 0.60 0.56 0.50 0.46 0.56 0.54 
PC4 0.59 0.74* 0.70* 0.73* 0.60 0.58 
PC5 0.56 0.59 0.82* 0.48 0.78* 0.77* 
PC6 0.59 0.69* 0.81* 0.61 0.75* 0.65 
GM mean 0.60 0.72* 0.78* 0.67* 0.74* 0.51 

* indicates statistically greater than chance (AUC = 0.50). 

7.3.5 ROI analysis 

Figure 7-2B shows the difference in mean absolute perfusion between the PD and control 

groups in the three investigated regions (Figure 7-2A; red—regions of significant positive 

network loadings; blue—significant negative loadings; and grey—the region encompassing 

voxels with small loadings not meeting the network statistical threshold).  PD subjects 

showed no evidence of altered absolute perfusion compared to controls in regions of positive 

loadings, i.e. perfusion was unchanged/preserved (effect size d = 0.15, CI95 of the difference 

between means: 1.1 [−2.0, 4.2] ml/100g/min).  Perfusion values from the region of small 

loadings not meeting the statistical threshold for network inclusion indicated significantly 

decreased absolute perfusion in the PD group (d = 0.55, CI95: −4.1 [−7.5 −0.7] ml/100g/min), 

while in regions of significant negative loadings there was an even greater decrease (d = 0.89, 

CI95: −8.7 [−13.1, −4.4] ml/100g/min).  Multiple linear regression with age, sex, disease 
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duration, MoCA, and UPDRS-III revealed no significant relation to absolute perfusion in 

areas of positive network loadings (red) or small loadings not meeting the statistical threshold 

(grey).  Absolute perfusion in regions of negative network loadings was related to MoCA (adj 

R2 = 0.16, p = 0.001, β = 0.41), but no other variables. 

7.4 Discussion 

The work in this chapter has established a characteristic PD-related perfusion network derived 

via arterial spin labelling MRI and principal component analysis.  This characteristic pattern 

optimally described the heterogeneous Parkinson’s population comprising the study group.  

Region of interest analysis of absolute perfusion revealed large decreases in parieto-occipital 

cortex, cuneus, precuneus, and middle frontal gyri (dorsolateral prefrontal cortex, Brodmann 

areas 8 and 9), with smaller decreases in further cortical regions (parieto-occipital, frontal, 

temporal) and subcortically (thalamus, caudate).  Preserved perfusion was found in bilateral 

globus pallidus, putamen, anterior cingulate, and pre and postcentral gyri (primary 

sensorimotor and supplementary motor cortices).  No areas of increased perfusion were 

found. 

Global grey matter perfusion was significantly reduced in the PD group, but performed less 

well as a classifier (smaller area under the curve) than the cross-validated PD network, and 

showed no significant relationship to cognitive or motor status in PD.  Multiple linear 

regression identified only cognition as a significant predictor of absolute perfusion in regions 

of significant negative loadings; clinical and demographic variables did not predict absolute 

perfusion in any other region.  Conversely, cognitively impaired patients (especially) and 

those with greater motor disability had increased network scores (i.e. they expressed the 

characteristic PD network more strongly), highlighting its potential use as a global marker of 

overall impairment and the advantage of a network approach in PD. 

7.4.1 Network interpretation 

Detection of networks using principal component analysis (Eidelberg, 2009) involves 

subtracting each subject’s global mean perfusion value and the overall group mean (voxel by 

voxel) from the original images to produce data centred on a mean of zero.  If the global 

perfusion mean is systematically reduced in a particular group, the subtraction can lead to 

areas of unchanged perfusion being represented by positive loadings, which may then be 

interpreted incorrectly as regions of increased perfusion relative to another group 

(Borghammer et al., 2008; Borghammer et al., 2009b; Borghammer et al., 2009c).  This 
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phenomenon was present in our sample, in which there was reduced absolute grey matter 

perfusion in the PD group.  Borghammer et al. (2009c) have described how so-called 

increases can arise from a shift of baseline, in which regions with preserved perfusion are 

interpreted as increased perfusion, regions with slightly reduced perfusion are interpreted as 

unchanged, and strongly decreased perfusion is interpreted as only slightly reduced.   

Using ASL-derived absolute perfusion values, I could circumvent this interpretation problem 

by directly investigating the physiological meaning of the identified network.  Areas of 

significant positive network loadings (red regions in Figure 7-2A) showed no evidence of 

absolute perfusion difference (Figure 7-2B), while regions of significant negative network 

loadings (blue) exhibited large perfusion deficits.  Voxels with small loadings, not meeting 

the statistical threshold for network inclusion (grey areas) also exhibited significantly reduced 

perfusion in PD.  To date, studies employing network analysis and PET or SPECT (Eckert et 

al., 2007; Huang et al., 2007a; Ma et al., 2007; Poston & Eidelberg, 2009; Spetsieris et al., 

2009) have not investigated the resultant patterns with absolute, quantitative values.  In my 

study, areas of significant positive network loadings (which would previously have been 

interpreted by others as increases) actually indicated unchanged perfusion.  Hence cerebral 

perfusion changes in PD are most aptly interpreted as an overall decrease in grey matter 

perfusion, with regions of particularly intense hypoperfusion (blue areas in Figure 7-2A) and 

regions of spared/preserved perfusion in the lentiform nucleus, anterior cingulate, primary 

sensorimotor, and supplementary motor areas (red regions).  This is displayed in Table 7-3.  

My findings of widespread cortical hypoperfusion but no areas of increase, are based on 

absolute perfusion and are consistent with metabolic/perfusion studies employing quantitative 

radiotracer imaging modalities (Berding et al., 2001; Hu et al., 2000; Mito et al., 2005), as 

well as those employing relative PET and SPECT normalized to the cerebellum or pons, 

rather than the global mean (Firbank et al., 2003; Hosokai et al., 2009; Liepelt et al., 2009; 

Vander Borght et al., 1997).  Although systematic group differences can introduce bias 

(Borghammer et al., 2009b; Scarmeas et al., 2004), network analysis remains a powerful tool 

for the investigation of neurodegenerative diseases like PD (Alexander & Moeller, 1994; 

Moeller & Habeck, 2006) if absolute perfusion is assessed.   
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Table 7-3.  Interpretation of the characteristic PD-related perfusion network.  The table presents the 
interpretation of blood flow in Parkinson’s disease based on absolute, ASL-derived perfusion and network 
analysis.  The first column describes blood flow status in Parkinson’s disease in the red, grey, and blue 
regions of Figure 7-2A.  The absolute ROI analysis column describes the state of perfusion when tested 
using absolute ASL-derived perfusion, while the third column describes these three regions relatively, in 
terms of loadings derived from network analysis. 

Blood Flow Absolute ROI analysis Network Analysis 

Preserved 
perfusion No significant change Significant positive loadings 

Slight 
reduction 

Significant decrease 
(medium effect size) 

Small loadings, not reaching statistical 
threshold 

Large 
reduction 

Significant decrease 
(large effect size) Significant negative loadings 

 

7.4.2 Single versus multiple patterns 

Prior to this study, PD network investigations have utilized PET and SPECT radiotracer 

methods to identify separate motor and cognitive patterns (Eckert et al., 2007; Eidelberg, 

2009; Poston & Eidelberg, 2009).  It might be expected then that MRI perfusion imaging, as 

employed in the present study, should reveal similar patterns.  I did not identify one 

component relating only to motor impairment and another component relating exclusively to 

cognition.  Rather, I identified one ‘motor’ component, one ‘cognitive and age’ component, 

and a third ‘motor and cognitive’ component.  Consequently I did not endeavour to identify 

independent and distinct motor and cognitive patterns.  Instead, all disease-related 

components were used to create a single characteristic PD-related network to describe overall 

grey matter perfusion in PD.  Participants across the full range of cognitive impairments 

associated with PD (including those with dementia) were specifically included in order to 

accurately portray the full spectrum of impairment.  Those with greater motor disability 

tended to experience greater cognitive impairment, as might be expected (Aarsland et al., 

2010; Verbaan et al., 2007).  This may explain why independent motor and cognitive patterns 

could not be identified, but when the PD-D group was excluded and I reran the principal 

component analysis in an attempt to identify separate patterns, one component related to both 

motor and sex was identified.  In this post hoc analysis, I failed to identify a component in 

which cognition was a significant predictor despite the presence of individuals with mild 

cognitive impairment.  Therefore the inclusion of those with dementia had a potentially large 

influence on the results.  The present findings are at odds with network analysis literature 

employing radiotracer methods (Eidelberg, 2009).  The characteristic network, derived from 
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combining multiple principal components, explained more disease-related variance than a 

single component.  Although not reflecting motor and cognitive deterioration independently, 

the characteristic network correlated with both motor and cognitive status and provided 

superior group classification compared to the individual components of which it was 

comprised.  

The first component in principal component analysis captures the most variance within the 

data set, and each subsequent component, progressively less.  A linear combination of 

components 1, 4, 5, and 6 predicted disease status and collectively explained 32.6% of the 

variance in the data.  Ma et al. (2007) employed network analysis of radiotracer data to 

identify a PD-related motor pattern.  The first component (capturing 21% of subject × voxel 

variance) correlated with motor impairment and was therefore called the motor-related 

pattern.  In my study, individual components did not independently correlate with measures of 

motor impairment or cognitive status.  In contrast, the characteristic PD-related pattern in my 

study was formed as a linear combination of four components and although components 4, 5, 

and 6 explained less variance than component 1, they still contributed important disease-

related information.  The first component in my study (which also explained 21% of the 

variance) was related to both cognition and age in both PD and the entire sample, but not to 

motor disability in the PD group.  Association between the first component and cognition and 

age was not significant in the control group, indicating that the PD group may be driving this 

association or may reflect the restricted range of control participant cognitive scores.  

Cerebral blood flow decreases with age (Buijs et al., 1998), so it is unsurprising that this first 

component also correlated with age.  Perfusion reductions in posterior parietal and frontal 

regions (Firbank et al., 2003; Kasama et al., 2005) have been associated with cognitive 

decline in PD, and are also evident in the first component (Figure 7-1A).  In this PD sample, a 

larger portion of the variation was related to cognition and age than motor impairment, 

emphasizing the relationship between blood flow and cognitive decline in PD. 

Component 4, with decreased flow in caudate and thalamus, showed no relation to the clinical 

or neuropsychological measures tested in the PD group or the entire sample, but did 

contribute to the group discrimination.  Motor disability (UPDRS-III) was the only significant 

predictor of PC5, and it could therefore be considered in itself a motor-related pattern.  This 

single component was not, however, the only one related to motor disability, as PC6 was also 

related.  The asymmetries present in PC5 (mildly decreased on left, preserved on right) did 

not correspond to side most affected by PD symptoms.  Precuneus hypoperfusion and positive 
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loadings in the globus pallidus and putamen observed in the motor-related PC5 of my study 

have been identified in previous radiotracer motor patterns, but my PC5 lacked the typical 

motor cortex involvement identified by Ma et al. (2007).  PC6 showed evidence of abnormal 

perfusion in areas associated with both cognitive and motor impairment.  The decreased 

perfusion in posterior parietal and occipital regions in PC6 is consistent with regions 

previously related to cognition, but this component lacked medial frontal decreases previously 

shown to be involved in cognition (Firbank et al., 2003; Nobili et al., 2009; Osaki et al., 2005) 

and dentate increases reported in previously defined cognitive patterns (Huang et al., 2007a).  

Unchanged perfusion in primary and supplementary motor areas (which would previously 

have been interpreted by others as increased) in the present study is also consistent with areas 

comprising a previously identified motor pattern (Eckert et al., 2007). 

7.4.3 The characteristic PD-related network score as a putative biomarker 

Multiple regression confirmed MoCA and UPDRS-III to be significant predictors of network 

score.  This is not unexpected since both correlate with each other during PD progression 

(Aarsland et al., 2010; Locascio et al., 2003; Verbaan et al., 2007) and disease-related 

components sensitive to both measures were used to create the network.  Posterior cortical 

dysfunction has been cited as the most prominent metabolic imaging abnormality associated 

with cognitive deterioration in PD (Firbank et al., 2003; Mentis et al., 2002; Nobili et al., 

2009).  The association between cognitive status and decreased perfusion in posterior cortical 

areas of the network is consistent with the observations of hypoperfusion in these regions by 

others (Firbank et al., 2003; Liepelt et al., 2009).  Motor disability in the present study was 

also associated with the PD network, albeit to a lesser extent than cognitive impairment.  Both 

frontal and posterior deficits contributing to the network have previously been identified in 

motor-related radiotracer patterns (Eidelberg, 2009). 

The characteristic PD network provided superior discrimination between the cognitive 

groups, as measured by area under the curve, than individual disease-related components and 

global grey matter perfusion (Table 7-2).  This network exhibited robust sensitivity in 

distinguishing even those with the mildest symptoms (PD-N) from healthy individuals (AUC 

= 0.72).  Network score was also better at differentiating between those with normal cognition 

(PD-N) and those with mild cognitive impairment (PD-MCI, AUC = 0.81).  This is 

potentially a very pertinent comparison, as the PD-MCI group represents those at risk for 

dementia and those likely to benefit most from any emergent disease-modifying therapies 

(Caviness et al., 2007; Dubois, 2007).   
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The direct effect of anti-parkinsonian medication on cerebral perfusion and the characteristic 

pattern in this study is unknown because all medicated patients were assessed and imaged 

with no disruption to their normal drug regimen and the 26 drug naïve subjects were assessed 

and imaged before commencing anti-parkinsonian drug therapy (and not repeated after being 

established on medication).  Although global cerebral blood flow does not change as a result 

of anti-parkinsonian medication (Hershey et al., 2003; Hirano et al., 2008; Jenkins et al., 

1992; Melamed et al., 1986), focal blood flow increases have been identified in putamen, 

globus pallidus, thalamus, pons, midbrain, sub-thalamic nucleus, and anterior cingulate 

(Hershey et al., 2003; Hirano et al., 2008; Kobari et al., 1995). In the context of PET-derived 

network analysis, Hirano et al. (2008) identified an increase in the expression of a perfusion 

PD-related motor pattern after intravenous levodopa administration. Conversely, Hershey et 

al. (2003) described a different reaction between levodopa-naïve PD and those with chronic 

levodopa use. Those naïve to levodopa exhibited no change in cerebral blood flow post 

administration, while those with a history of levodopa exposure showed decreased blood flow 

in sensorimotor and ventrolateral prefrontal cortices. These reported levodopa-induced 

changes in cerebral blood flow may have had an influence on the network identified in my 

study, but in those areas previously reported to exhibit drug-related increases I found 

unchanged rather than increased perfusion in PD.  Furthermore, in a post-hoc comparison 

between drug naïve PD-N (n = 23) and PD-N on medication (n = 11) from areas with positive 

loadings (i.e. preserved perfusion, red region in Figure 7-2A; including putamen and globus 

pallidus), no significant difference between the two groups was identified (t = 1.0, p = 0.3; d = 

0.35, CI95: 2.54 [−8.2, 3.1] ml/100g/min).  Similarly, there was no significant difference 

between drug naïve and medicated PD-N in terms of network score (t = 1.15, p = 0.26; d = 

0.40; CI95: 0.2 [−0.26, 0.8]).  Hershey et al. (2003) reported a 3% and 1.8% blood flow 

reduction due to levodopa in sensorimotor and ventrolateral prefrontal cortex, respectively, 

whereas in the present study PD subjects exhibited a much greater 19% average reduction in 

cerebral perfusion in the blue pattern region compared to controls.  Thus, it seems unlikely 

that the maintenance of anti-parkinsonian therapy on the day of imaging in the patients had a 

significant influence on the PD perfusion network. 

7.4.4 Arterial spin labelling networks 

This is the first sizeable study to derive a PD-related pattern using arterial spin labelling MRI.  

Ma et al. (2010) collected ASL perfusion in nine PD subjects, but only utilized a pattern 

previously derived from PET data.  Validation of the single characteristic PD perfusion 
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network identified in this study, in other cohorts collected independently with arterial spin 

labelling perfusion MRI, would be beneficial.  This would help to clarify whether a single, 

inclusive pattern provides the best biomarker across the full spectrum of Parkinson’s disease 

or whether truly independent motor and cognitive patterns arise from ASL-acquired perfusion 

images.  The present investigation was cross-sectional and a longitudinal study is now needed 

to validate the characteristic PD perfusion network as a suitable marker of disease 

progression. 

In summary, I established a characteristic PD-related perfusion network via arterial spin 

labelling.  This network was characterized by decreased cortical and preserved subcortical 

and sensorimotor cortical perfusion.  This non-invasive, ASL-derived network may provide 

clinicians and researchers with an attractive alternative to radiotracer methods in terms of 

safety, availability, repeatability, cost, and effectiveness without sacrificing quality of results, 

while also providing absolute perfusion values.  Arterial spin labelling acquisition is 

preferable on a 3 tesla MRI scanner because of higher signal to noise, but implementation on 

1.5 tesla machines is certainly feasible (Alsop et al., 2000).  Though the deployment of 3 tesla 

MRI scanners is becoming commonplace worldwide, the implementation of ASL on 1.5 tesla 

machines would permit more widespread application of this useful technique and utilization 

of PD perfusion networks if the present findings can be replicated.  This characteristic 

network offers an easily applicable biomarker that may prove useful for future longitudinal 

investigations and assessment of Parkinson’s disease progression but, as I have argued, 

physiological understanding requires careful interpretation informed by absolute perfusion 

data.   
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8 Perfusion MRI analysis: Cerebral hypoperfusion, 

atrophy and cognition in Parkinson’s disease—a 

general linear model approach  

Chapter 7 comprised a data-driven, principal component analysis of ASL perfusion in PD.  In 

this chapter, a more traditional GLM, voxel-based approach is used.  In Chapter 6, I identified 

atrophy in PD-related cognitive decline and dementia.  The relationship between atrophy and 

hypoperfusion is complicated (Alsop et al., 2008).  To better understand the relationship 

between the two, I performed voxel-based GLM analysis of subjects using both perfusion and 

structural images.  The aim was to characterize different stages of PD-related cognitive 

decline in terms of regional changes associated with ASL perfusion MRI and structural MRI 

by specifically investigating the different PD cognitive groups. 

8.1 Introduction 

Grey matter atrophy is associated with dementia in PD (Beyer et al., 2007; Nagano-Saito et 

al., 2005), but less evident in PD-MCI patients (Beyer et al., 2007; Nishio et al., 2010).  For a 

more thorough discussion of atrophy in PD-related cognitive decline and dementia, see 

section 6.1.  In addition to previous radiotracer-derived network analyses reviewed in the 

previous chapter, a large body of metabolic and perfusion radiotracer work (both PET and 

SPECT) highlights functional impairments associated with cognitive impairment in 

Parkinson’s disease.  While glucose metabolism and perfusion are distinct processes, the two 

are tightly coupled in the absence of medication and can provide a measure of functional 

brain activity (Hirano et al., 2008; Ma et al., 2007; Raichle, 1998).   

8.1.1 Metabolic PET studies 

Using FDG PET to measure cerebral glucose metabolism, Yong et al. (2007) identified 

reduced metabolic rate in PD-D relative to controls (in parietal, occipital, frontal and temporal 

lobes, and anterior cingulate).  Kuhl et al. (1984) also used FDG PET to describe reduced 

cortical metabolism with increasing dementia severity, while others have also reported 

reduced metabolism with cognitive impairment in parietal, temporal, occipital, and frontal 

regions (Liepelt et al., 2009; Peppard et al., 1992).   
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Mild cognitive impairment in PD is also associated with reduced glucose metabolism, with 

predominant reductions in bilateral medial and lateral frontal cortices, temporo-parietal-

occipital junction, parietal, inferior temporal, and occipital cortices relative to controls 

(Hosokai et al., 2009; Liepelt et al., 2009).  Additional hypometabolism has been identified in 

relation to those with normal cognition in parietal, temporal, and premotor cortices (Hosokai 

et al., 2009).  Two recent publications specifically investigated sub-types of MCI, i.e. single 

domain amnesic MCI, single domain non-amnesic MCI, and multidomain MCI (Huang et al., 

2008; Lyoo et al., 2010).  The multidomain MCI group showed widespread hypometabolism 

in parieto-temporo-occipital cortices in relation to controls and PD with normal cognition, 

similar to that seen in dementia.  The single domain non-amnesic MCI group also showed 

reduced metabolism compared to controls in parieto-temporo-occipital regions.  While PD 

patients with normal cognition do exhibit reduced metabolism relative to controls, it is 

generally less pronounced than in patients with cognitive impairment (Hosokai et al., 2009; 

Hu et al., 2000; Liepelt et al., 2009).  In fact, Nagano-Saito et al. (2004) did not identify a 

correlation between glucose metabolism and neuropsychological score in any brain region in 

the early stages of the disease. 

8.1.2 Perfusion SPECT studies 

Investigations employing single photon emission computed tomography (SPECT) have 

reported extensive blood flow reductions in Parkinson’s disease with dementia (PD-D) 

relative to controls and PD patients without dementia in parietal (precuneus and posterior 

cingulate), occipital (visual cortex), temporal, frontal, and limbic regions (Antonini et al., 

2001; Derejko et al., 2006; Firbank et al., 2003; Kasama et al., 2005; Matsui et al., 2005; 

Matsui et al., 2007; Mito et al., 2005; Osaki et al., 2005; Sawada et al., 1992; Vander Borght 

et al., 1997; Wallin et al., 2007).  While metabolic studies of mild cognitive impairment in PD 

tend to coincide in their findings of cortical hypometabolism, perfusion studies are more 

variable.  Wallin et al. (2007) identified significant perfusion reduction in the right frontal 

lobe, middle temporal lobe, and left lower parietal lobe compared to PD patients with normal 

cognition.  Nobili et al. (2009) found blood flow reductions in PD-MCI in posterior parietal 

and occipital lobes relative to controls.  When the PD-MCI group was compared to PD 

patients with normal cognition, hypoperfusion was identified once again in posterior parietal 

and occipital regions, but only at a relaxed, uncorrected statistical threshold of p<0.01.  In 

contrast, others have identified no significant hypoperfusion in PD-MCI (Derejko et al., 

2006).   
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Those specifically identifying a PD group with normal cognition have found no significant 

hypoperfusion in relation to controls (Derejko et al., 2006; Wallin et al., 2007).  In 

longitudinal studies investigating the change in cerebral perfusion over one year, Firbank et 

al. (2005a; 2005b) found that non-demented PD patients exhibited significantly decreased 

perfusion in frontal areas (that did not correlate with cognitive scores) while PD-D and 

control subjects remained constant.  While there was only a slight decrease in cognitive score 

over the year in their population of PD-D, the absence of perfusion reduction is interesting.  

The authors provide the possible explanation that the absence of declining perfusion may be 

because nearly all subjects were taking cholinesterase inhibitors, which have been shown to 

increase (Lojkowska et al., 2003) or result in an absence of decreased blood flow (Rodriguez 

et al., 2004).  A similar longitudinal study identified a reduction in parietal perfusion over one 

year; this change was associated with cognitive decline, suggesting the involvement of 

parietal regions in PD-related cognitive decline (Tachibana et al., 1995). 

8.1.3 Structural and perfusion MRI  

With the encouraging results from structural MRI and radiotracer investigations of 

metabolism and perfusion, an amalgamation of both structural and functional imaging 

measures within the same individuals may better clarify the anatomical and functional 

correlates of cognitive impairment in PD.  This may be especially informative when the PD 

patients represent the full spectrum of cognitive impairments in this disorder.  Therefore, I 

used structural MRI and perfusion measures derived from non-invasive arterial spin labelling 

(ASL) MRI to characterize regional brain changes associated with the different stages of 

cognitive decline in PD.  Employing two MRI modalities allowed direct assessment of the 

unique structural and functional perfusion imaging correlates of PD-related cognitive decline.   

8.2 Methods 

8.2.1 Subjects 

The subjects investigated in this chapter are the same as those in Chapter 7, with the 

exception of one PD-N subject.  This subject was included in Chapter 7 but excluded here due 

to unfavourable head position in the scanner that led to slight signal loss in the occipital lobes 

of the perfusion image.   
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8.2.2 Diagnostic criteria and assessment 

Comprehensive neuropsychological testing was used to classify PD patients as cognitively 

normal (PD-N; n = 33), with mild cognitive impairment (PD-MCI; n = 16), or with dementia 

(PD-D; n = 11), as detailed earlier in section 5.1.1.  At the time of assessment, 26 PD subjects 

had never received anti-parkinsonian medication, i.e. were drug naïve.  The remaining 34 PD 

participants were assessed and imaged on medication, with no disruption to their usual drug 

regimen. 

8.2.3 Magnetic resonance imaging acquisition and preprocessing 

Details on the structural and perfusion acquisitions are provided in section 5.2.3.  Perfusion 

preprocessing was carried out as in section 5.3.2.  Structural preprocessing deviated slightly 

from the pipeline detailed in sections 5.3.1 and 5.3.2.  Normalized grey matter segments 

(previously at 1 mm3 isotropic resolution) were resliced to 2 mm3 isotropic to match the 

resolution of the normalized perfusion images.  Aligning both structural and perfusion images 

in the same space at the same resolution allowed the inclusion of grey matter concentration as 

a voxel-wise covariate.  As before, normalized images were smoothed with a 10 mm isotropic 

Gaussian kernel.  

8.2.4 Statistical analyses 

Clinical and cognitive measures, total grey matter volume divided by ICV, and global grey 

matter perfusion were compared across all groups using one-way ANOVAs in Matlab (7.6.0, 

R2008a, Mathworks, MA, USA). 

I employed voxel-based morphometry to evaluate group differences in grey matter 

concentration.  Smoothed, modulated, normalized grey matter segments were entered into an 

ANCOVA in SPM5, to assess group differences (Control/PD-N/PD-MCI/PD-D) with age, 

sex, years of education, and ICV as covariates.  To account for the effect of grey matter 

atrophy on the observed perfusion signal, I used the biological parametric mapping toolbox 

(BPM; Casanova et al., 2007) to include grey matter concentration as a voxel-wise covariate.  

Group differences were assessed using the smoothed, normalized perfusion images in an 

ANCOVA model for group, with grey matter concentration (smoothed, modulated, 

normalized segments), age, sex, years of education, and ICV as covariates.  The study-

specific grey matter mask was used to restrict analysis to areas of grey matter.  Pair wise 

comparisons (one-tailed t-tests) were used to evaluate both grey matter and perfusion 
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differences between controls and individual PD cognitive groups (Controls>PD-N, PD-MCI, 

PD-D respectively).  An additional ANCOVA restricted to only PD cognitive groups allowed 

the inclusion of motor impairment (UPDRS-III) as a covariate in perfusion comparisons.  The 

comparisons were: PD-N>PD-MCI, PD-N>PD-D, and PD-MCI>PD-D.   

Multiple regression assessed the relationship between perfusion in PD and global cognitive 

status (aggregate Z-score), with UPDRS-III, grey matter concentration, age, sex, years of 

education, and ICV as covariates.  I tested for a positive correlation between perfusion and 

cognitive score and a negative correlation with motor impairment (UPDRS-III).  Perfusion 

differences between drug naïve PD-N (n = 23) and PD-N receiving anti-parkinsonian 

medication (n = 10) were also investigated, in order to address the possibility of a drug-

mediated effect.  All results were again corrected for multiple comparisons using false 

discovery rate (FDR) at p<0.05 (Genovese et al., 2002). 

8.3 Results 

Demographic, clinical, and global imaging details are presented in Table 8-1.  Receiver 

operating characteristic analysis of cognitive Z-score between the PD-N and PD-MCI groups 

produced an area under the curve of 0.98; for PD-MCI vs. PD-D, 0.95; and PD-N vs. PD-D, 

1.0.  Related work at the Van der Veer Institute for Parkinson’s and Brain Research has 

demonstrated similarly robust separation of cognitive groups in a larger sample of PD 

patients, with attention and memory significant predictors of MCI status rather than executive 

function or visuoperception (Dalrymple-Alford et al., In press).  The patients in the present 

study comprise the subset of that larger sample that underwent ASL and structural MRI 

scanning.  Grey matter volumes (corrected for ICV; F3,85 = 7.3, p<0.001) and global grey 

matter perfusion (F3,85 = 4.2, p<0.01) showed a significant group effect, in which both grey 

matter volume and mean perfusion decreased with degree of cognitive impairment. 
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Table 8-1.  Demographic, clinical, and global imaging details of controls and PD cognitive groups 

 Controls PD-N PD-MCI PD-D 
n 29 33 16 11 
Age, years+ 68.7 (9.4) 64.7 (8.9) 69.7 (9.1) 75.1 (6.7) 
Sex (male:female) 20:9 21:12 11:5 9:2 
MMSE** 29.1 (1.0) 28.8 (1.4) 27.6 (1.7) 23.9 (3.0) 
MoCA** 27.1 (2.0) 26.5 (2.3) 22.4 (2.4) 16.1 (3.3) 
Cognitive Z-score** 0.65 (0.38) 0.33 (0.39) −0.73 (0.35) −1.66 (0.50) 
UPDRS-III++ - 23.3 (13.6) 38.6 (19.1) 50.2 (17.8) 
Disease duration, 
years++ - 3.3 (2.9) 8.8 (7.5)  12.2 (8.9) 

ICV cm3 1525 (174) 1549 (152) 1492 (101) 1658 (206) 
Global GM vol/ICV** 0.44 (0.036) 0.44 (0.029) 0.42 (0.024) 0.39 (0.021) 
Global GM perfusion 
(ml/100g/min)* 43.3 (7.5) 41.2 (6.7) 37.1 (8.4) 35.9 (6.9) 

Values are mean (SD). Significant ANOVA across all groups *p<0.01, **p<0.001; significant ANOVA 
across PD groups +p<0.01, ++p<0.001. MMSE = Mini Mental State Examination, MoCA = Montreal 
Cognitive Assessment, ICV = Intracranial Volume, GM = Grey Matter. 

8.3.1 Voxel-based morphometry  

The PD-N group showed no significant atrophy compared to controls (Figure 8-1A). 

Although global ICV-corrected grey matter volume was lower in PD-MCI than in controls 

and PD-N (Table 8-1), there were minimal localized differences (Figure 8-1B).  By contrast, 

PD-D patients exhibited reduced grey matter density in temporal, parietal, and frontal regions 

(Figure 8-1C).   
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Figure 8-1.  Regions displaying any areas of significant grey matter atrophy in (A) PD-N, (B) PD-MCI, 
and (B) PD-D relative to controls, displayed on the study-specific average grey matter image in 
neurological convention (left on image is left of brain).  Significant clusters (FDR-corrected p<0.05) 
indicate atrophy in right postcentral gyrus in PD-MCI (t > 4.62).  In PD-D significant differences (t > 2.84) 
were evident in bilateral insula (Brodmann area (BA) 13), superior and middle temporal gyri (BA 21, 22), 
superior frontal gyrus (BA 9; dorsolateral prefrontal cortex), superior parietal regions, precuneus, 
posterior cingulate, hippocampus, parahippocampus, and left caudate.  Colour bar displays t statistic. 

8.3.2 ASL perfusion 

No significant perfusion differences between controls and PD-N were detected (Figure 8-2A).  

Both PD-MCI (Figure 8-2B) and PD-D (Figure 8-2C), however, exhibited decreased 

perfusion relative to controls in bilateral parieto-occipital regions; posterior cingulate gyrus; 

precuneus (BA 7) and cuneus; inferior, middle, and superior temporal gyri; fusiform gyrus; 

inferior, middle, and superior frontal gyri; and subcortically in bilateral caudate, and left 

putamen.  Bilateral thalamus differences were evident in PD-MCI.   
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Figure 8-2.  Blue-green colour indicates any areas of significantly decreased perfusion in (A) PD-N, (B) 
PD-MCI, and (C) PD-D relative to controls after covarying for grey matter concentration, age, sex, years 
of education, and ICV (FDR p<0.05).  Both cognitively impaired groups showed extensive cortical 
hypoperfusion with additional subcortical reduction (PD-MCI, t > 1.90; PD-D, t > 1.97). 

Relative to the cognitively normal PD group, significantly reduced perfusion in the PD-MCI 

(Figure 8-3A) and PD-D (Figure 8-3B) groups was present in similar regions to those 

identified relative to controls.  No significant perfusion differences were identified between 

PD-MCI and PD-D, or between drug naïve and medicated PD-N subgroups. 
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Figure 8-3.  Clusters showing significantly reduced perfusion in (A) PD-MCI and (B) PD-D relative to 
cognitively normal PD subjects (PD-N) after covarying for motor impairment, grey matter volume, age, 
sex, education, and ICV (FDR p<0.05).  Cognitively impaired PD showed prominent posterior midline and 
parieto-occipital decreases, with bilateral frontal regions, caudate, left putamen; thalamus in PD-MCI and 
extensive temporal deficits in PD-D (PD-MCI, t > 2.19; PD-D, t > 2.04). 

8.3.3 Perfusion-cognitive association 

Multiple regression revealed a significant relationship between perfusion and aggregate 

cognitive Z-score in the PD group (Figure 8-4; FDR p<0.05) in widespread brain regions, 

mirroring those showing perfusion differences across the groups.  Perfusion showed an 

association with UPDRS-III only at a relaxed statistical threshold of p<0.001 uncorrected, and 

only in right insula (BA 13), superior occipital gyrus, and inferior frontal gyrus (data not 

shown).   
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Figure 8-4.  Clusters represent areas where a significant association exists between perfusion and 
cognitive Z-score in the PD group after covarying for motor impairment (UPDRS-III), grey matter 
concentration, age, sex, years of education, and ICV (FDR p<0.05).  These regions include bilateral 
posterior parietal regions (precuneus), posterior cingulate, parietal operculum, lingual and angular gyri, 
pre and postcentral gyri, frontal and temporal gyri, caudate, and thalamus. 

8.4 Discussion 

Combined structural and ASL perfusion MRI revealed unique patterns of brain changes 

associated with cognitive impairment in PD.  The Parkinson’s disease group with normal 

cognition (PD-N) exhibited both intact grey matter volume and cerebral perfusion.  Those 

with dementia (PD-D) had extensive regions of grey matter atrophy and cerebral 

hypoperfusion.  By contrast, the PD-MCI group exhibited cerebral hypoperfusion similar to 

that of PD-D, but minimal localized atrophy.  This dissociation of structure and function in 

PD-MCI suggests that multimodal MRI can help identify PD patients who are at risk of 

dementia prior to the advent of extensive brain atrophy.  

One of the strengths of the current study was to use a combination of structural and ASL 

perfusion MRI to investigate the full spectrum of cognition in PD.  Unlike other perfusion 

techniques, ASL eliminates expensive radiotracers by using magnetically labelled arterial 

water, as discussed in section 4.4.  Moreover, ASL is easily repeatable with shorter 

preparation and scanning times than PET or SPECT—a considerable advantage in cognitively 

and physically impaired patients—and provides a quantitative measure of absolute blood flow 

per unit tissue mass.  In addition, spatially coregistered structural images may be utilized to 

account for atrophy-related perfusion change, as in my study. Furthermore, the investigated 

cognitive groups were highly separable.  These distinct cognitive groups facilitated the 

investigation of neuroimaging correlates of PD-related cognitive impairment. 
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Patients with dementia in this study exhibited large areas of grey matter atrophy consistent 

with regions identified by others (Beyer et al., 2007; Burton et al., 2004; Camicioli et al., 

2003; Junqué et al., 2005; Summerfield et al., 2005).  The PD-D group also exhibited 

extensive cortical and subcortical hypoperfusion compared to controls and PD-N, compatible 

with the results of previous imaging studies that identified both hypometabolism and 

hypoperfusion in PD-D (Antonini et al., 2001; Derejko et al., 2006; Firbank et al., 2003; 

Kasama et al., 2005; Liepelt et al., 2009; Sawada et al., 1992; Wallin et al., 2007).  My 

finding of no detectable atrophy nor hypoperfusion in the PD-N group parallels most previous 

studies specifically comparing a PD group with normal cognition to controls in terms of 

structure (Apostolova et al., 2010; Beyer et al., 2007; Dalaker et al., 2010), perfusion (Wallin 

et al., 2007), and metabolism (Lyoo et al., 2010), though some have reported atrophy (Nishio 

et al., 2010) or perfusion deficits (Derejko et al., 2006; Jagust et al., 1992) in cognitively 

normal PD.  Some (Bouchard et al., 2008; Burton et al., 2005; Camicioli et al., 2003), but not 

all (Feldmann et al., 2008; Martin et al., 2009; Nagano-Saito et al., 2005) studies investigating 

“non-demented” PD—wherein the PD-N and PD-MCI patients are not classified separately 

and considered as a single group—have identified grey matter atrophy.  Reports of diffuse 

hypometabolism and hypoperfusion are frequent in PD without dementia, but more spatially 

restricted than in PD-D (Abe et al., 2003; Antonini et al., 2001; Borghammer et al., 2010a; 

Firbank et al., 2003; Imon et al., 1999; Jagust et al., 1992; Kasama et al., 2005; Kikuchi et al., 

2001; Mito et al., 2005), but Sawada et al. (1992) did not identify reduced blood flow in this 

group.  The cognitive heterogeneity of “non-demented” PD (i.e. a group comprised of patients 

showing anything from normal cognition through to substantial cognitive impairments) may 

explain these inconsistencies and emphasizes the need for detailed neuropsychological testing 

and consistent group classification as employed in my investigation. 

The structure-function mismatch I identified in the PD-MCI group provides a promising 

imaging biomarker to clarify underlying structural and functional integrity of those with mild 

cognitive impairment.  The dissociation highlights the transitional nature of the PD-MCI 

group.  If only a single imaging measure had been used, the MCI group would have appeared 

either relatively normal (with structural MRI) or similar to PD-D (with ASL MRI).  These 

findings suggest that extensive functional (hypoperfusion) and minimal structural deficits 

characterize brain impairment in PD-MCI. 

PD-MCI has been associated with decreased perfusion (measured with PET and SPECT) 

relative to controls in posterior parietal and occipital, frontal, and temporal regions (Hosokai 
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et al., 2009; Huang et al., 2008; Nobili et al., 2009; Wallin et al., 2007).  A spatial covariance 

pattern associated with cognitive decline in PD that included hypoperfusion in parietal, 

supplementary motor area, premotor and prefrontal cortices, and increased perfusion in the 

cerebellum has also been identified (Huang et al., 2007a).  Conversely, Derejko et al. (2006) 

reported no SPECT-derived perfusion differences among controls, PD-N, and PD-MCI, while 

PD-D exhibited decreased perfusion compared to all three groups.  Previous studies of PD-

MCI have identified widespread areas of atrophy (Meyer et al., 2007; Nishio et al., 2010; 

Riekkinen et al., 1998) or, after correcting for multiple comparisons, no significant atrophy 

(Apostolova et al., 2010; Beyer et al., 2007; Dalaker et al., 2010).  These contradictory results 

from the structural and perfusion literature on PD-MCI may be due, at least in part, to the 

application of different MCI classification criteria.  These include using a clinical dementia 

rating scale score of 0.5 (Hosokai et al., 2009), 1.5 standard deviations below norms in one of 

the following domains: executive function, language, visuospatial function, or memory 

(Huang et al., 2008), 1.5 SD below norms in tests of memory (Nobili et al., 2009), or a deficit 

in one neuropsychological test (Derejko et al., 2006).  Lyoo et al. (2010) highlight the 

influence of differing criteria by demonstrating decreased glucose metabolism in single 

domain, non-amnesic MCI and multiple domain MCI, but not single domain, amnesic MCI 

compared to controls.  The more conservative criteria used in this thesis of 1.5 SD below 

normative data on at least two measures in at least one of the four MDS cognitive domains 

(Dalrymple-Alford et al., 2010; Dalrymple-Alford et al., In press) ensured exclusion of those 

with minor impairments, perhaps explaining why our PD-MCI group showed extensive 

hypoperfusion. 

Significant association between cognition, as measured by aggregate Z-score, and perfusion 

was identified in the same frontal and parieto-occipital regions in which others have 

demonstrated a relationship with metabolism in PD (Huang et al., 2008).  Other cortical 

regions in which there were correlations between cognition and perfusion conform well to the 

default mode network, which is defective during cognitive tasks in PD (van Eimeren et al., 

2009).  This overlap between areas of cognitive-related hypoperfusion and default mode 

network dysfunction in PD merits further investigation.  We did not identify any motor-

related perfusion changes that survived multiple comparison corrections.  At a relaxed, 

uncorrected threshold, an association was detected between UPDRS and perfusion in lateral 

prefrontal areas and right insula, regions in which SPECT-derived blood flow has previously 

been linked to motor severity (Kikuchi et al., 2001). 
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No perfusion increases were identified in the PD groups.  This finding is consistent with the 

majority of radiotracer studies (Derejko et al., 2006; Firbank et al., 2003; Nobili et al., 2009; 

Wallin et al., 2007), but contradicts others that have identified increased blood flow in 

cingulate cortex, pons, and cerebellum in cognitively impaired PD (Huang et al., 2007a; 

Huang et al., 2008).  It has been suggested that these reported increases may be artefacts of 

the normalization routine used (Borghammer et al., 2010a); see section 7.4.1 for further 

discussion.  The present study however, avoids this possible confound by using absolute ASL 

measures of blood flow.  Whether the hypoperfusion in cognitively impaired PD patients is a 

consequence of hypometabolism or vice versa is not able to be determined in this study, but 

remains a pertinent question for the aetiology of PD-related cognitive decline. 

Cholinergic dysfunction is associated with cognitive decline and dementia in PD (Klein et al., 

2010; Shimada et al., 2009), as discussed in section 2.5.3.5.  The spatial distribution of 

cortical hypoperfusion in the current study mirrors the regions that demonstrate cholinergic 

deficits in cognitively impaired PD, suggesting a relationship between the two.  Moreover, 

increased perfusion in the context of improved cognition in PD-D (SPECT; Ceravolo et al., 

2006; Imamura et al., 2008) and Lewy body dementia (ASL MRI; Fong et al., In press) after 

administration of cholinesterase inhibitors has been reported.  There are no published trials of 

the use of these drugs in PD-MCI but it would be valuable to discern whether a similar 

improvement in cerebral perfusion and cognition occurs in this PD group.   

I also found a correlation between cognitive impairment and caudate hypoperfusion.  This 

finding is consistent with fMRI observations of impaired caudate activation during a working 

memory task in PD patients with executive function impairment, and attributed to 

dopaminergic dysfunction (Lewis et al., 2003).  There is an association between decreased D1 

dopamine receptors in the caudate nucleus and cognitive status (Mattila et al., 2001), 

suggesting that my observation of caudate hypoperfusion in cognitively impaired PD groups 

reflects a dopaminergic deficit, in contradistinction to cortical hypoperfusion, which is more 

likely consequent upon a cholinergic deficit (vide supra).  

Levodopa has been shown to affect regional cerebral blood flow (Kobari et al., 1995).  It is 

therefore possible that individual anti-parkinsonian medication regimens may have influenced 

the current results.  I attempted to explore this possibility by examining drug naïve PD-N and 

medicated PD-N subgroups.  The failure to identify perfusion differences between these 

subgroups does not eliminate the possibility of a medication-related effect, but suggests that 
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any effect is likely to be much smaller than disease-related perfusion changes.  The relatively 

small size of the PD-MCI and PD-D groups is another limitation of the study.  Sample size 

may explain the lack of difference in cerebral perfusion between the cognitively impaired PD 

groups, but this limitation is unlikely to alter the primary conclusions of this study.   

At first glance, the findings in this chapter appear to contradict the atrophy findings reported 

in Chapter 6.  Here I report minimal atrophy in PD-MCI, while in Chapter 6 more widespread 

atrophy in the PD-MCI group was identified.  The analysis for the current chapter was limited 

to those subjects with usable structural and perfusion scans.  The sample here comprised a 

total of 89 individuals (60 PD subjects and 29 controls) while the full VBM study in chapter 6 

comprised a larger data set of 130 subjects (96 PD subjects and 34 controls).  The full VBM 

study included 22 patients in the PD-MCI group and 15 in the PD-D group compared to 16 

patients in the PD-MCI and 11 in the PD-D group in this restricted study.  Hence, the full 

VBM study had higher power which is probably responsible for the more widespread atrophy 

in the PD-MCI group in Chapter 6.  Nonetheless, I have shown that within subjects, 

widespread perfusion changes in PD-MCI that appear to precede grey matter volume change 

are demonstrable, highlighting the effectiveness of detecting PD-related cognitive change 

using ASL perfusion MRI.  In addition, a direct comparison of the two studies is problematic 

in that this study compared 2 mm3 isotropic images (resliced to match the resolution of the 

ASL perfusion images and use as a covariate) while the full VBM study (chapter 6) employed 

processed images at 1 mm3 isotropic resolution. 

In summary, extensive cortical and subcortical functional perfusion decreases in PD-MCI and 

PD-D, not explained by any underlying grey matter atrophy, were identified using non-

invasive arterial spin labelling MRI.  Conversely, only the PD-D group exhibited widespread 

atrophic changes and hypoperfusion.  This structure-function dissociation in PD-MCI—

hypoperfusion but minimal atrophy—suggests that in PD-MCI functional blood flow changes 

occur prior to irreversible structural change that accompanies the progression to dementia.  

The combination of structural and ASL MRI, as in the present study, may thus provide useful 

markers of cerebral status in Parkinson’s disease.  These two measures may also prove useful 

in the identification of those patients at greatest risk of dementia when used in concert. 

Longitudinal observations however will be critical to establish whether this speculation is 

accurate. 
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9 Diffusion tensor imaging reveals microstructural 

damage in Parkinson’s disease-related cognitive decline 

Chapter 9 concerns a diffusion-weighted MRI investigation.  This chapter is divided into three 

sections.  The first presents a parametric and the second, a non-parametric analysis of the 

diffusion data processed using the standard voxel-based approach, while the third employs a 

processing and analysis methodology called tract-based spatial statistics (Smith et al., 2006).  

The results from the three techniques contribute to the provision of a sensitive marker of 

microstructural damage associated with cognitive impairment in PD. 

9.1 Voxel-based DTI analysis  

9.1.1 Introduction 

The visualization of brain changes underlying PD-related cognitive decline in vivo may lead 

to the identification of markers that can aid in diagnosis of disease, track disease progression, 

and monitor treatment effectiveness, and is therefore a paramount goal of neuroimaging.  

Diffusion tensor imaging (DTI) is a highly sensitive MR technique that provides quantitative 

measures of microstructural integrity and organization (Le Bihan, 2003; Mori & Zhang, 

2006).  Conventional structural MRI is limited to the imaging of gross structural changes, 

while DTI is sensitive on a microstructural level.  The two most common measures derived 

from DTI are fractional anisotropy (FA) which is indicative of the directional variation of 

diffusion, and mean diffusivity (MD) which is a measure of the bulk diffusivity, ignoring 

directional preferences.   

There are two principal methods used to investigate DTI and imaging data in general: region 

of interest (ROI) analysis and voxel-based analysis.  The ROI method involves extracting 

measurements (e.g. FA, MD) from a specific area of interest in the brain followed by 

statistical tests on these region-specific values.  Although this method has produced 

interesting results in PD (see below), ROI analysis has a number of limitations that include: i) 

researchers may introduce bias when tracing structures; ii) not all regions are easily traced; iii) 

the placement of the ROI can have a large effect on the results; iv) it is not feasible to 

measure every region in the brain, especially in a large sample of individuals; and v) tracing 

ROIs is time consuming (Snook et al., 2007). 
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Voxel-based analysis techniques facilitate the investigation of diffusion indices across the 

whole brain, thereby reducing operator bias, removing the limitation of predefined regions, 

and emphasizing the most robust differences. 

Studies investigating regions of interest (ROI) have reported decreased FA in PD without 

dementia relative to controls in substantia nigra (Chan et al., 2007; Peran et al., 2010; 

Vaillancourt et al., 2009; Yoshikawa et al., 2004), thalamus (Peran et al., 2010), corpus 

callosum, and superior longitudinal fasciculus (Gattellaro et al., 2009), with an increase in 

MD in thalamus (Peran et al., 2010), globus pallidus (Schocke et al., 2004), prefrontal white 

matter (Nicoletti et al., 2006), cingulum, corpus callosum, and superior longitudinal fasciculus 

(Gattellaro et al., 2009).  Some of these studies report impressively high sensitivity and 

specificity (>0.9) for distinguishing PD from controls using DTI measures (Scherfler et al., 

2006; Vaillancourt et al., 2009).  Two studies that employed DTI and conventional MRI have 

reported abnormal diffusion findings in several brain regions in PD, despite a lack of any 

discernible change on conventional structural MRI (Karagulle Kendi et al., 2008; Peran et al., 

2010). 

Yet these encouraging results are by no means representative of the bulk of publications.  A 

large number of ROI investigations have failed to identify a change in diffusion MRI 

measures in substantia nigra (Menke et al., 2009), thalamus (Chan et al., 2007; Gattellaro et 

al., 2009; Nicoletti et al., 2006; Rizzo et al., 2008; Schocke et al., 2002), putamen (Chan et al., 

2007; Gattellaro et al., 2009; Ito et al., 2007; Peran et al., 2010; Rizzo et al., 2008; Schocke et 

al., 2002; Schocke et al., 2004; Yoshikawa et al., 2004), caudate (Chan et al., 2007; Gattellaro 

et al., 2009; Nicoletti et al., 2006; Peran et al., 2010; Rizzo et al., 2008; Schocke et al., 2002; 

Schocke et al., 2004; Yoshikawa et al., 2004), pons (Ito et al., 2007; Nicoletti et al., 2006), or 

globus pallidus (Nicoletti et al., 2006; Peran et al., 2010).  In addition, ROI analysis is time-

consuming and operator dependent.   

To date, few studies have investigated DTI values in PD using voxel-based analyses.  This 

may be because of the difficulties surrounding normalization of DTI images or a minimal 

uptake of the technique by PD imaging researchers.  Karagulle Kendi et al. (2008) showed 

decreased FA in frontal regions, while Scherfler et al. (2006) identified increased diffusivity 

in the olfactory tract.  Scherfler et al. measured diffusivity using Trace(D).  This measure is 

simply equal to three times MD and represents another metric sensitive to the magnitude of 

diffusion.  Diffusivity measures from the identified area of the olfactory tract (derived from 
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12 early PD and 12 control subjects) were then used to discriminate a new group of nine PD 

from eight control subjects.  Based on diffusion values from the olfactory tract, all nine PD 

subjects and seven controls were classified correctly.  Zhang et al. (2009) identified decreased 

FA in the cerebellum and increased MD in bilateral orbito-frontal areas and inferior temporal 

gyri in comparison to controls.  Although the authors did not identify differences in the 

olfactory tract, significant correlations were identified between diffusion indices (FA and 

MD) in the cerebellum and olfactory test scores.  Peran et al. (2010) combined volumetric 

MRI, T2*-weighted MRI, and DTI in ROI and voxel-based analysis (within the ROIs) of the 

basal ganglia, red nucleus, and substantia nigra.  Both ROI and voxel-based analysis methods 

identified decreased FA and increased MD in thalamus and substantia nigra, but only the 

voxel-based analysis detected abnormal FA and MD in the putamen and caudate.  Voxel-

based analyses have the advantage that each voxel is individually tested.  It is therefore 

possible that smaller, localized changes within a structure (e.g. putamen) may not be detected 

if indices are averaged across the entire region, as in ROI analysis, highlighting another 

advantage of voxel-based analysis.   

The studies referred to above were all restricted to PD without dementia.  A solitary study 

using a voxel-based approach has examined DTI in PD with dementia (PD-D), reporting 

significantly decreased FA in PD-D relative to controls in orbito-frontal regions, anterior and 

middle cingulum, right dorsolateral prefrontal cortex, and temporal and parietal white matter 

(Lee et al., 2010). 

In a similar vein, a number of reports have demonstrated the usefulness of diffusion-weighted 

MRI in the differential diagnosis of PD and the atypical parkinsonian disorders, such as 

multiple system atrophy and progressive supranuclear palsy (Ito et al., 2007; Nicoletti et al., 

2006; Rizzo et al., 2008; Schocke et al., 2002; Schocke et al., 2004).  Lee et al. (2010) have 

also used DTI to identify decreased FA in Lewy body dementia compared to PD-D in 

posterior temporal lobes, posterior cingulate, and visual association fibres.  In light of the 

success of DTI in discriminating between similar disorders, it is surprising that this useful 

method has not been exploited to characterize microstructural correlates of cognitive 

impairment associated with idiopathic Parkinson’s disease.   

DTI has been used to identify white matter decline earlier and more sensitively than 

conventional T1-weighted imaging in healthy aging (Giorgio et al., 2010), and is capable of 

detecting subtle, microstructural abnormalities in the absence of detectable macroscopic 



 

	  
	  

118 

volume loss in Lewy body dementia (Kantarci et al., 2010) and PD (Karagulle Kendi et al., 

2008; Peran et al., 2010).  DTI studies of PD have however been limited to small groups of 

patients—except for that of Chan and colleagues (2007)—and have focused more on the 

differential diagnosis of parkinsonian disorders.  In this study, I employed whole-brain, voxel-

based analysis of diffusion tensor images from a large group of PD patients representative of 

the full spectrum of cognitive impairments, in search of microstructural correlates of PD-

related cognitive decline.  

9.1.2 Methods 

9.1.2.1 Subjects 
Diffusion-weighted MR imaging data was acquired from 100 PD and 33 control subjects.  

Four PD subjects and one control were excluded due to excessive motion or extreme 

susceptibility artefacts.  Analyses were thus conducted on the remaining 96 PD and 32 control 

subjects.  Demographic and clinical values are presented in Table 9-1. 

Table 9-1.  Demographic and clinical values for all individuals in the DTI analysis 

  Controls PD-N PD-MCI PD-D 
n 32 59 21 16 
Age, years* 69.7 (8.9) 64.6 (8.7) 70.5 (8.1) 73.7 (7.1) 
Sex (male:female) 22:10 40:19 14:7 14:2 
Education years 13.5 (2.9) 13.4 (3.0) 12.5 (3.0) 12.6 (2.6) 
MMSE* 28.9 (1.1) 29.1 (1.1) 27.7 (1.5) 23.9 (3.1) 
MoCA* 26.9 (2.0) 26.7 (2.2) 22.4 (2.2) 16.2 (3.9) 
Cognitive Z-score* 0.60 (0.38) 0.30 (0.38) −0.78 (0.35) −1.79 (0.52) 
UPDRS-III+ - 25.5 (14.0) 36.2 (17.3) 50.0 (15.8) 
Disease duration, 
years+ - 3.7 (3.3) 8.7 (6.9) 11.8 (7.7) 

Values are mean (sd). *p<0.001 across all groups; +p<0.001 across PD groups.  

9.1.2.2 Diagnostic criteria and assessment 
Again, as in section 5.1.1, comprehensive neuropsychological testing was used to classify PD 

patients as either cognitively normal (PD-N; n = 59), with mild cognitive impairment (PD-

MCI; n = 21), or with dementia (PD-D; n = 16).  At the time of assessment, 38 PD subjects 

had never received anti-parkinsonian medication, i.e. were drug naïve whilst the remaining 58 

PD participants were assessed and imaged on medication, with no disruption to their usual 

drug regimen. 



 

	  
	  

119 

9.1.2.3 Magnetic resonance imaging acquisition and preprocessing 
Structural MR and diffusion-weighted images were acquired using the sequences described in 

5.2.2 and 5.2.4.  See 5.3.3 for information on the methodology of fitting the diffusion tensor 

and other preprocessing steps related to the diffusion-weighted data.  

9.1.2.4 Demographic and imaging analyses 
Clinical and cognitive measures were compared across controls and PD cognitive groups 

using one-way ANOVAs in Matlab.  Smoothed, normalized FA and MD images were entered 

into separate ANCOVA models in SPM5, to assess voxel-wise group differences 

(Control/PD-N/PD-MCI/PD-D) with age, sex, and years of education as covariates.  Pair wise 

comparisons (one-tailed t-tests) were used to evaluate FA and MD differences between 

controls and individual PD cognitive groups (Controls>PD-N, PD-MCI, PD-D for FA and 

Controls < PD-N, PD-MCI, PD-D for MD).  A second ANCOVA restricted to only PD 

cognitive groups allowed inclusion of motor impairment (UDPRS-III) as a covariate in 

addition to age, sex, and years of education followed by the pair wise comparisons.   

Two separate multiple regression models assessed the relationship between FA and MD and 

aggregate cognitive Z-score in all patients with UPDRS-III, age, sex, and years of education 

as covariates.  The aggregate Z-score in each individual was produced by averaging the 

standardized scores within each cognitive domain and then taking the mean of these four 

domain scores (see section 5.1.1).   

FA and MD differences between drug naïve PD-N (n = 35) and PD-N receiving anti-

parkinsonian medication (n = 24) were also examined with UPDRS-III, age, sex, and years of 

education as covariates in order to investigate the possibility of a drug-mediated effect.  All 

results were corrected for multiple comparisons using false discovery rate (FDR) at p<0.05 

(Genovese et al., 2002). 

9.1.3 Parametric voxel-based results 

9.1.3.1 Between-group, parametric voxel-based analysis of diffusion indices 
9.1.3.1.1 Fractional anisotropy 
The PD-N and PD-MCI groups did not show any significant reduction in FA compared to 

controls.  Those with dementia (PD-D) exhibited significantly reduced FA in the right inferior 

longitudinal fasciculus (Figure 9-1).  However, there were no significant FA differences 

between PD-MCI and PD-D or PD-N and PD-D.  Interestingly, PD-MCI showed reduced FA 

in limited superior and middle temporal gyri relative to PD-N (data not shown).   
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Figure 9-1  Blue-green depicts regions of significantly reduced FA in PD-D relative to controls, displayed 
on the study-specific average FA image in neurological convention (left of brain is left of image; FDR-
corrected p<0.05, t > 4.47).  Reduced FA was identified in right inferior longitudinal fasciculus.  Slices 
displayed are z = −18 mm, −12 mm then increasing by 10 mm to z = 68 (z = 0 mm is the plane of the 
anterior commissure).  The colour bar displays the t value.  

9.1.3.1.2 Mean diffusivity 
In contrast to the FA data, MD comparisons showed much more widespread differences 

across groups.  There were no differences in MD between the PD-N group and controls.  PD-

MCI, however, exhibited significant MD increases relative to controls in both grey matter—

superior, middle, and inferior temporal gyri; parahippocampus; left insula; lingual and 

occipital fusiform gyri; bilateral occipital gyri; precuneus and cuneus; superior and middle 

frontal gyri; and left thalamus—and white matter structures—bilateral inferior and superior 

longitudinal fasciculus, uncinate fasciculus, hippocampal white matter, anterior thalamic 

radiation, cortico-spinal tracts, cerebellum, and mid-brain including substantia nigra (Figure 

9-2).  Relative to controls, PD-D also showed MD increases in these same regions plus 

marked increases in frontal and parietal cortex, cingulate gyrus, caudate, and genu (Figure 

9-3). 
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Figure 9-2.  Regions of significantly increased mean diffusivity (MD) in PD-MCI relative to controls 
displayed on the study-specific average FA image (FDR-corrected p<0.05, t > 2.64).  Significant clusters 
arose in both white and grey matter structures.  Slices displayed are z = −18 mm, −12 mm then increasing 
by 10 mm to z = 68 (z = 0 mm is the plane of the anterior commissure).  Colour bar represents t value. 

 

Figure 9-3.  Regions of significantly increased MD in PD-D relative to controls (FDR-corrected p<0.05, 
t > 2.18).  Increased MD occurred extensively in mid brain, white matter, and grey matter regions.  The 
same slices are displayed as in Figure 9-2.   

After including motor impairment as a covariate, microstructural differences between all three 

PD cognitive groups were identified.  PD-MCI exhibited limited but significantly increased 

MD in superior and middle temporal gyri relative to PD-N (Figure 9-4, upper panel) and PD-

D had significantly higher MD values compared to PD-MCI in central opercular cortex 

(Figure 9-4, middle panel).  PD-D showed extensive regions of increased MD when compared 

to PD-N, in medial temporal lobe (hippocampus and parahippocampus), lateral occipital and 

orbito-frontal cortex, middle frontal gyrus, anterior thalamus, and various white matter 

structures including the genu and body of corpus callosum, anterior and posterior cingulum, 
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inferior and superior longitudinal fasciculus, cortico-spinal tract, and inferior fronto-occipital 

fasciculus (Figure 9-4, lower panel).  

 

Figure 9-4.  Significant areas of increased MD between PD cognitive groups after covarying for UPDRS-
III, age, sex, and years of education.  Upper panel: Small, localized regions where PD-MCI exhibited 
significantly increased MD compared to PD-N (t > 4.35).  Middle panel: Increased MD in PD-D relative to 
PD-MCI (t > 4.71), and Lower panel: Regions of increased MD in PD-D compared to PD-N (t > 2.56).  
Slices displayed are z = [−18 −6 6 28 42 58]. 

9.1.3.1.3 Drug naïve PD patients 
Localized, significant FA decreases in the drug naïve PD-N subgroup compared to PD-N 

patients on anti-parkinsonian medication were identified in lingual, insular, operculum, and 

precuneus cortex (Figure 9-5).  There were no significant MD differences between the two 

subgroups.  There were no significant differences between the drug naïve and medicated PD-

N subgroups in terms of aggregate cognitive Z-score (t57 = 0.99, p = 0.33), UPDRS-III (t57 = 

−1.25, p = 0.21), or age (t57 = −1.15, p = 0.25).  The medicated PD-N subgroup had 

significantly longer disease duration than the drug naïve subgroup (mean years of duration 

(sd): drug naïve = 2.22 (1.3), medicated = 5.96 (3.9); t57 = 5.22, p<0.001; CI95: −3.74 [−5.37, 

−2.10] years). 
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Figure 9-5.  Areas of significantly decreased FA in drug naïve PD-N relative to medicated PD-N.  Slices 
displayed are those displayed in Figure 9-2. 

9.1.3.2 Parametric correlation analysis 
After covarying for motor impairment, age, sex, and years of education, a significant positive 

correlation between aggregate cognitive Z-score and FA was identified in bilateral temporal 

lobe (including hippocampus and parahippocampus), lingual gyrus, frontal-orbital and 

opercular cortex, anterior cingulate gyrus, precentral gyrus, middle frontal gyrus, left lateral 

occipital gyrus, cerebellum, thalamus, and left caudate, with a number of white matter tracts 

including hippocampal white matter, fornix, genu and body of corpus callosum, inferior and 

superior longitudinal and fronto-occipital fasciculus, anterior thalamic radiation, anterior limb 

of internal capsule, and mid brain (Figure 9-6).   
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Figure 9-6.  Regions with significant association between FA and aggregate cognitive Z-score in PD.  Both 
white matter and grey matter are implicated.  Colour bar denotes t value. 

Additionally, more extensive areas of significant negative correlation were identified between 

cognitive Z-score and MD values in the similar regions to the FA correlation plus cingulate 

and superior frontal gyri (Figure 9-7).   

 

Figure 9-7.  Clusters depicting significant association between MD and aggregate cognitive Z-score in PD.  
Correlation occurred principally in fronto-temporal regions, with white matter involvement and slightly 
less correlation in occipital and parietal areas.   

A negative association between FA and UPDRS was only evident at a relaxed statistical 

threshold of p<0.001 uncorrected for multiple comparisons in right lateral occipital cortex, 

angular gyrus, and superior longitudinal fasciculus.  At the same uncorrected threshold, MD 

showed a positive association with UPDRS in left opercular, insular, and fronto-orbital cortex 

and left inferior fronto-occipital fasciculus (data not shown).   
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9.1.4 Discussion 

Analysis of DTI data was used to show widespread loss of microstructural integrity in both 

grey and white matter structures in PD.  To my knowledge, this is the first application of DTI 

analysis to the full spectrum of cognitive impairment in Parkinson’s disease.  Greater 

structural damage was identified in those with more severe cognitive impairment.  Those with 

dementia (PD-D) exhibited the highest MD and significantly elevated, localized MD values 

compared to PD-MCI, who in turn showed localized, increased values relative to PD-N.  

Those with normal cognition (PD-N) were indistinguishable from controls in terms of both 

FA and MD values. 

The majority of other studies using DTI in Parkinson’s disease have investigated PD patients 

without dementia (Chan et al., 2007; Gattellaro et al., 2009; Karagulle Kendi et al., 2008; 

Nicoletti et al., 2006; Peran et al., 2010; Scherfler et al., 2006; Schocke et al., 2002).  The PD 

sample described here not only included a dementia group, but also a well-characterized 

group with mild cognitive impairment.  A group comprised of “non-demented” PD, may 

include individuals with normal cognition and varying levels of cognitive impairment 

(Aarsland et al., 2010; Muslimovic et al., 2005), and such non-selectivity could potentially 

obscure the presence of structural integrity change in those with some cognitive deficit.  By 

definition, the MCI group in this study excluded those patients with normal cognition, thereby 

creating two distinct and more homogenous groups (PD-N and PD-MCI).  These separate 

groups permitted the finding of significant deterioration in the PD-MCI group and preserved 

structural integrity in those with normal cognition (PD-N) relative to controls.  The variable 

results from prior investigations in PD without dementia may be explained, at least in part, by 

the inclusion of cognitively impaired subjects in the “non-demented” PD groups in those 

studies.   

Vaillancourt et al. (2009) used DTI to investigate the substantia nigra in a group of de novo 

PD patients with no significant cognitive impairments.  Using an ROI approach, they reported 

decreased FA and perfect differentiation between PD and controls.  Similarly, other ROI-

based studies also identified degradation (or at least a trend towards degradation) in the 

substantia nigra in non-demented PD (Chan et al., 2007; Gattellaro et al., 2009; Peran et al., 

2010; Yoshikawa et al., 2004).  I however, did not identify significant FA or MD change in 

PD-N, although mid brain (including substantia nigra) abnormalities were identified in both 

PD-MCI and PD-D.  These differences appear to correspond to the substantia nigra, and 

decreased FA and increased MD in the mid brain is of course entirely consistent with the 
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pathology of PD in which nigral degeneration is central to symptomatic expression of the 

disease (Braak et al., 2003).  For small, focal a priori analysis, ROI may be more reliable than 

voxel-based analysis in that biological variability between subjects may not be completely 

accounted for by spatial normalization (Snook et al., 2007).  This factor might account for the 

lack of identifiable change in the mid brain in the PD-N group.  Although diffusion change 

within the substantia nigra prior to the emergence of cognitive impairments has been reported 

(Vaillancourt et al., 2009), my data suggests that microstructural degradation in other brain 

regions (cortex, connecting fibres) reflects PD-related cognitive decline. 

Lee et al. (2010) recently compared PD-D to healthy controls and patients with Lewy body 

dementia, using DTI indices.  PD-D showed decreased FA (smoothed with a 6 mm kernel) 

relative to controls, but not as extensive as in my investigation in which DTI data was 

smoothed with an 8 mm kernel.  A larger smoothing kernel can lead to an increase in the 

spatial extent of significant clusters (Jones et al., 2005), and this may partly explain the 

difference in extent of findings between these two studies.  In addition, sample size 

differences may have had an influence (Lee et al., 19 PD-D and 18 controls; here, 16 PD-D 

and 32 controls) and the statistical threshold of Lee et al. was set at an uncorrected p<0.001 

with a cluster size of >50 mm3 whereas I corrected for multiple comparisons using FDR at 

p<0.05. 

Diffusion tensor imaging provides unique and sensitive microstructural and physiological 

information on the integrity of brain tissue (Basser & Pierpaoli, 1996).  Thus, DTI imaging 

may complement other imaging techniques.  Conventional volumetric MRI (both in this thesis 

in Chapter 6 and in the literature) and pathological studies (Harding et al., 2002) have 

demonstrated gross atrophy in cognitively impaired PD in the temporal lobes (particularly 

hippocampus, parahippocampus, and amygdala), limbic structures, basal ganglia, and frontal 

and posterior cortical regions (Beyer et al., 2007; Bouchard et al., 2008; Burton et al., 2004; 

Nagano-Saito et al., 2005; Summerfield et al., 2005).  These same atrophic areas are 

represented in the current DTI study as regions of either increased FA or decreased MD in 

cognitively impaired PD (PD-MCI and PD-D) relative to controls.  It is unsurprising but very 

pertinent that I found both microstructural degradation and gross atrophy in the same regions 

suggesting that abnormal FA or MD may be indicative of future atrophy (Basser & Pierpaoli, 

1996).   
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In a pathological study, de la Monte et al. (1989) identified cortical atrophy in PD-D along 

with gliosis in the basal ganglia and thalamus.  Rugg-Gunn et al. (2001) have demonstrated 

increased MD in a pathologically confirmed area of gliosis.  In the present study there was 

increased MD in the thalamus in PD-MCI, and both thalamus and caudate in PD-D.  Thus, it 

may be that the DTI changes in caudate and thalamus in the cognitively impaired patients in 

the present investigation represent gliosis and structural disorganization.  Likewise, the 

presence of alpha-synuclein pathology (Lewy neurites and Lewy bodies) may also alter 

diffusion parameters.  By neuropathological Braak stage 4, the first subtle accumulation of 

Lewy bodies begins to appear in the entorhinal region, temporal, insular, and cingulate 

cortices (Braak et al., 2003).  By stages 5 and 6, Lewy bodies appear in key neocortical areas, 

including sensory association areas, premotor, primary sensory and motor fields, as well as 

other prefrontal regions and limbic system.  These higher-level cortical regions are 

represented in my data by abnormal diffusion measures, but of equal importance, DTI 

measures from the white matter connections between these key regions indicate structural 

change.  Microstructural degeneration along these white matter tracts may be indicative of the 

role played by the regions they connect in the pathogenesis of PD-related cognitive decline 

(Braak & Del Tredici, 2008). 

A number of the regions exhibiting increased MD in PD-MCI and PD-D relative to controls 

appeared in the grey matter adjacent to the ventricles, which are filled with high signal CSF.  

While visual inspection of the images ensured no obviously misaligned images were included 

in the analysis, it is possible that some of this increase in MD is due to brain atrophy resulting 

in more partial volume of CSF and grey matter rather than microscopic integrity per se.  

While this is a possibility, the extent of the differences—covering large grey and white matter 

areas—suggests that increased MD most likely reflects microscopic damage.  In future work, 

this may be directly assessed by including grey matter concentration as a voxel-wise covariate 

to regress out the influence of gross atrophy. 

Regional diffusion changes in cognitively impaired PD (PD-MCI and PD-D), as well as areas 

showing correlation between DTI measures and aggregate cognitive Z-score, are 

representative of brain areas associated with the specific cognitive domains typically impaired 

in PD.  While executive function and attention, working memory and speed of processing 

appear to be the predominant cognitive domains affected in PD, memory and 

visuospatial/visuoperceptual function are also frequently affected (Dalrymple-Alford et al., In 

press; Verbaan et al., 2007; Watson & Leverenz, 2010).  Prefrontal regions, thought to be 
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important to executive function and attention, exhibited increased MD in cognitively impaired 

PD (PD-MCI and PD-D) and also showed a correlation with cognitive status (Z-scores).  The 

hippocampus and parahippocampal regions, important in memory functioning, also showed 

diffusion change.  These localized diffusion changes may therefore represent the 

microstructural correlates of cognitive decline in PD.   

Although both FA and MD were significantly associated with aggregate cognitive Z-score in 

a variety of brain regions, MD rather than FA appeared more sensitive to cognitive-related 

loss of structural integrity.  Most (Gattellaro et al., 2009; Peran et al., 2010; Zhang et al., 

2009), but not all previous DTI studies investigating both FA and MD values reported an 

approximately equal amount of diffusion change measured with both FA and MD.  Karagulle 

Kendi et al. (2008), identified widespread FA decreases in PD, but no change in MD in a 

whole brain voxel-wise analysis, while Chan et al. (2007) showed decreased FA in the 

substantia nigra, but no change in either FA or MD in any other subcortical region 

investigated (using an ROI-based analysis).  Although I identified white matter tract 

involvement in terms of both FA and MD, it may be that cognitive decline is predominantly 

associated with cortical microstructural damage and MD may therefore be more sensitive to 

such measures (Acosta-Cabronero et al., 2010).   

Interestingly FA—not MD—revealed localized, significant decreases in the drug naïve PD-N 

subgroup compared to PD-N patients on anti-parkinsonian medication in this study.  It is 

possible that individual anti-parkinsonian medication regimens may have influenced our 

results, but considering the small extent of significant clusters it is likely a negligible effect 

compared to disease-related change.  Furthermore, the medicated subgroup had longer mean 

disease duration.  This variable was not included as a covariate in the model; it is therefore 

difficult to ascertain whether the small significant clusters resulted from a medication 

difference or an underlying difference in disease duration.  Including disease duration in the 

design matrix might provide insight into this question.   

The direct interpretation of FA and MD change is complex (Jones et al., 2005).  FA is 

generally indicative of myelin fibre integrity and alignment and MD is proposed to be 

affected mainly by cellular size, integrity, and overall water content (Le Bihan, 2003).  

Whether this translates to increased or decreased anatomical connectivity can only be 

confirmed by post-mortem examination.  Although I refer to decreased FA and increased MD 

as a loss of microstructural integrity, radio-pathological correlation is necessary to confirm 
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this conclusion. Until then, only a change in DTI indices in relation to clinical status can be 

measured and reported. 

The majority of published DTI studies have investigated PD using an ROI approach, with a 

smattering of recent reports in which voxel-based methods have been employed.  While the 

two approaches each have their advantages and drawbacks, I used a voxel-based analysis for 

several reasons.  Chiefly, voxel-based methods allow the investigation of the whole brain in a 

straightforward, automated manner.  Whole-brain data was acquired and I therefore wished to 

exploit the entirety of the available information.  

This voxel-based study is associated with the limitations common to all voxel-based 

approaches.  Inference is only as accurate as the spatial normalization routine and biological 

variability may persist after normalization, leading to residual misalignment.  In addition, I 

did not collect a field map sequence or employ cardiac gating.  Such methods may improve 

data quality (Jezzard & Balaban, 1995), but they are time consuming and may have a 

negligible effect in group studies (Habib et al., 2010).  Although consensus criteria for PD 

was followed, diagnosis could not be pathologically confirmed given that this was a cross-

sectional study, and so this raises the potential of misdiagnosis in some cases, especially in 

those not on levodopa (and thus a positive levodopa response not able to be observed). 

In summary, DTI revealed diffusion changes in widespread white and grey matter structures 

in PD patients with cognitive impairment, indicative of a loss of microstructural integrity.  

Measures of mean diffusivity revealed an increasing trend from controls and PD-N through 

PD-MCI to show its highest value in PD-D.  The results suggest that parametric, voxel-based 

analysis of DTI MRI is a promising method for the evaluation and potential tracking of 

anatomical substrates of cognitive decline in Parkinson’s disease. 

9.2 Non-parametric voxel-based DTI analysis 

9.2.1 Introduction 

Voxel-based methods involve the spatial normalization of each image to a standardized 

template, aligning all brains to the same space.  Then, voxel-by-voxel statistical comparisons 

are performed under the assumption that each individual voxel represents the same anatomical 

position in each subject.  Voxel-based analysis eliminates user bias, the time consuming 

nature of tracing ROIs, and circumvents the need to make a priori hypotheses (i.e. define a 

limited number of ROIs) by allowing testing at every voxel in the brain.   But this wealth of 
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potentially useful information at every voxel is also the source of one of the technique’s main 

drawbacks.  Since many thousands of comparisons are performed, the chance of a Type I 

error is very high, creating a multiple comparison problem that must be addressed (Ashburner 

& Friston, 2000); this was discussed in section 5.4.2. Hypotheses are generally tested using 

standard parametric statistical procedures (t-tests), and a commonly used method for 

correction for multiple comparisons (family-wise error correction) is based on the theory of 

Gaussian random fields (Ashburner & Friston, 2000; Worsley et al., 1996).  These procedures 

are valid provided that the residuals of the linear model are independent and normally 

distributed.  On the assumption that the general linear model is appropriate, the residuals 

should be independent, but they may not be normally distributed (Ashburner & Friston, 

2000).  If the model assumptions are violated (i.e. non-normally distributed residuals), then 

non-parametric statistical analysis may be more appropriate (Holmes et al., 1996). 

9.2.2 Methods  

9.2.2.1 Normality testing 
I again employed the SPMd toolbox developed by Luo and Nichols (2003) to examine the 

validity of the underlying model assumptions with respect to the DTI data.  I tested the 

distribution of the residuals of two models investigated in section 9.1, the FA and MD 

ANCOVA models including controls, PD-N, PD-MCI, and PD-D.  The SPMd toolbox 

computes the Shapiro-Wilk statistic in each voxel.  In the Shapiro-Wilk test, the null 

hypothesis is that the residuals follow a normal (Gaussian) distribution.  The null hypothesis 

was rejected in voxels with p<0.05, as these voxels were deemed to have a non-normal 

distribution of residuals, violating assumptions of parametric statistical tests and Gaussian 

random field theory.  Non-normal residual voxels were characterized as a proportion of total 

brain voxels and displayed together with the parametric results from the FA and MD 

comparisons between PD-D and controls (see section 9.1.3.1).   

9.2.2.2 Non-parametric DTI analysis 
In light of results from the normality test (see section 9.2.3.1), I re-ran the pair wise group 

comparisons from section 9.1.2.4, but instead of parametric statistical tests, I employed 

permutation-based non-parametric inference using FSL’s “randomise” (Nichols & Holmes, 

2002).  Randomise is a permutation program enabling modelling and inference using the 

GLM design setup, without the limiting assumptions of parametric tests.  I again corrected for 

multiple comparisons using voxel-based thresholding (FDR-corrected p<0.05) for direct 

comparison with parametric results. 
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9.2.3 Results: non-parametric significance testing 

9.2.3.1 Normality of residuals 
Thirty-eight percent of brain voxels from the FA model and 69% of voxels from the MD 

model showed non-Gaussian distributed residuals, thereby violating parametric assumptions.  

Figure 9-8 displays the spatial distribution of voxels with non-Gaussian residuals in the FA 

model in the slices containing the significant (parametric) FA reduction in PD-D relative to 

controls.  Figure 9-9 shows non-normal residuals from the MD model overlaid on regions of 

increased MD in PD-D relative to control (parametric results). 

 

Figure 9-8.  Red-yellow colour indicates voxels with non-Gaussian residuals, while blue-green represents 
areas of significantly decreased FA in PD-D relative to controls (parametric results).  While most of the 
non-Gaussian voxels occur in the grey matter, there is a slight overlap in the localized area of decreased 
FA in PD-D relative to controls.  Slices z = 4, 6, 8, and 10 mm of the average FA image are displayed. 

 

Figure 9-9.  Red-yellow colour indicates voxels with non-Gaussian residuals, while blue-green represents 
areas of significantly increased parametric MD in PD-D relative to controls.  Voxels with non-Gaussian 
residuals occurred throughout both grey and white matter, overlapping extensively with regions identified 
as having increased MD in PD-D.  These differences (blue-green) were identified using parametric 
methods whose assumptions may not be valid in areas of red-yellow. 

9.2.3.2 Between-group, non-parametric voxel-based analysis of diffusion indices 
The two techniques (parametric and non-parametric) yielded virtually the same result, that of 

increased MD in cognitively impaired PD.  With non-parametric analysis, PD-MCI (Figure 
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9-10) and PD-D (Figure 9-11) exhibited significant MD increases relative to controls in the 

same areas identified in the parametric analyses.  There were no significant differences in MD 

in the PD-N group relative to controls.  No significant FA differences were identified between 

controls and any PD cognitive group or between the different PD cognitive groups (the 

parametric analysis returned only very limited FA differences in the PD-D group).  

 

Figure 9-10.  Red-yellow indicates areas of significantly increased MD in PD-MCI relative to controls 
using non-parametric hypothesis testing.  Overlaid blue-green shows increased MD resulting from 
parametric analysis (see 9.1.3.1).  Both non-parametric and parametric results are displayed at FDR-
corrected p<0.05.  The two techniques yield virtually the same result, that of increased MD in PD-MCI.  
The non-parametric results (red-yellow) cover all areas identified by the parametric results (blue-green).  

 

Figure 9-11.  Red-yellow indicates areas of significantly increased MD in PD-D relative to controls using 
non-parametric hypothesis testing.  Overlaid blue-green shows areas of increased MD from the 
parametric analysis (see 9.1.3.1).  Despite the large number of voxels violating the assumptions of 
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parametric analysis, the same areas of increased MD were identified using both parametric and non-
parametric methods. 

9.2.4 Discussion 

In this study, I again investigated DTI measures using wholebrain, voxel-wise measures.  In 

section 9.1, standard parametric voxel-based analysis of DTI data was performed.  While 

application of parametric voxel-based approaches to DTI data has become standard and 

accepted, the exploration and validation of the underlying statistical assumptions is frequently 

neglected in neuroimaging (Jones et al., 2005; Luo & Nichols, 2003).  I found that even 

smoothed FA and MD data violated the underlying assumptions of Gaussian random field 

theory and parametric statistics in widespread, spatially extensive regions, including white 

matter tracts as well as cortex and subcortical grey matter.  The extent to which these findings 

affect the validity of statistical inferences made in previous voxel-based DTI findings in PD, 

in which data and the model fit were not specifically explored or reported, is open to debate 

and further investigation (Karagulle Kendi et al., 2008; Lee et al., 2010; Scherfler et al., 2006; 

Zhang et al., 2009). 

Based on the large number of voxels that the Shapiro-Wilk test deemed to have non-

Gaussian-distributed residuals, I elected to repeat the parametric analyses (described in 

section 9.1.2.4) using non-parametric hypothesis testing.  Despite the large number of non-

normally distributed voxels in the MD model, both parametric and non-parametric analyses 

showed essentially the same pattern of significantly increased MD in PD-MCI and PD-D 

relative to controls (Figure 9-10 and Figure 9-11).  There were no significant decreases in any 

of the comparisons involving FA, although only very limited areas were identified using 

parametric analyses.  

The MD differences in cognitively impaired PD thus appeared robust (i.e. they were 

identified in the same regions using both parametric and non-parametric methods), and 

therefore, I am more confident of true underlying microstructural change in cognitively 

impaired PD.  In summary, parametric analysis of DTI data in PD, at least in the population 

examined, appeared robust to assumption violations and showed increased MD in both PD-

MCI and PD-D. 

9.3 Analysis of DTI data in PD using tract-based spatial statistics 

To date, investigations employing DTI data in PD have used ROI or voxel-based analyses 

following similar approaches to voxel-based morphometry (Ashburner & Friston, 2000).  In 
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this chapter, I have outlined a voxel-based analysis in which both the FA and MD images 

were warped into a standard space.  Voxel-wise statistics, whether parametric or non-

parametric, were then analysed over the whole brain. 

This voxel-based approach has been used only recently in PD research (Karagulle Kendi et 

al., 2008; Lee et al., 2010; Scherfler et al., 2006; Zhang et al., 2009), but extensively in other 

disorders such as Alzheimer’s disease (Medina et al., 2006) and epilepsy (Focke et al., 2008), 

as well as closed head injury (Chappell et al., 2008).  There are limitations, however, to a 

VBM-type analysis (Bookstein, 2001).  Specifically, diffusion data may be particularly 

sensitive to residual misalignments of the normalization process, which may then lead to 

misinterpretation of findings.  Smith et al. (2006) highlight this potential confound with the 

following scenario:  

A patient group includes individuals with greater ventricular sizes than a control group.  
The two groups, however, have the same basic white matter integrity.  Because of the 
differences in ventricular configuration, conventional […] registration approaches will 
shift the anterior section of the corpus callosum anteriorly in the patient group relative to 
the controls […]. When voxelwise statistics are carried out, this residual misalignment 
shows up as a group difference in FA; at the front of the corpus callosum, it appears that 
FA (patients) > FA (controls).  (p. 1489) 

A second issue concerning VBM-style analyses is the smoothing of DTI images.  Smoothing 

does help to ameliorate small misalignments, but Jones et al. (2005) have shown that results 

depend very strongly on the amount of smoothing.  Furthermore, smoothing increases partial 

voluming, in which the signal at a particular voxel depends upon its neighbouring voxels.  

Smoothing makes it impossible to confidently separate out a change in FA at the edge of a 

white matter tract being due to a true change in structure orientation or due to the mixing of 

different tissue contributions as a result of smoothing.  

9.3.1 Tract-based spatial statistics methods 

In an effort to minimize the effect of these two main limitations (alignment inaccuracies and 

smoothing effects), I also investigated the DTI data using a new methodology called tract-

based spatial statistics (TBSS).  “TBSS aims to improve the sensitivity, objectivity and 

interpretability of analysis of multi-subject diffusion imaging studies” by employing 

nonlinear registration, followed by projection onto an alignment-invariant tract representation 

called the mean FA skeleton (http://www.fmrib.ox.ac.uk/fsl/tbss/index.html; Smith et al., 

2006). 
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The method is as follows: i) The eddy current corrected, brain extracted FA images were used 

as the input for the TBSS processing.  ii) All subjects’ FA images were aligned to a common 

space (defined by the FMRIB58 FA template) using the nonlinear registration tool FNIRT 

(Andersson et al., 2007a; Andersson et al., 2007b).  iii) The mean FA image was created and 

then thinned (FA>0.25) to create a mean FA skeleton, which represents the centres of all 

tracts common to the group.  iv) Each subject’s aligned FA image was then projected onto 

this common skeleton and the resulting demeaned data fed into non-parametric, permutation-

based voxel-wise cross-subject statistical analysis.  v) The nonlinear warps and skeleton 

projection were then applied to individuals’ MD images to create a skeleton representing the 

MD values from the centres of all tracts common to the group.  vi) Voxel-wise statistics were 

also performed using the skeletonised MD images. 

I repeated the same comparisons examined in the original parametric DTI analysis, described 

in section 9.1.2.4.  Voxel-wise statistics were performed using a permutation-based inference 

tool for non-parametric statistical thresholding (“randomise” in FSL).  The null distribution 

was built up over 5000 permutations and the significance threshold for between-group 

comparisons was set at p<0.05, corrected for multiple comparisons using the threshold-free 

cluster-enhancement (Smith & Nichols, 2009). 

9.3.2 TBSS results 

No significant decrease in FA along the skeleton in PD-N relative to controls was identified 

(Figure 9-12; upper panel).  PD-MCI exhibited significant FA decreases in white matter tracts 

relative to controls including bilateral genu (forceps minor), body, and splenium (forceps 

major) of the corpus callosum; middle and posterior bilateral cingulum bundles; anterior and 

posterior limbs of the internal capsule; external capsule; hippocampal white matter; anterior 

thalamic radiation, inferior fronto-occipital, inferior longitudinal, and superior longitudinal 

fasciculus; mid-brain regions (cerebral peduncles); cortico-spinal tracts; and cerebellar white 

matter (Figure 9-12; middle panel).  PD-D exhibited more extensive areas of decreased FA 

compared to controls, including the fornix, the full length of the hippocampal white matter 

and cingulum bundles, and thalamic white matter (Figure 9-12; lower panel).   
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Figure 9-12.  The study specific mean FA skeleton, representing the centres of the large white matter 
tracts, is displayed in green, overlaid on the MNI152 T1-weighted template.  Red indicates any regions of 
significant FA decrease in PD-N (upper panel), PD-MCI (middle panel), and PD-D (lower panel) relative 
to controls (p<0.05 corrected for multiple comparisons using threshold-free cluster enhancement).  PD-N 
showed no significantly decreased FA while both PD-MCI and PD-D exhibited extensive white matter 
decreases.  The blue lines on the sagittal view indicate the axial slices displayed. 

On examination of only the PD groups and with the inclusion of UPDRS as a covariate, PD-

MCI (compared to PD-N) exhibited reduced FA in bilateral genu and body of corpus 

callosum; inferior fronto-occipital, inferior longitudinal, and superior longitudinal fasciculus; 

anterior thalamic radiation; external capsule; anterior and posterior (left only) limb of internal 

capsule; external capsule; and left middle cingulum bundle (Figure 9-13).  An additional trend 

(p=0.06) of decreased FA was identified in PD-D relative to PD-N in right posterior corona 

radiata; forceps major; and posterior inferior fronto-occipital fasciculus (data not shown).  No 

significant FA differences between PD-MCI and PD-D were identified. 

 

Figure 9-13.  Red clusters showing regions of significantly decreased FA in PD-MCI relative to PD-N after 
covarying for age, sex, years of education, and UPDRS-III (p<0.05 corrected).  

All three PD cognitive groups exhibited increased MD relative to controls.  PD-N showed 

significantly increased MD relative to controls in localized areas of bilateral genu, body, and 

splenium of corpus callosum; bilateral middle and posterior cingulum bundles; inferior 

fronto-occipital, inferior longitudinal, and superior longitudinal fasciculus; anterior thalamic 
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radiation; cortico-spinal tract; left posterior limb of internal capsule; and left external capsule 

(Figure 9-14; upper panel).  PD-MCI showed evidence of increased MD in numerous white 

matter tracts including those identified in PD-N, with the addition of the full length of the 

cingulum bundle bilaterally; bilateral anterior and posterior internal capsule; external capsule; 

and mid-brain regions including cerebral peduncles (Figure 9-14; middle panel).  As 

anticipated, PD-D exhibited extensive MD increases, including the same regions present in 

PD-N and PD-MCI, plus bilateral mid-brain and fornix, but right cingulum bundle was absent 

(Figure 9-14; lower panel).   

 

Figure 9-14.  Red clusters of significantly increased MD relative to controls in PD-N (upper panel), PD-
MCI (middle panel), and PD-D (lower panel, p<0.05 corrected).  All PD cognitive groups displayed 
increased MD compared to controls.  PD-N exhibited the most spatial restriction while PD-D showed 
extensive MD increases throughout the white matter. 

When the analysis was limited to just the PD groups, I identified significantly increased MD 

in widespread, predominantly anterior, white matter tracts in both PD-MCI and PD-D relative 

to PD-N.  Regions of increased MD included genu and body of corpus callosum; external 

capsule; anterior and posterior (left only) limbs of internal capsule, inferior fronto-occipital, 

inferior longitudinal, and superior longitudinal fasciculus; and left middle cingulum bundle in 

PD-MCI (Figure 9-15; upper panel) and similar regions in PD-D also extending to include 

uncinate fasciculus and cortico-spinal tracts (Figure 9-15; lower panel).  No significant 

differences in MD were identified between PD-MCI and PD-D. 
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Figure 9-15.  Red clusters showing regions of significantly increased MD in PD-MCI (upper panel) and 
PD-D (lower panel), relative to PD-N after covarying for age, sex, years of education, and UPDRS-III 
(p<0.05 corrected).  Differences were mainly confined to anterior brain regions. 

Regression analysis revealed no significant association between DTI indices (FA and MD) 

and measures of cognition (aggregate cognitive Z-score) or motor impairment (UPDRS-III).   

9.3.3 TBSS discussion 

The strength of TBSS and the FA skeleton is that each voxel within the skeleton should 

represent a value from the same point along the same tract in each individual. This superior 

registration, while still using a voxel-based methodology, is the chief advantage of TBSS.  

Secondly, TBSS eliminates the ambiguity surrounding smoothing (normally a necessary step 

in conventional voxel-based analyses) by completely removing it from the preprocessing 

pipeline.  By restricting voxel-wise analysis to the FA skeleton, the number of statistical tests 

is reduced, moderating the multiple comparisons problem, yet I still corrected for multiple 

comparisons.  In sections 9.1 and 9.2, I corrected for multiple comparisons using voxel-based 

thresholding.  Here I employed a cluster-based approach that uses spatial neighbourhood 

information to boost confidence in extended areas of significant difference.  Traditionally, 

cluster-based thresholding routines required user input to define the initial cluster-forming 

threshold.  Threshold-free cluster enhancement avoids specifying an initial user-dependent 

cluster extent threshold, while sensitizing the inference to a wide range of signals (Smith & 

Nichols, 2009). 

The TBSS methodology still has the inherent limitations of any DTI study in that head motion 

can corrupt or bias images and areas of crossing fibres or tract junctions need to be interpreted 

with care.  While focusing on accurately registering the centres of the important white matter 

tracts, TBSS ignores a large majority of the DTI data.  This is both a benefit and a major 

disadvantage.  Confidence in the alignment and therefore statistical comparisons is extremely 
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important, but it comes at the expense of discarding the majority of the potentially interesting, 

whole-brain data that involved substantial time (both participant and scanner) and money to 

acquire.   

TBSS allowed the identification of abnormal microscopic structural integrity in the centres of 

principal white matter tracts in terms of both FA and MD measures.  Although both PD-MCI 

and PD-D exhibited regions of decreased FA compared to controls, only PD-MCI showed 

decreased FA in relation to PD-N.  The lack of significant findings in the PD-D group may be 

due to the smaller number of patients with dementia.  In the case of MD, a continuum was 

apparent.  All three PD groups (PD-N, PD-MCI, and PD-D) showed significantly increased 

MD compared to controls.  When compared to PD-N and covarying for UPDRS-III, both PD-

MCI and PD-D showed increased MD.  These findings suggest that PD is associated with 

some white matter damage, irrespective of cognitive status, even early in the disease process.  

As cognitive impairment ensues and increases, FA and MD measures suggest further 

degradation.  However, I did not find significant correlation with cognitive or motor score and 

the reason for this is unclear.  Whether the progressive damage indicated by worsening FA 

and MD values is driven by cognitive impairment is difficult to ascertain in the absence of 

significant association with cognitive Z-score.  Disease duration was not included in the 

model.  Cognitive Z-score significantly correlated with disease duration (r = 

€ 

−0.45 , p<0.001, 

CI95 = [0.27, 0.60]).  Perhaps this would help to explain the worsening DTI values with 

increasing cognitive impairment.   

A pilot study that was reported at the 17th meeting of the International Society for Magnetic 

Resonance in Medicine, 2009, utilized TBSS in 16 PD subjects and 15 controls (Ezra et al., 

2009).  The authors identified no significant focal microstructural abnormalities.  They did, 

however, report significant differences between postural instability gait disorder and tremor-

dominant PD subtypes in the left temporo-parietal white matter.  Whether my data would 

have revealed similar results is unknown as I investigated cognitive subtypes in PD rather 

than motor subtypes.   

In previous DTI work in Parkinson’s disease, the majority of ROI-based studies have focused 

on the basal ganglia or large regions of grey or white matter (Chan et al., 2007; Ito et al., 

2007; Nicoletti et al., 2006; Schocke et al., 2002; Schocke et al., 2004; Yoshikawa et al., 

2004).  These studies did not necessarily investigate the connective white matter tracts.  

Thalamic white matter would presumably have been included in the thalamus region, but not 
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specifically investigated and voxel-based studies, in testing every voxel in the brain, would 

have included similar regions.  Consistent with the present results, others have identified DTI 

changes in corpus callosum (Karagulle Kendi et al., 2008), cingulum (Lee et al., 2010), 

temporal white matter (Lee et al., 2010), orbito-frontal regions including olfactory tracts 

(Scherfler et al., 2006; Zhang et al., 2009), and superior longitudinal fasciculus (Karagulle 

Kendi et al., 2008).  Yet my findings were of more extensive abnormality, including other 

white matter tracts and regions.  These differences may be explained by the differing analysis 

methodologies and the inclusion of distinct PD cognitive groups in my study (as opposed to a 

single PD group in other studies).   

In summary, the TBSS method identified widespread change in DTI metrics in PD.  This 

methodology also revealed significant change in PD-N, indicating that detectable 

microstructural white matter change occurs at all stages of PD, not just with cognitive 

impairment.  Thus, DTI and TBSS provide a sensitive measure of microscopic structural 

integrity in PD and may serve as a useful in vivo imaging biomarker.  

9.4 DTI conclusions 

Both the whole-brain voxel-based and skeleton TBSS methodologies identified extensive 

change in DTI indices with cognitive impairment in PD.  In neuroimaging research, 

underlying statistical assumptions are rarely explored, and in this dataset, assumptions 

underlying parametric statistics were violated.  Thus, I elected to employ non-parametric 

strategies.  Whole-brain non-parametric analysis of DTI measures supported the finding of 

increased MD in extensive brain regions in PD-MCI and PD-D.  TBSS analysis further 

supported this finding, also demonstrating significantly increased MD in white matter tracts in 

both PD-MCI and PD-D.  These results therefore suggest that the principal DTI finding in PD 

is microstructural damage in cognitively impaired PD (PD-MCI and PD-D).  However, some 

microstructural damage in PD-N was identified using TBSS, indicating that this decline may 

follow a continuum beginning with the onset of PD, but accelerated by cognitive decline.  

It thus appears that TBSS—with benefits of improved registration, non-parametric hypothesis 

testing, and cluster-based multiple comparisons corrections—provides a sensitive marker of 

microstructural damage and loss of cellular organization in PD.  Unfortunately this method 

excludes a large amount of potentially useful data.  Consequently, a combination of various 

techniques (ROI, whole-brain voxel-based, and TBSS) that utilizes DTI data to the fullest 

extent, by incorporating highly registered data as well as more extensive whole-brain data, 
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may provide an ideal synthesis of techniques to facilitate a more complete understanding of 

microstructural integrity and its relation to PD-related cognitive decline. 
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10 Concluding remarks 

10.1 Summary of imaging findings 

In this thesis, I applied multiple MRI techniques to the investigation of cognitive impairment 

in Parkinson’s disease.  The ultimate goal of this research was twofold: (1) to characterize 

PD-related cognitive decline in terms of objective MRI measures, and (2) to identify and 

develop possible imaging biomarkers of cognitive decline in PD.  Results from the GLM 

analysis of structural, perfusion, and diffusion tensor MRI satisfy (1).  The perfusion pattern 

identified in Chapter 7 and the dissociation of perfusion-atrophy in PD-MCI in Chapter 8 

provide easily accessible biomarkers satisfying (2). 

10.1.1 Structural MRI findings 

In Chapter 6, using structural MRI and voxel-based morphometry, I found that cognitive 

impairment was associated with grey matter atrophy—patients with mild cognitive 

impairment (PD-MCI) and those with dementia (PD-D) both showed widespread areas of 

decreased grey matter, greater in PD-D.  In contradistinction, those with normal cognition 

were indistinguishable from controls.  Furthermore, a significant association between 

cognitive status (cognitive Z-score) and grey matter atrophy was identified.  These findings 

are important in that they establish a hierarchy of brain atrophy that may be independent of 

motor severity in PD and may specifically reflect PD-related cognitive decline.  They support 

the concept of mild cognitive impairment as a valid entity, anatomically separate from those 

with normal cognition and dementia.  Measures of brain atrophy may thus help with 

monitoring in PD.  

10.1.2 Arterial spin labelling MRI findings 

Chapters 7 and 8 present the first full investigations of cerebral perfusion using arterial spin 

labelling MRI in Parkinson’s disease.   

10.1.2.1 Network analysis: Chapter 7 
Using principal component analysis, I identified a very promising imaging biomarker in the 

form of a characteristic PD-related perfusion pattern.  While this pattern was identified using 

binomial logistic regression based solely on whether an individual had PD or was healthy 

(with no information about cognitive status), expression of the pattern correlated with 
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cognitive status primarily, but also with motor severity.  Absolute perfusion values enabled 

me to challenge the standard interpretation of the PET-derived perfusion pattern in PD.  I 

have shown that what have been described as regions of anomalously increased perfusion in 

PD are actually regions where perfusion remains unchanged relative to controls.  This non-

invasive, easily obtainable measurement (expression of the derived pattern) provides an 

exciting method of possibly identifying, quantifying, and tracking disease progression.  If 

validated (see future work in section 10.3), this may become an important addition to the 

diagnostic and monitoring armamentarium of the Parkinson’s disease clinician. 

10.1.2.2 Perfusion and atrophy: Chapter 8 
Just as the work described in Chapter 7 was the first application of perfusion MRI in PD, 

Chapter 8 extended this with a novel approach in which perfusion changes were compared 

with grey matter atrophy.  Those with PD and normal cognition were indistinguishable from 

controls in terms of both grey matter and perfusion changes.  PD-D exhibited widespread 

atrophy and hypoperfusion.  Those with mild cognitive impairment (PD-MCI), however, 

showed extensive hypoperfusion with only minimal atrophy in the population assessed with 

both modalities.  This dissociation provides insight into the pathophysiology of the disease, 

where prevalent blood flow reduction (potentially reversible) appears to precede (irreversible) 

atrophy.  The dissociation—of extensive hypoperfusion but minimal atrophy—may provide 

an additional imaging marker of cognitive impairment in PD.  Lastly, the dissociation 

provides another therapeutic avenue, as cerebral perfusion can be directly targeted with 

existing pharmaceuticals such as donepezil and rivastigmine, in which administration was 

associated with an increase in cognition and cerebral perfusion in cognitively impaired PD 

(Ceravolo et al., 2006; Imamura et al., 2008). 

10.1.3 DTI findings 

This was the first investigation to specifically assess the full spectrum of cognitive 

impairment in PD using diffusion MRI.  A single study has investigated PD-D (Lee et al., 

2010), but there has been no application of DTI in PD-MCI until now.  I identified decreased 

FA and increased MD in cognitively impaired PD using three different analytical techniques, 

both in grey and white matter, as well as the centres of the main white matter tracts.  In 

particular, MD decreases were identified by all three analysis methods (parametric, non-

parametric, and TBSS), suggesting that MD changes might be the most robust, as well as 

sensitive, indicator of microscopic change in PD.  While both structural and perfusion 

investigations primarily identified changes in cognitively impaired groups, the TBSS 
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methodology revealed significantly reduced MD in those with normal cognition as well.  

Thus, whilst cognitive decline may be associated with an accelerated increase in MD, there 

appears to be at least some loss of structural organization associated with the development of 

PD itself.  The identified correlation between diffusion metrics and cognitive status enabled 

the localization of structural changes that are linked to cognitive decline and again might 

prove to be a valuable biomarker for cognitive decline in PD. 

10.2 Implications for Parkinson’s disease 

Functional abnormality, in the form of ASL-derived hypoperfusion, was the most spatially 

extensive imaging marker of cognitive impairment identified in this thesis, suggesting that 

functional blood flow deficits may play an important role in the presence of PD-related 

cognitive decline.  The pathogenic importance of hypoperfusion in PD is difficult to interpret 

because it is unclear whether these changes are a cause or consequence of neuronal 

dysfunction and degeneration.  While I have briefly discussed the possible relationships 

between cognition and cholinergic dysfunction or alpha-synuclein pathology, a further 

possibility may be a more vascular explanation.  In the related field of Alzheimer’s disease, 

recent developments point to the involvement of vascular factors underlying mechanisms of 

the disease, in particular the dysfunction of astrocytes (Iadecola, 2004).  In a healthy brain, 

astrocytes link neurons with arterioles and capillaries (Maragakis & Rothstein, 2006).  In 

essence, the message that a firing neuron requires more blood is relayed through the astrocyte 

to the smooth muscles surrounding an upstream arteriole, which then dilates to supply the 

downstream neuron with more blood.  In Alzheimer’s disease, astrocytic function may 

become impaired with the end result that blood regulation also breaks down (Iadecola, 2004; 

Maragakis & Rothstein, 2006).  In a recent review of PD pathology, Braak et al. (Braak & Del 

Tredici, 2008) discuss the accumulation of alpha-synuclein material in the astrocytes of the 

parkinsonian brain.  This accumulation begins in stage 4 to 6 with a gradual increase in 

successive stages.  As Braak stage correlates with cognition, the accumulation of alpha-

synuclein material in the later stages leading to astrocytic dysfunction and subsequent 

hypoperfusion may provide an additional relationship between cognition and perfusion in PD.  

Findings of disrupted microstructural integrity tell a similar story.  Cognitive decline in PD 

also appears evident in the microstructure possibly underlying these functionally impaired 

pathways.  Spatially extensive white matter and associated grey matter abnormalities were 

identified using diffusion MRI.  The spatial extent of DTI-detected differences in cognitively 

impaired PD coincided with hypoperfused areas identified using ASL.   
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While I did identify grey matter atrophy in PD-MCI, it was less spatially extensive than the 

PD-D group.  Structural MRI may not be as sensitive as DTI and ASL to differences related 

to cognition.  Alternatively, the brain itself may be more resistant to atrophy than 

microstructural damage or functional hypoperfusion, as atrophy occurs only with increased 

severity of cognitive impairment.  Both pathological and structural imaging studies have 

identified grey matter atrophy, especially in those with dementia (see Chapter 6); it therefore 

seems likely that gross atrophy occurs with more severe cognitive impairment, not evident in 

Parkinson’s disease with normal cognition.  It is not surprising then, that the areas where 

atrophy was identified in PD-D, and the spatially limited regions in PD-MCI, also exhibited 

microstructural abnormalities (via DTI) and decreased perfusion (via ASL).  

Using the data and results presented in this thesis, I am unable to demonstrate a direct 

relationship between pathological changes that underlie abnormal diffusion measures, grey 

matter atrophy, and hypoperfusion.  While the underlying pathophysiology may be a complex 

network of cell death, protein accumulation, loss of microscopic cellular organization, 

neurotransmitter malfunction, and hypoperfusion, I have derived pertinent and useful markers 

of cognitive impairment in Parkinson’s disease, using multiple MRI modalities, and have 

perhaps helped to clarify the status of brain structural integrity and function in the condition. 

10.3 Future work 

Single voxel spectroscopy data were acquired from the posterior cingulate/retrosplenial area 

as well as the striatum.  Due to time limitations, this extensive dataset has not yet been fully 

analysed and is therefore not included in this thesis.  There is some indication that PD is 

associated with abnormal levels of N-Acetyl aspartate (Camicioli et al., 2004), so a thorough 

instigation of the spectroscopy data is warranted.  Analysis of covariance could be used to 

investigate the relationship between metabolite values and cognitive status in PD.  Using 

logistic regression, multiple MRI modalities from the spectroscopy voxels (posterior cingulate 

or striatum) could be used to predict Parkinson’s disease.  In addition, spectroscopic values 

could be used as covariates in, for example, diffusion and structural analyses.  

In this thesis, correlation analysis was restricted to measures of global cognition, i.e. 

aggregate cognitive Z-score or the MoCA.  The numerous, individual neuropsychological 

tests in the four cognitive domains used to create the aggregate Z-score (20 measures in 14 

tests) were not further investigated in terms of correlation with regional morphology (VBM), 

perfusion (ASL) or microstructural (DTI) MR changes.  Since the cognitive domains are 
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differentially affected in individuals with Parkinson’s disease, a logical step would be to 

perform whole-brain correlation analyses with the different neuropsychological tests.  Such an 

approach could provide additional insight into the process of cognitive decline in PD. 

In Chapter 7, I employed principal component analysis instead of independent component 

analysis for a variety of reasons.  I have performed an initial comparison between principal 

component analysis (PCA) and independent component analysis (ICA) in this data set, but a 

more extensive evaluation could inform whether more useful information might be gleaned by 

employing ICA.  Additionally, I utilized a logistic regression to create the characteristic PD-

related perfusion network.  A more complex classification model (support vector machine or 

kernel-based methods) may provide more accurate classification, although recent work shows 

prediction based on cross-validated logistic regression is equivalent to that from more 

complex models (Innes et al., In press).  Furthermore, if the radiotracer patterns previously 

described by Eidelberg and colleagues could be obtained, it would be very interesting to apply 

these previously defined patterns to my current ASL data in order to determine whether the 

same cognitive and motor patterns emerge. 

In Chapter 8, I analysed both structural and perfusion MR images, but in general the analyses 

presented in this thesis have been from a single modality.  Phrased another way, I collected a 

very large data set from a single participant and then proceeded to analyse one part at a time, 

excluding potentially useful information from other modalities.  The obvious step forward is 

to use all MRI modalities simultaneously.  One possible approach is tensorial 

principal/independent component analysis.  This technique allows for the simultaneous 

investigation of structural, diffusion (both FA and MD), and perfusion images and might 

elucidate additional information not present in the individual modality investigations, thereby 

providing an even more useful and informative biomarker. 

Probabilistic tractography methods can provide unique information about structural 

connections.  Results from this thesis suggest that tractography could be worthwhile in 

investigating connectivity between spatially distinct regions of atrophy or hypoperfusion. 

Many definitions for MCI exist.  Researchers at the Van der Veer Institute for Parkinson’s 

and Brain Research have compared the application of varying MCI criteria in a large group of 

PD patients (Dalrymple-Alford et al., In press).  Imaging may in fact help inform which of 

these MCI criteria are most appropriate based on cerebral blood flow, microstructural status 

and grey matter integrity indices provided by advanced MR techniques. 
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In this thesis, I have established promising, but cross-sectional, biomarkers of cognitive 

decline in PD.  To provide maximum utility to the Parkinson’s disease community, these 

markers should not only describe PD status at a single time point, but progression as well.  A 

longitudinal study—currently underway—will provide the opportunity to test whether these 

encouraging imaging findings can faithfully track progression of PD-related cognitive 

decline. 
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Group	   Subject	  ID	   SPGR	   DTI	   ASL	   Sex	   Age	   Education	   MMSE	   MoCA	   Z	  cog	   Duration	   Side	   UPDRS-‐III	   H&Y	  

Control	   4559	   +	   +	   o	   F	   79	   16	   28	   26	   0.12	   o	   o	   o	   o	  

Control	   4561	   +	   +	   o	   F	   65	   10	   28	   30	   0.72	   o	   o	   o	   o	  

Control	   5486	   +	   +	   +	   M	   62	   18	   30	   30	   1.49	   o	   o	   o	   o	  

Control	   5585	   +	   +	   +	   F	   73	   15	   29	   25	   0.85	   o	   o	   o	   o	  

Control	   5702	   +	   +	   +	   M	   64	   16	   30	   26	   0.91	   o	   o	   o	   o	  

Control	   5703	   +	   +	   +	   M	   76	   18	   30	   25	   0.57	   o	   o	   o	   o	  

Control	   5704	   +	   +	   +	   M	   76	   11	   30	   28	   0.42	   o	   o	   o	   o	  

Control	   5800	   +	   +	   +	   F	   73	   10	   28	   24	   0.46	   o	   o	   o	   o	  

Control	   5802	   +	   +	   +	   F	   74	   18	   30	   29	   1.00	   o	   o	   o	   o	  

Control	   6574	   +	   +	   +	   M	   63	   16	   30	   26	   0.69	   o	   o	   o	   o	  

Control	   6576	   +	   +	   +	   M	   63	   16	   29	   28	   0.06	   o	   o	   o	   o	  

Control	   6765	   +	   +	   -‐	   M	   77	   10	   27	   25	   0.29	   o	   o	   o	   o	  

Control	   6766	   +	   +	   +	   M	   77	   13	   29	   25	   0.19	   o	   o	   o	   o	  

Control	   6770	   +	   +	   +	   M	   78	   10	   30	   27	   0.31	   o	   o	   o	   o	  

Control	   6849	   +	   +	   +	   M	   51	   11	   28	   26	   0.17	   o	   o	   o	   o	  

Control	   7107	   +	   +	   +	   M	   77	   18	   29	   26	   1.17	   o	   o	   o	   o	  

Control	   7109	   +	   +	   +	   M	   77	   11	   30	   30	   0.23	   o	   o	   o	   o	  

Control	   7260	   +	   o	   +	   M	   68	   13	   30	   30	   1.24	   o	   o	   o	   o	  

Control	   7442	   +	   +	   o	   M	   71	   10	   28	   27	   0.50	   o	   o	   o	   o	  

Control	   7683	   +	   +	   +	   F	   66	   10	   29	   28	   0.72	   o	   o	   o	   o	  

Control	   8616	   +	   +	   -‐	   M	   80	   15	   26	   24	   0.92	   o	   o	   o	   o	  

Control	   8617	   +	   -‐	   +	   F	   53	   15	   29	   28	   0.61	   o	   o	   o	   o	  

Control	   8618	   +	   +	   +	   F	   71	   12	   30	   30	   1.08	   o	   o	   o	   o	  

Control	   8619	   +	   +	   +	   M	   45	   14	   28	   26	   0.55	   o	   o	   o	   o	  

Control	   8858	   +	   +	   +	   M	   68	   11	   28	   25	   -‐0.23	   o	   o	   o	   o	  

Control	   8862	   +	   +	   +	   F	   70	   12	   30	   29	   1.26	   o	   o	   o	   o	  

Control	   8948	   +	   +	   +	   M	   62	   11	   28	   28	   0.58	   o	   o	   o	   o	  

Control	   9117	   +	   +	   +	   M	   50	   15	   30	   28	   0.49	   o	   o	   o	   o	  

Control	   9122	   +	   +	   +	   F	   79	   15	   29	   27	   0.70	   o	   o	   o	   o	  
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Control	   9556	   +	   +	   +	   M	   68	   11	   29	   30	   0.55	   o	   o	   o	   o	  

Control	   11548	   +	   +	   +	   M	   76	   18	   27	   27	   0.83	   o	   o	   o	   o	  

Control	   11890	   +	   +	   +	   M	   66	   13	   29	   28	   0.42	   o	   o	   o	   o	  

Control	   11891	   +	   +	   +	   M	   73	   15	   30	   26	   0.91	   o	   o	   o	   o	  

Control	   12208	   +	   +	   +	   F	   79	   12	   28	   23	   0.34	   o	   o	   o	   o	  

PD-‐N	   1361	   +	   +	   o	   F	   69	   11	   29	   28	   0.37	   12.5	   R	   11	   2	  

PD-‐N	   1362	   +	   +	   o	   M	   76	   14	   30	   26	   0.11	   14.0	   L	   23	   2.5	  

PD-‐N	   1363	   +	   +	   o	   M	   64	   12	   30	   27	   0.22	   13.0	   L	   43	   3	  

PD-‐N	   1364	   +	   +	   o	   M	   47	   15	   30	   30	   0.67	   8.0	   L	   25	   2	  

PD-‐N	   1733	   +	   +	   o	   F	   71	   15	   30	   25	   0.13	   8.0	   L	   21	   3	  

PD-‐N	   2010	   +	   +	   o	   F	   71	   13	   29	   27	   0.01	   5.2	   R	   24	   2.5	  

PD-‐N	   2011	   +	   +	   o	   M	   74	   10	   30	   27	   0.57	   2.5	   L	   42	   2.5	  

PD-‐N	   2012	   +	   +	   o	   F	   75	   13	   30	   28	   0.31	   5.0	   L	   25	   2.5	  

PD-‐N	   2846	   +	   +	   o	   M	   66	   10	   30	   29	   0.16	   3.0	   R	   38	   2	  

PD-‐N	   2848	   +	   +	   o	   F	   67	   14	   29	   30	   0.37	   1.5	   L	   13	   1	  

PD-‐N	   3395	   -‐	   +	   o	   M	   72	   15	   28	   26	   0.43	   6.0	   R	   36	   3	  

PD-‐N	   3396	   +	   +	   o	   F	   72	   12	   29	   28	   0.41	   3.5	   R	   27	   1.5	  

PD-‐N	   3623	   +	   +	   o	   M	   73	   11	   30	   28	   -‐0.13	   6.0	   R	   24	   1.5	  

PD-‐N	   4231	   +	   +	   o	   M	   77	   13	   30	   o	   1.05	   1.5	   o	   11	   2	  

PD-‐N	   4560	   +	   +	   o	   F	   66	   14	   30	   o	   0.70	   1.0	   R	   20	   1.5	  

PD-‐N	   4735	   +	   +	   o	   M	   52	   9	   29	   29	   0.26	   4.0	   R	   70	   3	  

PD-‐N	   4736	   +	   +	   o	   M	   63	   18	   29	   25	   -‐0.62	   4.3	   R	   20	   1.5	  

PD-‐N	   4738	   +	   +	   o	   M	   57	   12	   29	   26	   0.70	   1.0	   R	   14	   1	  

PD-‐N	   4740	   +	   +	   o	   M	   49	   10	   28	   22	   -‐0.21	   5.0	   R	   61	   3	  

PD-‐N	   5238	   +	   +	   o	   M	   52	   10	   29	   25	   -‐0.28	   1.0	   L	   16	   1	  

PD-‐N	   5239	   +	   +	   o	   M	   63	   10	   29	   o	   0.46	   3.0	   R	   28	   1.5	  

PD-‐N	   5242	   +	   +	   o	   M	   48	   8	   28	   29	   0.76	   2.0	   L	   29	   1.5	  

PD-‐N	   5396	   +	   +	   +	   M	   66	   10	   29	   24	   0.35	   1.0	   R	   22	   2.5	  

PD-‐N	   5584	   +	   +	   -‐/+	   M	   63	   11	   29	   21	   -‐0.37	   3.0	   L	   36	   3	  

PD-‐N	   5801	   +	   +	   +	   F	   63	   11	   30	   27	   0.48	   5.0	   R	   21	   1.5	  
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PD-‐N	   6099	   +	   +	   +	   M	   76	   18	   28	   24	   0.27	   4.0	   R	   44	   2.5	  

PD-‐N	   6256	   +	   +	   +	   F	   73	   10	   28	   27	   0.05	   1.5	   R	   27	   2	  

PD-‐N	   6257	   +	   +	   +	   F	   67	   10	   25	   22	   -‐0.44	   7.0	   R	   26	   3	  

PD-‐N	   6416	   +	   +	   +	   M	   46	   17	   30	   30	   0.90	   1.0	   R	   9	   1	  

PD-‐N	   6417	   +	   +	   +	   M	   68	   19	   28	   25	   0.03	   7.0	   L	   43	   3	  

PD-‐N	   6671	   +	   +	   +	   M	   62	   15	   28	   30	   0.60	   1.0	   L	   33	   1.5	  

PD-‐N	   6935	   +	   +	   +	   M	   57	   18	   30	   25	   0.95	   2.0	   R	   14	   1	  

PD-‐N	   7024	   +	   +	   +	   M	   53	   16	   30	   28	   0.71	   4.0	   R	   25	   2.5	  

PD-‐N	   7440	   +	   +	   o	   F	   67	   11	   29	   26	   0.24	   3.0	   R	   21	   1.5	  

PD-‐N	   7441	   +	   +	   o	   M	   59	   16	   28	   28	   0.56	   2.0	   R	   18	   2	  

PD-‐N	   7595	   +	   +	   +	   M	   71	   17	   27	   28	   0.54	   4.0	   R	   17	   1	  

PD-‐N	   7681	   +	   +	   +	   F	   54	   14	   29	   26	   0.48	   4.0	   R	   47	   2.5	  

PD-‐N	   7916	   +	   +	   +	   M	   59	   15	   30	   29	   1.13	   14.0	   L	   35	   2.5	  

PD-‐N	   8374	   +	   +	   +	   F	   50	   17	   27	   27	   0.19	   4.0	   R	   17	   1	  

PD-‐N	   8859	   +	   +	   +	   M	   78	   12	   25	   24	   0.22	   1.0	   L	   62	   1	  

PD-‐N	   8860	   +	   +	   +	   M	   77	   18	   29	   29	   0.57	   1.0	   R	   25	   2.5	  

PD-‐N	   8863	   +	   +	   +	   M	   59	   12	   30	   25	   0.27	   2.0	   R	   24	   1	  

PD-‐N	   8864	   +	   +	   +	   M	   66	   11	   30	   26	   0.94	   1.0	   R	   23	   1.5	  

PD-‐N	   9119	   +	   +	   +	   M	   66	   12	   30	   26	   0.29	   1.0	   R	   30	   1	  

PD-‐N	   9400	   +	   +	   -‐	   M	   72	   10	   27	   26	   0.32	   4.0	   R	   44	   2.5	  

PD-‐N	   9553	   +	   +	   -‐	   M	   62	   14	   28	   26	   0.14	   2.0	   L	   36	   2.5	  

PD-‐N	   9555	   +	   +	   +	   M	   77	   17	   28	   26	   0.49	   8.0	   L	   20	   2.5	  

PD-‐N	   9826	   +	   +	   +	   F	   72	   11	   30	   29	   -‐0.01	   4.0	   R	   40	   3	  

PD-‐N	   11365	   +	   +	   +	   M	   73	   16	   29	   26	   0.10	   4.0	   R	   30	   2	  

PD-‐N	   11367	   +	   +	   +	   M	   64	   17	   28	   26	   0.20	   1.0	   L	   15	   1	  

PD-‐N	   11546	   +	   +	   +	   M	   69	   10	   29	   22	   -‐0.06	   2.0	   L	   7	   1	  

PD-‐N	   11547	   +	   +	   +	   M	   60	   10	   30	   26	   0.14	   1.0	   R	   5	   1	  

PD-‐N	   11716	   +	   +	   +	   M	   47	   18	   30	   29	   0.79	   1.0	   L	   6	   1.5	  

PD-‐N	   11717	   +	   +	   +	   F	   72	   17	   29	   27	   0.34	   1.0	   R	   24	   2.5	  

PD-‐N	   12210	   +	   +	   +	   F	   76	   16	   27	   25	   -‐0.01	   1.0	   both	   9	   1.5	  
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PD-‐N	   12394	   +	   +	   +	   F	   59	   16	   29	   29	   0.50	   1.5	   L	   3	   1	  

PD-‐N	   12892	   +	   +	   +	   M	   68	   10	   30	   27	   0.30	   4.0	   R	   15	   1.5	  

PD-‐N	   13032	   -‐	   -‐	   -‐	   M	   59	   18	   30	   26	   0.35	   2.0	   L	   23	   2	  

PD-‐N	   13196	   +	   +	   +	   F	   60	   12	   30	   30	   0.36	   4.0	   L	   9	   1	  

PD-‐N	   13197	   +	   +	   +	   F	   64	   12	   29	   27	   -‐0.49	   3.0	   R	   31	   2	  

PD-‐N	   13198	   +	   -‐	   +	   F	   64	   18	   28	   22	   -‐0.38	   8.0	   R	   12	   1	  

PD-‐MCI	   1365	   +	   +	   o	   F	   72	   10	   28	   23	   -‐0.46	   13.0	   L	   25	   3	  

PD-‐MCI	   1734	   +	   +	   o	   M	   66	   11	   27	   23	   -‐1.15	   6.5	   R	   31	   2	  

PD-‐MCI	   4562	   +	   +	   o	   M	   69	   12	   28	   22	   -‐1.44	   -‐-‐	   R	   28	   2	  

PD-‐MCI	   5241	   +	   +	   o	   F	   76	   11	   28	   21	   -‐0.98	   2.5	   R	   24	   2.5	  

PD-‐MCI	   5398	   +	   +	   +	   F	   79	   11	   29	   24	   -‐0.09	   4.5	   R	   15	   2.5	  

PD-‐MCI	   6101	   +	   +	   +	   M	   78	   11	   27	   21	   -‐0.99	   5.5	   L	   43	   2	  

PD-‐MCI	   6102	   +	   +	   +	   M	   78	   11	   24	   18	   -‐1.19	   5.0	   L	   24	   2	  

PD-‐MCI	   6254	   +	   +	   +	   M	   62	   13	   29	   19	   -‐1.08	   11.5	   R	   36	   2	  

PD-‐MCI	   6255	   +	   +	   +	   M	   55	   17	   30	   25	   -‐0.32	   3.0	   R	   32	   2	  

PD-‐MCI	   6767	   +	   +	   +	   F	   69	   19	   28	   24	   -‐1.11	   2.0	   R	   33	   2.5	  

PD-‐MCI	   6768	   +	   +	   +	   M	   68	   10	   29	   25	   -‐0.66	   11.0	   R	   29	   2.5	  

PD-‐MCI	   6771	   +	   +	   +	   F	   72	   18	   29	   21	   -‐1.17	   21.0	   L	   71	   4	  

PD-‐MCI	   7108	   +	   +	   +	   M	   66	   11	   28	   26	   -‐0.55	   10.0	   R	   74	   1.5	  

PD-‐MCI	   8012	   +	   -‐	   -‐	   M	   78	   9	   27	   19	   -‐0.81	   5.0	   R	   35	   4	  

PD-‐MCI	   8015	   +	   +	   +	   M	   79	   8	   28	   24	   -‐0.75	   9.5	   R	   69	   4	  

PD-‐MCI	   8779	   +	   +	   +	   M	   48	   13	   29	   25	   -‐0.49	   1.0	   R	   50	   2.5	  

PD-‐MCI	   8861	   +	   +	   +	   M	   77	   10	   26	   23	   -‐0.35	   5.0	   L	   47	   3	  

PD-‐MCI	   11550	   +	   +	   +	   F	   68	   11	   27	   22	   -‐0.96	   1.0	   L	   26	   3	  

PD-‐MCI	   11718	   +	   +	   -‐	   M	   73	   17	   29	   24	   -‐0.70	   10.0	   R	   64	   4	  

PD-‐MCI	   12209	   +	   +	   +	   F	   80	   16	   25	   20	   -‐0.45	   12.5	   L	   22	   2.5	  

PD-‐MCI	   12390	   +	   +	   +	   M	   68	   12	   27	   20	   -‐1.00	   29.0	   both	   34	   2.5	  

PD-‐MCI	   12391	   +	   +	   +	   M	   69	   11	   26	   21	   -‐0.55	   10.0	   L	   13	   1.5	  

PD-‐D	   2847	   +	   +	   o	   M	   61	   11	   18	   10	   -‐2.69	   7.0	   L	   48	   4	  

PD-‐D	   3397	   +	   +	   o	   M	   68	   11	   27	   23	   -‐1.41	   18.0	   o	   40	   2	  
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PD-‐D	   4958	   +	   +	   o	   M	   79	   13	   25	   18	   -‐2.05	   6.0	   R	   46	   3	  

PD-‐D	   5240	   +	   +	   o	   M	   71	   9	   22	   12	   -‐2.41	   12.5	   L	   63	   4	  

PD-‐D	   5397	   +	   +	   +	   M	   84	   16	   27	   18	   -‐1.61	   5.5	   R	   41	   3	  

PD-‐D	   5399	   -‐	   +	   -‐	   M	   74	   10	   27	   19	   -‐1.80	   11.5	   R	   o	   o	  

PD-‐D	   6769	   +	   +	   +	   M	   75	   10	   21	   13	   -‐1.52	   15.0	   L	   61	   4	  

PD-‐D	   7111	   +	   +	   +	   M	   72	   14	   26	   11	   -‐2.46	   16.5	   L	   30	   4	  

PD-‐D	   7682	   -‐	   -‐	   -‐	   M	   84	   10	   23	   12	   -‐2.24	   15.00	   R	   57	   4	  

PD-‐D	   8014	   +	   +	   +	   F	   79	   10	   21	   14	   -‐1.26	   7.0	   L	   50	   4	  

PD-‐D	   8016	   +	   +	   +	   F	   81	   12	   23	   17	   -‐1.70	   16.8	   L	   81	   4	  

PD-‐D	   8376	   +	   +	   +	   M	   80	   14	   23	   19	   -‐1.49	   5.0	   o	   63	   4	  

PD-‐D	   9118	   +	   +	   +	   M	   59	   11	   27	   20	   -‐2.03	   2.0	   R	   51	   3	  

PD-‐D	   9554	   +	   +	   +	   M	   78	   16	   18	   11	   -‐2.09	   15.0	   R	   63	   4	  

PD-‐D	   9824	   +	   +	   +	   M	   72	   12	   25	   17	   -‐1.39	   30.0	   L	   36	   4	  

PD-‐D	   11368	   +	   +	   +	   M	   74	   16	   25	   17	   -‐0.63	   20.0	   L	   58	   4	  

PD-‐D	   12392	   +	   +	   +	   M	   72	   17	   27	   20	   -‐2.04	   1.0	   R	   18	   2	  

+ indicates usable data; - indicates that data was collected but not usable; o indicates that data was not collected.  Abbreviations: M = male, F = female, MMSE = Mini 
Mental States Examination, MoCA = Montreal Cognitive Assessment (bold indicates education-adjusted score), Z = aggregate cognitive Z-score, Side = Side most affected 
by parkinsonian symptoms, UPDRS-III = Unified Parkinson’s Disease Rating Scale, part III for motor assessment, H&Y = Hoehn and Yahr staging


