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Abstract		

	

Decades	occur	between	the	emergence	of	aspects	of	Alzheimer’s	disease	

pathology	and	the	onset	of	its	clinical	symptoms.	β-amyloid	deposition	

and	 grey	 matter	 damage	 are	 both	 key	 events	 within	 the	 Alzheimer’s	

disease	 pathophysiological	 continuum,	 yet	 the	 precise	 nature	 of	 the	

relationships	 between	 the	 two	 during	 this	 pre-symptomatic	 period	 is	

unclear.		

	

This	 thesis	 explores	 these	 relationships	 using	 β-amyloid	 positron	

emission	 tomography	 and	 multi-modal	 magnetic	 resonance	 imaging	

data	from	Insight	46	–	a	cohort	of	approximately	400	cognitively	normal	

adults	born	in	Britain	during	the	same	week	of	March	1946.	

	

Using	 automated	 estimates	 of	 subcortical	 grey	matter	 volumes,	 there	

was	evidence	of	β-amyloid-associated	volume	loss	in	the	hippocampus,	

certain	 hippocampal	 subfields,	 amygdala	 and	 thalamus	 in	 cognitively	

normal	older	adults.		

	

To	 investigate	 cortical	 grey	matter	 changes	 a	 surface-based	 approach	

was	 used	 to	 estimate	 cortical	 thickness	 from	 structural	 magnetic	

resonance	imaging.		Neurite	orientation	dispersion	and	density	imaging	

was	used	to	estimate	cortical	neurite	density	and	orientation	dispersion	

indices.		Proof	of	concept	analyses	in	a	cohort	of	patients	with	established	

Alzheimer’s	disease	revealed	that	even	accounting	for	cortical	atrophy,	
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microstructural	 properties	 were	 decreased	 in	 established	 disease.	 In	

Insight	 46,	 increasing	 β-amyloid	 deposition	 was	 associated	 with	

decreased	 neurite	 density	 index	 in	 several	 cortical	 regions,	 whilst	

cortical	 orientation	 dispersion	 index	 demonstrated	 non-linear	

associations.	These	relationships	were	independent	of	cortical	thickness	

highlighting	the	capacity	of	cortical	microstructural	metrics	to	provide	

information	 above	 and	 beyond	 that	 derived	 from	 macrostructural	

techniques	alone.	

	

There	was	also	evidence	in	Insight	46	that	even	over	a	two-year	scanning	

period	 increasing	 age	 at	 scanning	 was	 associated	 with	 lower	

hippocampal	(including	individual	subfields)	and	amygdala	volumes,	as	

well	as	decreased	cortical	thickness	and	neurite	orientation	dispersion	

and	density	imaging	metrics.		

	

This	thesis	presents	evidence	that	β-amyloid	deposition	and	ageing	both	

significantly	influence	grey	matter	structure	in	older	adulthood,	even	in	

the	absence	of	cognitive	impairment.	
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Impact	statement		

	

The	ability	to	detect	biomarker	change	prior	to	symptoms	in	Alzheimer’s	

disease	 is	an	 important	research	advance	and	a	major	opportunity	 for	

disease	 prevention	 as	 it	 opens	 a	 potential	 window	 when	 disease	

modifying	 therapies	 are	 likely	 to	 be	 of	 most	 benefit.	 We	 are	 already	

entering	the	era	of	pre-symptomatic	trials,	yet	precise	understanding	of	

the	pathophysiological	changes	that	occur	during	this	pre-symptomatic	

window	in	Alzheimer’s	disease	is	unclear.	

	

This	thesis	provides	evidence	that	β-amyloid	deposition	influences	grey	

matter	structure	in	cognitively	normal	older	adults.	In	terms	of	scientific	

impact,	this	provides	further	evidence	to	support	hypothetical	models	of	

pathophysiological	 change	 in	 Alzheimer’s	 disease,	 where	 β-amyloid	

deposition	 is	 a	 key	 initiating	 factor	 with	 downstream	 grey	 matter	

damage	occurring	at	a	later	stage,	but	before	clinical	symptoms	emerge.		

	

This	 thesis	 provides	 novel	 evidence	 that	 alterations	 in	 cortical	 grey	

matter	 neuritic	 structure	 occur	 in	 both	 symptomatic	 and	 pre-clinical	

Alzheimer’s	 disease,	 and	 importantly	 that	 this	 provides	 information	

above	and	beyond	cortical	thickness	alone.	This	highlights	the	capacity	

of	 advanced	 diffusion	 magnetic	 resonance	 imaging	 techniques	 to	

improve	understanding	of	 the	pathophysiology	of	Alzheimer’s	disease,	

and	indicates	that	further	advancements	and	validation	of	grey	matter	

microstructural	biomarkers	is	an	important	area	of	research.	



	
6	

	

Taking	advantage	of	the	fact	that	all	participants	were	born	in	the	same	

week,	 a	 major	 strength	 of	 Insight	 46	 is	 tight	 age-matching	 and	

emphasises	the	power	of	birth	cohorts	to	reduce	the	impact	of	ageing	as	

a	 confounding	 factor	 in	 analyses.	 Despite	 this	 though,	 β-amyloid	

independent	relationships	between	grey	matter	structural	metrics	and	

increasing	age	were	still	evident	in	Insight	46,	highlighting	the	need	to	

increase	 understanding	 of	 the	 “normal	 ageing”	 process,	 and	 its	

implications	for	brain	health.	

	

In	addition	to	its	scientific	impact,	the	research	findings	of	this	thesis	may	

also	 have	 implications	 for	 the	 pharmaceutical	 industry.	 Grey	 matter	

structural	metrics	derived	from	magnetic	resonance	imaging	represent	

potential	biomarkers	in	clinical	trials,	and	may	be	particularly	useful	to	

monitor	disease	progression,	as	well	as	having	the	distinct	advantage	of	

no	radiation	exposure.	Longitudinal	data	from	the	Insight	46	dataset,	as	

well	as	incorporation	of	such	techniques	into	ongoing	clinical	trials,	will	

be	vital	to	explore	this	further.		

	

The	 fact	 that	 potentially	 deleterious	 effects	 on	 brain	 structure	 are	

detected	 in	 a	 large	 sample	 of	 cognitively	 normal	 older	 adults	 before	

symptoms	of	dementia	emerge,	emphasises	the	need	for	further	research	

to	discover	interventions	that	can	prevent	or	halt	disease	progression.	

Such	 data	 may	 be	 important	 in	 terms	 of	 advising	 governments	 and	

funding	bodies	when	policy	and	funding	priorities/strategies	are	being	

determined.	
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More	 broadly,	 as	 research	 into	 disease	 modifying	 treatments	 for	

Alzheimer’s	 disease	 increases,	 the	 concept	 of	 pre-clinical	 Alzheimer’s	

disease	and	the	ramifications	it	is	has	for	brain	health	is	likely	to	increase	

in	prominence	in	the	wider	public	consciousness.	Research,	such	as	the	

kind	conducted	in	this	thesis,	will	be	important	to	help	educate	patients	

and	relatives	of	the	ramifications	of	cerebral	β-amyloid	deposition	and	

will	 be	 particularly	 pertinent	 if	 and	 when	 pre-symptomatic	 disease	

modifying	therapies	for	Alzheimer’s	disease	are	available.	
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1		 Chapter	1:	Introduction	

	

1.1 Dementia:	a	major	and	ever-expanding	problem	

	

Dementia	is	a	syndrome	whereby	an	individual	experiences	progressive	

impairment	of	higher	cortical	functions	that	are	of	sufficient	severity	to	

impair	their	capacity	to	perform	activities	of	daily	living,	which	currently	

affects	 approximately	 46.8	 million	 people	 worldwide	 (Prince	 2015).	

Increasing	age	 is	 the	dominant	 risk	 factor,	with	prevalence	 increasing	

exponentially	from	the	7th	decade	onwards	(Prince	et	al.	2013).	With	an	

ever-increasing	population	of	older	adults	the	prevalence	of	dementia	is	

expected	to	more	than	triple	by	2050	(Hebert	et	al.	2013).		

	

Dementia	has	a	devastating	impact	on	the	quality	of	life	of	both	patients	

(Zucchella	et	al.	2015)	and	caregivers	(Farina	et	al.	2017),	and	was	the	

leading	 cause	 of	 death	 in	 England	 and	Wales	 in	 2015	 accounting	 for	

11.6%	 of	 all	 deaths	 registered	 (Office	 of	 National	 Statistics	 2016).	

Notwithstanding	the	devastating	human	consequences,	the	financial	cost	

of	dementia	in	2010	was	estimated	to	be	£450	billion	worldwide	(Wimo	

2010)	 and	 is	 expected	 to	 rise	 well	 in	 excess	 of	 £1	 trillion	 by	 2050	

(Zissimopoulos	 et	 al.	 2014).	 Economic	modelling	 has	 predicted	 that	 a	

relatively	modest	delay	(approximately	5-years)	in	symptom	onset	could	

reduce	 the	prevalence,	 costs	and	burden	of	 this	 syndrome	by	40-50%	

(Alzheimer’s	 Association	 2010;	 Zissimopoulos	 et	 al.	 2014).	 There	 is	 a	

clear	imperative	to	combat	dementia	and	enriching	our	understanding	
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of	the	biological	basis	of	this	syndrome	will	be	vital	in	informing	how	this	

will	be	achieved.		

	

1.2 Alzheimer’s	disease	(AD)	

	

Approximately	60-80%	of	cases	of	dementia,	at	least	in	part,	are	due	to	

Alzheimer’s	disease	 (AD)	 (Alzheimer’s	Association	2015).	The	original	

description	of	AD	is	credited	to	Alois	Alzheimer	in	1907	(Stelzmann	et	al.	

1995),	but	was	also	 independently	described	by	Oskar	Fischer	around	

the	same	time	period	(Goedert	2009).	Clinically,	AD	is	typified	by	early	

episodic	memory	 impairment,	 which	 initially	 is	 often	 defined	 as	mild	

cognitive	 impairment	 (MCI),	where	 the	 observed	 cognitive	 difficulties	

are	of	insufficient	severity	to	meet	criteria	for	dementia	(Petersen	et	al.	

2018).	This	is	then	typically	followed	by	progressive	decline	in	a	wider	

range	 of	 cognitive	 domains	 ultimately	 leading	 to	 AD	 dementia,	 with	

death	 occurring	 on	 average	 4-8	 years	 after	 diagnosis	 (Alzheimer’s	

Association	2014).		

	

In	addition	to	the	commonly	observed	“typical”	amnestic	presentation	of	

AD,	a	number	of	rarer	“atypical”	syndromes	are	also	recognized.	These	

include	 posterior	 cortical	 atrophy,	 logopenic	 aphasia	 and	 the	 frontal	

variant	 of	 AD.	 In	 posterior	 cortical	 atrophy,	 patients	 typically	 present	

with	 prominent	 visuospatial,	 visuoperceptual,	 calculation	 and	 praxis	

difficulties	with	relatively	preserved	memory	(Crutch	et	al.	2012;	Crutch	

et	al.	2017;	Slattery	et	al.	2015).	Logopenic	aphasia	patients	present	with	
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word	finding	and	naming	difficulties,	as	well	as	impairments	in	working	

memory,	 which	 often	 coalesce	 to	 produce	 profound	 difficulty	 with	

phrase/sentence	repetition	(Gorno-Tempini	et	al.	2011;	Marshall	et	al.	

2018).	 Patients	 with	 the	 frontal	 variant	 AD	 present	 with	 prominent	

behavioural	and	dysexecutive	deficits	(Ossenkoppele,	Pijnenburg,	et	al.	

2015).	

	

From	 a	 pathological	 perspective,	 AD	 has	 been	 classically	 defined	 by	

extracellular	“neuritic”	plaques	composed	of	insoluble	aggregates	of	the	

protein	 β-amyloid	 (Aβ),	 accumulation	 of	 intracellular	 neurofibrillary	

tangles	(aggregates	of	hyperphosphorylated	tau	protein)	(see	Figure	1),	

as	well	as	dendritic	and	neuronal	destruction	that	ultimately	manifests	

itself	as	macroscopic	cerebral	atrophy	(see	Figure	2)	(Serrano-Pozo	et	al.	

2011).	
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Figure	1.	Photomicrograph	of	the	temporal	cortex	of	a	patient	with	Alzheimer’s	disease	

(Perl	2010).	Neuritic	plaques	(black	arrows)	and	neurofibrillary	tangles	(red	arrow)	are	

shown	–	reproduced	with	permissions	from	John	Wiley	and	Sons	

	

	
Figure	2.	Cerebral	atrophy	in	a	patient	with	Alzheimer’s	disease	(Love	2005).	Narrowing	

of	gyri	and	widening	of	sulci	involving	the	majority	of	the	neocortex	–	reproduced	with	

permissions	from	BMJ	Publishing	Group	Ltd.	
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Numerous	 pathological	 staging	 systems	 for	 Aβ	 deposition	 have	 been	

proposed	(Braak	&	Braak	1991;	Thal	et	al.	2002;	Mirra	et	al.	1991),	but	

broadly	speaking	pathological	studies	suggest	that	Aβ	plaque	deposition	

initially	 occurs	 in	 the	 neocortex	 (i.e.	 frontal,	 temporal,	 parietal	 and	

occipital	cortices),	before	involving	allocortical	regions	(e.g.	 insula	and	

entorhinal	 cortices),	 followed	 by	 subcortical	 grey	matter	 regions,	 and	

ultimately	the	cerebellum.		

	

In	terms	of	neurofibrillary	tau	deposition,	 the	most	commonly	applied	

pathological	 staging	 scheme	 is	 that	 proposed	 by	 Braak	 and	 Braak,	

whereby	neurofibrillary	 tangle	 involvement	 is	 initially	 confined	 to	 the	

transentorhinal	 region	 of	 the	 brain	 (stages	 I	 and	 II),	with	 subsequent	

spreading	to	nearby	limbic	regions	such	as	the	hippocampus	(stages	III	

and	IV)	and	ultimately	with	involvement	of	the	neocortex	(stage	V	and	

VI)	(Braak	&	Braak	1991).		

	

1.3 Differential	diagnosis	of	AD	

	

In	 addition	 to	 AD,	 there	 are	 a	 number	 of	 other	 potential	 causes	 of	

cognitive	complaints	that	may	come	to	medical	attention	and	mimic	AD.	

One	 common	 presentation	 is	 in	 individuals	 reporting	 relatively	 mild	

cognitive	symptoms,	which	often	could	be	considered	to	be	within	the	

realms	 of	 normal	 human	 experience	 (e.g.	 forgetting	 why	 they	 have	

entered	 a	 room)	 (Schott	 &	 Warren	 2012).	 Such	 patients	 may	

demonstrate	evidence	of	attentional	difficulties	on	cognitive	testing	and	
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will	 often	 have	 normal	 brain	 imaging	 findings,	 with	 symptoms	 often	

attributed	 to	 normal	 ageing	 or	 anxiety.	 However,	 there	 is	 evidence	

individuals	with	subjective	memory	complaints	may	be	at	increased	risk	

of	 subsequent	 conversion	 to	 clinical	 AD,	 which	 makes	 definitive	

exclusion	of	a	neurodegenerative	process	challenging	(Jessen,	Wiese,	et	

al.	2014).	Major	depressive	disorders	often	exhibit	a	similar	pattern	of	

cognitive	impairment	to	AD,	however	this	can	often	occur	in	parallel	with	

AD	and	a	clinical	history	suggestive	of	depression	does	not	exclude	the	

possibility	 of	 AD	 pathology	 (Schott	 &	 Warren	 2012).	 Potential	 side	

effects	of	drugs	(both	prescribed	and	illicit),	as	well	as	excessive	alcohol	

consumption	are	also	important	considerations	(Schott	&	Warren	2012).	

Metabolic	 conditions	 such	 as	 vitamin	 B12	 deficiency	 and	

hypothyroidism	 can	 also	 impair	 cognition,	 and	 are	 particularly	

important	 as	 they	are	 treatable	 and	 can	be	excluded	with	basic	blood	

tests	 (Schott	 &	Warren	 2012).	 A	 further	 important	 treatable	 cause	 is	

obstructive	sleep	apnoea,	which	often	has	a	negative	impact	on	cognitive	

performance	and	can	be	diagnosed	with	objective	tests	(McNicholas	et	

al.	2016).	Focal	epileptiform	activity,	in	particular	that	restricted	to	the	

medial	 temporal	 lobe,	 can	 lead	 to	 impaired	episodic	memory	 function	

and	mimic	 the	 amnestic	 component	 of	 AD.	 This	may	 be	 idiopathic	 or	

occur	 in	 the	 context	 of	 autoimmune	 pathology	 (e.g.	 voltage	 gate	

potassium	channel	antibody	associated	encephalitis	(Vincent	et	al.	2011;	

Irani	 et	 al.	 2013;	Pertzov	et	 al.	 2013)).	 Infections	 (e.g.	 herpes	 simplex	

virus,	syphilis	and	HIV)	can	all	cause	dementia	and	should	be	considered	

in	the	presentation	of	cognitive	impairment	(Schott	&	Warren	2012).	
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Other	 neurodegenerative	 diseases	 including	 Lewy	 body	 dementia	

(Bonanni	et	al.	2006)	and	frontotemporal	dementia	(Bang	et	al.	2015),	as	

well	 as	 vascular	 dementia	 (O’Brien	 &	 Thomas	 2015)	 also	 lead	 to	

progressive	 cognitive	 decline.	 As	 can	 much	 rarer	 conditions	 such	 as	

prion	disease	(Mead	&	Rudge	2017)	and	adult-onset	 leukodystrophies	

(Ahmed	et	al.	2014).		

	

1.4 Clinical	diagnosis	and	the	pre-clinical	window	of	AD	

	

As	highlighted	by	the	heterogeneity	within	the	spectrum	of	AD,	and	the	

wide	range	of	conditions	that	can	mimic	AD,	clinical	diagnosis	 is	often	

challenging,	and	strictly	speaking	a	definitive	diagnosis	of	AD	can	only	be	

made	 at	 post-mortem	 (Hyman	 et	 al.	 2012).	 However,	 a	 major	 step	

forward	 in	 the	clinical	diagnosis	of	AD	has	been	 the	development	of	a	

wide	range	of	biomarkers	(i.e.	objective	measures	of	biological	function)	

that	provide	information	regarding	AD	pathology.	Such	biomarkers	can	

support	a	clinical	diagnosis	of	AD	in	life	and	have	been	incorporated	into	

clinical	and	research	diagnostic	criteria	(Sperling	et	al.	2011;	Dubois	et	

al.	2014;	McKhann	et	al.	2011).		

	

There	has	been	a	particular	focus	on	dividing	such	biomarkers	into	those	

that	 provide	 distinct	 information	 regarding	 Aβ	 deposition,	 tau	

deposition	and	neurodegeneration	(the	A/T/N	system)	(Jack	et	al.	2017).	

Imaging	biomarkers	include	Aβ	and	tau	positron	emission	tomography	

(PET)	reflecting	Aβ	plaque	deposition	(A)	and	neurofibrillary	tangle	(T)	
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deposition	 respectively	 (Villemagne	 et	 al.	 2017),	 whilst	 widely	 used	

imaging	 biomarkers	 of	 neurodegeneration	 include	 PET	 measures	 of	

glucose	metabolism	and	magnetic	resonance	imaging	(MRI)	measures	of	

cerebral	atrophy	(Hort	et	al.	2010;	Frisoni	et	al.	2010;	Harper	et	al.	2014).		

	

In	addition	to	 imaging,	 indirect	measurement	of	AD	pathology	derived	

from	 cerebrospinal	 fluid	 (CSF)	 is	 also	 possible.	 The	 typical	 CSF	

biomarker	 pattern	 in	 AD	 comprises	 reduced	 levels	 of	 Aβ,	 as	 well	 as	

elevated	 levels	of	both	tau	and	phosphorylated	tau.	Declines	 in	Aβ	are	

thought	to	reflect	cerebral	Aβ	plaque	deposition	which	act	as	a	reservoir	

for	soluble	Aβ	species	(A),	whilst	phosphorylated	tau	is	thought	to	be	a	

specific	marker	of	neurofibrillary	tangle	deposition	(T)	and	total	 tau	a	

marker	of	neuronal	injury/neurodegeneration	(N)	(Olsson	et	al.	2016).		

	

A	 vital	 research	 advance	 in	 the	 AD	 biomarker	 field	 has	 been	 the	

recognition	that	there	is	an	interval	of	well	over	a	decade	between	the	

initial	emergence	of	the	neuropathological	changes	associated	with	AD	

and	its	clinical	symptoms	(Sperling	et	al.	2011;	Villemagne	et	al.	2013;	

Bateman	 et	 al.	 2012;	 Gordon	 et	 al.	 2018).	 This	 pre-clinical	window	 is	

particularly	 important	 as	 it	 is	 potentially	 where	 disease	 modifying	

therapies	are	most	likely	to	be	of	benefit	(Sperling	et	al.	2014).		Allied	to	

this,	 there	 is	 a	 requirement	 to	 develop	 biomarkers	 to	 help	 determine	

how	best	to	recruit	to	and	evaluate	outcomes	for	pre-clinical	therapeutic	

trials	(Mattsson,	Carrillo,	et	al.	2015).		
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In	addition	to	supporting	a	diagnosis	of	MCI/dementia	likely	secondary	

to	AD,	recent	diagnostic	criteria	have	also	 incorporated	the	concept	of	

pre-clinical	or	asymptomatic	AD	(Dubois	et	al.	2016),	whereby	there	is	

biomarker	 evidence	 of	 AD	 pathology	 in	 a	 cognitively	 normal	 adult.	

Although	 hypothetical	models	 of	 how	 biomarkers	may	 change	 during	

this	 pre-clinical	 phase	 have	 been	 proposed	 (see	 Figure	 3)	 (Jack	 et	 al.	

2010;	Jack	et	al.	2013),	a	firm	evidence	base	for	this	is	lacking.		

	

	
Figure	3.		Model	of	dynamic	biomarkers	of	the	Alzheimer's	disease	pathological	cascade	

(Jack	et	al.	2010;	Jack	et	al.	2013)	-	reproduced	with	permissions	from	Elsevier	

	

1.5 “The	amyloid	hypothesis	of	Alzheimer’s	disease”	-	insights	

from	genetics	and	molecular	biology	

	

The	 presence	 of	 Aβ-containing	 neuritic	 plaques	 is	 an	 essential	

component	of	the	neuropathological	diagnosis	of	AD	(Hyman	et	al.	2012)	

and,	 although	 not	 without	 controversy	 (Harrison	 &	 Owen	 2016),	

cerebral	 Aβ	 deposition	 has	 been	 strongly	 implicated	 as	 the	 initiating	

causative	 factor	 in	 AD	 (Hardy	&	Higgins	 1992;	Hardy	&	 Selkoe	 2002;	
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Selkoe	 &	 Hardy	 2016).	 Several	 key	 lines	 of	 evidence	 from	 protein	

sequencing,	 genetic,	 animal	model,	 neuropathological	 and	CSF	 studies	

have	emerged	strongly	supporting	this	hypothesis.		

	

Aβ	 is	 a	 4.5	 kilo	 Dalton	 protein	 and	 was	 first	 discovered	 following	

extraction	 of	 meningeal	 blood	 vessels	 (Glenner	 &	 Wong	 1984)	 and	

neuritic	plaques	(Masters	et	al.	1985)	from	patients	with	AD	pathology.	

Analysis	 of	 the	 underlying	 amino	 acid	 sequence	 of	 Aβ	 protein	 led	 to	

cloning	 of	 the	 gene	 responsible	 for	 its	 generation	 –	 the	 Amyloid	

Precursor	Protein	gene	(APP),	localized	to	chromosome	21	(Kang	et	al.	

1987).	APP	spans	 the	phospholipid	membrane	of	neuronal	 cells	 (i.e.	 a	

transmembrane	 protein).	 Enzymatic	 breakdown	 of	 the	 extracellular	

domain	of	APP	by	β-secretase	results	in	formation	of	a	peptide	fragment	

composed	of	99	amino-acids.	These	99	amino-acid	peptide	fragments	are	

subsequently	cleaved	by	the	enzyme	γ-secretase	to	form	Aβ	peptides	of	

varying	 lengths	 (see	 Figure	 4).	 The	 predominantly	 soluble	 Aβ40,	 so-

called	 as	 it	 contains	 40	 amino-acid	 residues,	 is	 the	 most	 commonly	

produced	Aβ	peptide.	Aβ	species	containing	slightly	more	amino-acids,	

such	as	Aβ42	and	Aβ43	are	also	generated	and	have	been	shown	to	be	

significantly	more	 prone	 to	 self-aggregation	 and	much	more	 likely	 to	

form	 neuritic	 plaques	 than	 their	 Aβ40	 counterparts	 (Walsh	 &	 Selkoe	

2007).			
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Figure	4.	Intramembrane	cleavage	of	the	amyloid	precursor	protein	by	β-secretase	and	

γ-secretase	to	produce	Aβ	peptides	that	ultimately	aggregate	to	produce	Aβ	plaques	

(Buckingham	2003)	–	reproduced	with	permissions	from	Springer	Nature	

	

Down’s	syndrome,	also	known	as	trisomy	21,	is	caused	by	the	presence	

of	an	additional	copy	of	chromosome	21	and	almost	invariably	leads	to	

cognitive	decline	and	pathological	changes	consistent	with	AD	from	an	

early	 age	 (Olson	 &	 Shaw	 1969).	 The	 presence	 of	 an	 additional	

chromosome	21	in	Down’s	syndrome	leads	to	overexpression	of	the	APP	

gene,	 and	 consequently	 overproduction	 of	 APP/Aβ	 peptides,	which	 is	

thought	to	be	responsible	for	the	clinico-pathological	changes	observed	

in	Down’s	syndrome	patients	(Kang	et	al.	1987).	Further	evidence	that	

Aβ	 overproduction	 secondary	 to	 APP	 gene	 overexpression	 may	 be	

sufficient	 to	 cause	 AD	 has	 been	 supported	 by	 the	 observation	 that	

patients	with	duplicated	APP	segments,	but	a	normal	karyotype	(i.e.	no	

additional	 chromosomes),	 also	 develop	 neuropathological	 changes	

consistent	with	AD	(Rovelet-Lecrux	et	al.	2006).	The	converse	situation	
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has	also	been	observed	whereby	patients	with	partial	 trisomy	21,	but	

only	two	copies	of	the	APP	gene,	have	clinical	 features	consistent	with	

Down’s	syndrome,	but	no	clinical	evidence	of	AD	in	late-life	(Prasher	et	

al.	1998).		

	

After	the	initial	identification	of	the	association	between	AD	and	the	APP	

gene,	there	was	a	concerted	effort	to	identify	single	mutations	in	the	APP	

gene	 that	 could	 cause	 AD.	 Goate	 and	 colleagues	 examined	 the	 co-

segregation	 of	 post-mortem	 confirmed	 early-onset	 AD	 and	 genetic	

polymorphisms	 in	 chromosome	 21	 in	 a	 single	 family.	 This	 led	 to	 the	

identification	 of	 a	 mutation	 in	 the	 APP	 gene	 resulting	 in	 a	 valine	 to	

isoleucine	 amino	 acid	 substitution	 at	 position	 717	 (V717I)	 of	 the	 Aβ	

peptide	 (Goate	 et	 al.	 1991).	 	 Rather	 than	 increasing	 absolute	 Aβ	

production,	 as	 is	 the	 case	 in	 trisomy	 21/APP	 duplication,	 the	 V717I	

mutation	has	been	shown	to	modify	Aβ	processing.	Specifically,	it	leads	

to	an	increase	in	the	relative	amounts	of	Aβ42	compared	to	Aβ40,	which	

results	in	faster	aggregation	of	insoluble	Aβ	fibrils	and	the	Aβ-containing	

neuritic	 plaques	 associated	 with	 AD	 (Suzuki	 et	 al.	 1994).	 Since	 this	

discovery,	well	 over	 50	 further	mutations	 in	 the	APP	 gene	 have	 been	

implicated	in	the	development	of	familial	AD	(Cruts	et	al.	2012).	Evidence	

has	also	emerged	that	a	rare	mutation	in	APP	protects	against	sporadic	

AD.	Using	whole-genome	sequencing	data	generated	from	1,795	people	

in	Iceland,	a	missense	mutation	in	the	APP	gene	leading	to	an	alanine	to	

threonine	 substitution	 at	 position	 673	 (A673T)	 was	 identified	 that	

decreases	 risk	 of	 AD	 in	 carriers.	 In	 addition,	 A673T	 was	 shown	 to	

decrease	generation	of	Aβ40	and	Aβ42	(approximately	40%	in	vitro)	by	
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reducing	 β-secretase	 activity	 (i.e.	 the	 opposite	 of	 the	 familial	 AD	

mutations),	adding	further	evidence	for	the	association	between	AD	and	

APP	processing	(Jonsson	et	al.	2012).		

	

In	 addition	 to	 mutations	 in	 the	 APP	 gene,	 mutations	 in	 the	 genes	

encoding	Presenilin-1	 (PSEN1	 -	 the	most	 common	cause	of	 autosomal	

dominant	AD)	and	Presenilin-2	(PSEN2	-	much	rarer)	have	been	shown	

to	cause	familial	AD	(Cruts	et	al.	2012).	The	proteins	encoded	by	PSEN1	

and	 PSEN2	 are	 key	 components	 of	 the	 γ-secretase	 enzyme	 complex	

responsible	 for	 the	 intramembrane	 cleavage	 of	 APP	 that	 leads	 to	

generation	of	Aβ	peptides	(De	Strooper	et	al.	1998;	Kimberly	et	al.	2000).	

Similarly	to	the	pathogenic	point	mutations	in	the	gene	that	encodes	APP,	

both	 PSEN1	 and	 PSEN2	 mutations	 result	 in	 a	 relative	 increase	 in	 the	

amount	of	Aβ42	compared	to	Aβ40	(Potter	et	al.	2013).		

	

It	 is	 important	 to	 note	 that	 familial	 AD,	 caused	 by	mutations	 in	APP,	

PSEN1	 and	PSEN2,	 only	 account	 for	 a	 tiny	 fraction	 (<1%)	of	 clinically	

diagnosed	AD	 cases	 (Bateman	 et	 al.	 2010)	 and	 differs	 from	 the	much	

commoner	sporadic	AD	in	a	myriad	of	ways.	Firstly,	age	of	onset	is	much	

earlier,	with	PSEN1	mutation	carriers	typically	developing	symptoms	in	

the	4th/5th	decade	(mean	age	of	onset	approximately	44	years),	whilst	

APP	 mutation	 carriers	 develop	 symptoms	 slightly	 later	 (mean	 age	 of	

onset	approximately	50	years)	(Ryan	et	al.	2016).	There	is	also	strong	

evidence	of	significant	phenotypic	heterogeneity	within	the	familial	AD	

population,	 which	 can	 be	 associated	 with	 the	 causative	 gene	 and	

mutation	site.	Atypical	cognitive	presentations	and	spastic	paraparesis	
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are	often	observed	in	patients	with	PSEN1	mutations	beyond	codon	200	

(Ryan	et	al.	2016),	which	is	not	typically	associated	with	other	familial	

AD	causing	mutations	or	the	late	onset	sporadic	form	of	AD.	In	addition,	

APP	 duplications	 have	 been	 reported	 to	 be	 highly	 associated	 with	

extensive	white	matter	change	and	seizures,	which	again	are	not	entirely	

typical	of	sporadic	later	onset	AD	(McNaughton	et	al.	2012).	

	

Genetic	polymorphisms	in	APP/PSEN1/PSEN2	have	not	been	shown	to	

contribute	 to	 increased	 risk	 of	 later-onset	 sporadic	 AD.	 In	 fact,	 the	

biggest	genetic	determinant	of	AD	risk	 from	this	perspective	has	been	

shown	 to	 be	 apolipoprotein	 E	 (APOE)	 genotype.	 APOE	 is	 located	 on	

chromosome	 19	 at	 the	 19q13.32	 position.	 	 Two	 single	 nucleotide	

polymorphisms	(rs429358—thymine	to	cytosine	and	rs7412—cytosine	

to	thymine)	give	rise	to	the	three	most	common	allelic	variants	of	APOE	

-	ε2,	ε3,	and	ε4,	each	encoding	different	protein	isoforms.	APOEε4	confers	

the	greatest	risk	of	AD,	with	homozygotes	having	a	significantly	higher	

risk	than	heterozygotes.	This	was	originally	identified	by	comparing	the	

genotypes	of	95	AD	patients	with	those	of	139	healthy	controls	(Corder	

et	al.	1993)	and	repeatedly	replicated	in	meta-analyses	since	(Farrer	et	

al.	1997;	Bertram	et	al.	2007;	Corneveaux	et	al.	2010).	APOEε4	has	an	

allele	frequency	of	approximately	20-25%	in	the	general	population	and	

approximately	 50%	 in	 AD	 patients	 (Bertram	 &	 Tanzi	 2008).	 APOEε2	

carriers	(allele	frequency	of	1-5%	in	the	general	population	(Bertram	&	

Tanzi	2008))	have	reduced	risk	for	developing	AD	(Corder	et	al.	1993;	

Corder	et	al.	1994;	Corneveaux	et	al.	2010).		

	



	
43	

Microdialysis	 techniques	 methods	 have	 enabled	 quantification	 of	 Aβ	

production	 and	 clearance	 in	 genetically	 engineered	 mice	 expressing	

human	 APP.	 The	 influence	 of	 APOE	 genotype	 on	 Aβ	 production	 and	

clearance	was	examined	by	crossing	APP	mice	with	APOEε2,	APOEε3	or	

APOEε4	mice.	APOEε2	mice	demonstrated	the	highest	levels	of	clearance,	

followed	 by	 APOEε3,	 with	 APOEε4	 having	 the	 least.	 No	 statistically	

significant	difference	was	found	in	levels	of	Aβ	synthesis	or	processing	

of	APP	providing	evidence	that	APOEε4	increases	the	risk	of	Aβ	plaque	

accumulation	by	reducing	the	rate	of	Aβ	peptide	clearance	(Castellano	et	

al.	2011).	

	

In	 addition	 to	APOE,	 genome-wide	 association	 studies	 have	 identified	

more	than	20	other	genetic	variants	associated	with	AD	(Lambert	et	al.	

2013)	(see	Figure	5),	most	of	which	exert	only	a	small	influence	on	risk,	

but	together,	by	way	of	a	polygenic	risk	score,	have	been	shown	to	almost	

double	case	prediction	from	chance	(Escott-Price	et	al.	2015).	Many	of	

these	 genetic	 variants	 are	 thought	 to	 confer	 increased	 AD	 risk	 via	

interactions	 with	 Aβ	 homeostasis.	 For	 example,	 single	 nucleotide	

polymorphisms	in	genes	involved	in	lipid	transport	such	as	ABCA7	(Kim	

et	al.	2013),	or	endosomal	vesicle	recycling	such	as	SORL1	(Young	et	al.	

2015)	and	PICALM	(Z.	Zhao	et	al.	2015),	have	been	linked	to	Aβ	clearance.	

It	 is	 becoming	 increasingly	 recognised	 that	 there	 a	 significant	

inflammatory	 component	 to	 AD,	 with	 highly	 reactive,	 phagocytic	

microglia	surrounding	neuritic	plaques	(Hong	et	al.	2016)	and	there	is	

evidence	 to	 suggest	 that	 single	 nucleotide	 polymorphisms	 in	 genes	

linked	 to	 innate	 immunity,	 such	 as	 those	 on	 observed	 in	 TREM-2	
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(Guerreiro	et	al.	2013),	CR1	(Lambert	et	al.	2009)	and	CD-33	(Griciuc	et	

al.	 2013),	 influence	microglial	 response	 to	Aβ	deposition.	 	 It	 has	been	

proposed	 that	 microglia	 may	lose	 their	 physiologic	 ability	 to	 clear	

cerebral	Aβ	accumulation	and	switch	into	a	pathological	state	(Guillot-

Sestier	et	al.	2015).	There	is	also	evidence	emerging	that	microglia	may	

result	 in	seeding	 and	 spreading	 of	 Aβ	 via	activation	 of	 the	 cryopyrin	

inflammasome	(Venegas	et	al.	2017).	

	

	
Figure	5.	Manhattan	plot	showing	susceptibility	loci	for	Alzheimer’s	disease	identified	by	

genome-wide	association	studies	including	17,008	patients	and	37,154	controls	

(Lambert	et	al.	2013)	–	reproduced	with	permissions	from	Springer	Nature	

	

There	has	been	a	great	deal	of	research	focusing	on	how	Aβ	exerts	 its	

pathogenic	 influence	 in	 AD.	 	 Aβ	 oligomers	 (soluble	 complexes	 of	 Aβ	

peptides)	 created	 in	 cell	 culture	 have	 been	 shown	 to	 induce	 loss	 of	

synapses	and	decrease	dendritic	spine	density	in	the	hippocampus	of	the	

rat	(Shankar	et	al.	2007).		Soluble	Aβ	oligomers	extracted	directly	from	

the	brains	of	AD	patients	have	also	been	observed	to	decrease	dendritic	

density,	 inhibit	 long-term	 potentiation	 and	 enhance	 long-term	
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depression	 at	 synapses	 in	 the	 hippocampi	 of	 normal	 rats,	 as	 well	 as	

impairing	memories	of	learned	behaviours	(Shankar	et	al.	2008).	These	

effects	 were	 not	 observed	 following	 exposure	 of	 insoluble	 neuritic	

plaques	alone,	suggesting	that	neuritic	plaques	may	act	as	a	store,	from	

which	soluble	Aβ	oligomers	are	released	and	exert	synaptotoxic	effects	

that	 impair	 hippocampal	 function	 (Shankar	 et	 al.	 2008).	

Immunofluorescence	techniques	have	led	to	the	development	of	highly	

sensitive	 assays	 for	detecting	oligomeric	Aβ	 in	post-mortem	 tissue.	 In	

one	study	Aβ	oligomer	concentrations	 in	patients	with	dementia	were	

shown	to	be	tightly	associated	with	Aβ	plaque	distribution	(Esparza	et	

al.	2013).	This	relationship	was	statistically	much	weaker	in	cognitively	

normal	patients	despite	equivalent	Aβ	plaque	coverage,	again	hinting	at	

the	potential	pathological	relevance	of	soluble	Aβ	oligomers	released	by	

Aβ	plaques	in	symptomatic	disease.	

	

In	addition	to	direct	effects	of	Aβ	there	is	also	evidence	to	suggest	that	

Aβ	 interacts	with	 tau	 to	 exert	 pathogenic	 influence	 in	 AD.	 Soluble	 Aβ	

oligomers	have	been	observed	to	induce	hyperphosphorylation	of	tau,	as	

well	 as	 disrupt	 the	 cytoskeleton	 of	 rat	 hippocampal	 neurons.	 Genetic	

knock	 down	 of	 tau	 or	 Aβ	 immunisation	 appeared	 to	 prevent	 these	

changes,	whilst	they	were	accelerated	by	tau	overexpression	(Jin	et	al.	

2011).	Furthermore,	in	transgenic	mice	that	demonstrate	spread	of	tau	

from	 the	 entorhinal	 cortex	 to	 other	 brain	 regions,	 concurrent	 Aβ	

deposition	has	been	observed	to	accelerate	the	speed	and	extent	of	tau	

propagation	and	significantly	increase	tau-induced	neuronal	loss	(Pooler	

et	al.	2015).		
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CSF	data	from	carriers	of	familial	AD	mutations	have	shed	further	light	

on	 the	 relationship	between	Aβ	 and	 tau.	Aβ	 levels	 begin	 to	decline	 in	

mutation	 carriers	 approximately	 25	 years	 before	 expected	 symptom	

onset,	whereas	 increases	 in	 CSF	 tau	 proteins	 occur	 approximately	 15	

years	before	(Bateman	et	al.	2012),	 suggesting	Aβ	pathology	precedes	

tau	pathology.	Conversely,	neurodegenerative	diseases	which	have	been	

proven	to	be	caused	by	primary	disturbances	in	tau	metabolism,	such	as	

frontotemporal	 dementia	 caused	 by	 mutations	 in	 the	 microtubule	

associated	 protein	 tau	 (MAPT)	 gene	 are	 not	 associated	 with	 Aβ	

deposition	(Rohrer	et	al.	2011).		

	

1.6 Direct	in	vivo	measurement	of	Aβ	using	Aβ	positron	emission	

tomography	–	insights	and	applications	

	

Aside	 from	 CSF,	 another	 tool	 that	 has	 proved	 vital	 in	 increasing	

understanding	 of	 the	 pre-clinical	 phase	 of	 AD	 is	 PET	 imaging.	 PET	

involves	administration	of	a	 radiotracer	designed	 to	bind	 to	a	 specific	

molecule	 in	 the	human	body	and	has	 the	capacity	 to	detect	picomolar	

concentrations	of	radiotracer	and	hence	provide	insights	into	biological	

processes	at	a	molecular	level	in	vivo.	PET	signal	generation	depends	on	

positron	annihilation	following	radionuclide	decay	within	a	radiotracer.	

Positron	 annihilation	 leads	 to	 two	 photons	 travelling	 in	 opposite	

directions,	which	are	then	captured	by	linked	detectors	within	the	PET	

scanner.	Two	detection	events	that	occur	within	a	certain	time	frame	are	
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referred	as	“coincident”	and	are	assumed	to	be	from	the	same	positron	

annihilation.	A	 line	of	 response	between	 the	 two	relevant	detectors	 is	

then	 drawn	 providing	 positional	 information	 regarding	 the	 site	 of	

radionuclide	 decay,	 and	 ultimately	 enables	 generation	 of	 anatomical	

maps	of	radiotracer	uptake	within	a	participant	(Phelps	2000).		

	

	
Figure	6.	Principles	of	positron	emission	tomography.	During	the	annihilation	process	

two	photons	are	emitted	in	diametrically	opposite	directions	and	captured	by	linked	

detectors	within	the	PET	scanner.	Two	detection	events	that	occur	within	a	certain	time	

frame	are	referred	as	“coincident”	and	are	assumed	to	be	from	the	same	positron	

annihilation.	A	line	of	response	between	the	two	relevant	detectors	is	then	drawn	

providing	positional	information	regarding	the	site	of	radionuclide	decay	–	modified	

version	of	a	diagram	previously	released	into	the	public	domain	(Maus	2003)	

	

The	 development	 of	 radiotracers	 that	 preferentially	 bind	 to	 neuritic	

plaques	allowing	direct	detection	of	insoluble	Aβ	non-invasively	by	PET	
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imaging	during	life	has	represented	a	sea	change	in	how	pre-clinical	AD	

can	 be	 investigated.	 The	 first	 Aβ	 PET	 radiotracer	 to	 be	 used	 in	 a	

widespread	manner	was	Pittsburgh	Compound	B	(PiB),	an	11C-labelled	

thioflavin	 derivative	 (Klunk	 et	 al.	 2004).	 PiB	 has	 a	 half-life	 of	

approximately	20	minutes	and	as	a	result	its	use	is	restricted	to	sites	with	

a	cyclotron	in	close	proximity.	This	has	led	to	substantial	interest	in	the	

development	of	 fluorine	 (18F)	based	Aβ	binding	compounds,	 including	

florbetapir	(the	subject	of	the	majority	of	analyses	in	this	thesis)	(Clark	

et	al.	2011),	florbetaben	(Sabri	et	al.	2015)	and	flutemetamol	(Salloway	

et	al.	2017),	which	have	longer	half-lives	(approximately	120	minutes)	

making	 clinical	 and	 research	 studies	 at	 sites	 remote	 from	 tracer	

production	more	feasible.	PiB	and	florbetapir	retention	ratios	have	been	

shown	to	be	strongly	associated	in	the	same	individuals	(Landau	et	al.	

2014)	and	both	qualitative	and	quantitative	identification	of	cerebral	Aβ	

deposition	using	florbetapir	PET	has	been	shown	to	correlate	with	the	

presence	and	density	of	neuritic	plaques	at	post-mortem	measured	by	

immunohistochemistry	and	silver	staining	(Wong	et	al.	2010;	Clark	et	al.	

2011;	Clark	et	al.	2012;	Cortes-Blanco	et	al.	2014).	It	is	important	to	note	

that	 only	 insoluble	 aggregated	 forms	 of	 Aβ	 demonstrate	 high	 affinity	

binding	to	Aβ	PET	radiotracers	(due	to	the	presence	of	hydrophobic	β-

pleated	sheet	within	fibrillar	forms	of	Aβ),	whereas	soluble	monomeric	

or	oligomeric	forms	do	not	(Vlassenko	et	al.	2012).	 Importantly	for	 its	

molecular	specificity	in	AD,	Aβ	PET	radiotracers	have	been	shown	not	to	

bind	to	intraneuronal	accumulations	of	tau	(Klunk	et	al.	2003;	Lockhart	

et	al.	2007).	
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A	 major	 contribution	 of	 Aβ	 PET	 is	 its	 capacity	 to	 directly	 visualise	

cerebral	 Aβ	 deposition	 during	 the	 pre-clinical	 phase	 of	 AD.	 Using	

parental	age	of	onset	as	an	estimate	of	symptom	onset	in	a	cross	sectional	

study	 of	 individuals	 known	 to	 be	 mutation	 carriers	 for	 familial	 AD,	

Bateman	et	al,	concluded	that	Aβ	deposition	can	be	visualised	by	Aβ	PET	

up	 to	 15	 years	 before	 symptom	 onset	 (Bateman	 et	 al.	 2012).	 This	

landmark	study	has	recently	been	expanded	upon	utilizing	longitudinal	

data	 from	 the	 same	 cohort,	where	 rates	 of	Aβ	deposition	 in	mutation	

carriers	 were	 reported	 to	 significantly	 differ	 from	 non-carriers	

approximately	19	years	before	expected	symptom	onset	(Gordon	et	al.	

2018).	 Findings	 in	 the	 genetic	 literature	 have	 been	 supported	 by	

research	looking	at	sporadic	AD,	a	prime	example	being	the	Australian	

Imaging,	 Biomarkers,	 and	 Lifestyle	 Study	 of	 Aging	 (AIBL),	 where	

participants	with	varying	levels	of	cognitive	impairment	underwent	Aβ	

PET	every	18	months	(mean	follow-up	being	3.8	years).	Calculation	of	Aβ	

deposition	rates	enabled	projection	of	intervals	between	various	clinical	

endpoints	and	it	was	estimated	that	significant	cerebral	Aβ	deposition	

occurred	 17	 years	 before	 the	 onset	 of	 dementia	 in	 older	 adults	

(Villemagne	et	al.	2013).	AIBL	data	has	also	revealed	that	carriage	of	the	

APOEε4	allele	in	cognitively	normal	individuals	increased	risk	for	clinical	

disease	 progression	 over	 72	 months.	 However,	 when	 Aβ	 deposition	

measured	 by	 Aβ	 PET	 was	 incorporated	 into	 statistical	 models,	

possession	of	APOEε4	was	 found	 to	no	 longer	be	predictive	of	 clinical	

disease	 progression	 suggesting	 its	 effects	 are	 largely	mediated	 by	 Aβ	

deposition	(Hollands	et	al.	2017).		
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The	Aβ	PET	 literature	 is	 continuing	 to	expand	and	a	meta-analysis	by	

Jansen	et	al	looked	at	Aβ	PET	data	from	7538	individuals	from	55	studies	

estimated	 the	 prevalence	 of	 significant	 cerebral	 Aβ	 deposition	 in	

cognitively	individuals	to	be	approximately	10%	at	the	age	of	50	years	

old	and	increasing	to	approximately	44%	by	the	age	of	90	years	old.	The	

prevalence	pattern	of	AD	related	dementia	is	broadly	similar	with	a	time	

lag	of	approximately	20-30	years	and	homozygosity	of	an	APOEε4	allele	

increases	the	probability	of	significant	cerebral	Aβ	deposition	by	2-3	fold	

(Jansen	et	al.	2015).	……………………………………………………………………………	

	

Aβ	radiotracer	retention	occurs	over	a	continuum,	but	many	researchers	

in	the	field	have	opted	to	classify	individuals	as	either	“Aβ-positive”	or	

“Aβ-negative”	(Jack	et	al.	2018).	Aβ	PET	based	dichotomisation	has	been	

applied	to	clinical	diagnosis	(Weston,	Paterson,	et	al.	2015;	Apostolova	

et	al.	2016),	as	well	as	inclusion	criteria	for	clinical	trials	(Sperling	et	al.	

2014).	 This	 can	 be	 performed	 qualitatively	 by	 trained	 personnel	

performing	binary	visual	reads	of	Aβ	PET	images	(see	Figure	7)	(Ng	et	al.	

2007;	Clark	et	al.	2011),	or	in	a	quantitative	fashion,	whereby	individuals	

are	 dichotomised	 based	 on	 whether	 a	 calculated	 value	 of	 Aβ	 tracer	

uptake	 across	 the	 entire	 cortex	 falls	 above	 or	 below	 a	 defined	 cut-off	

level	(Schmidt	et	al.	2014).		
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Figure	7.	Examples	of	Aβ-negative	florbetapir	scans	(top	two	rows)	and	Aβ-positive	

florbetapir	scans	(bottom	two	rows).	The	final	panel	to	the	right	shows	enlarged	

pictures,	with	the	top	two	arrows	pointing	to	normal	preserved	grey	matter-white	

matter	contrast	(cortical	grey	matter	radiotracer	uptake	less	than	that	in	the	adjacent	

white	matter),	whilst	the	bottom	two	arrows	indicate	areas	of	decreased	grey	matter-

white	mater	contrast	(increased	cortical	grey	matter	radiotracer	uptake	that	is	

comparable	to	radiotracer	uptake	in	the	adjacent	white	matter)	(Cortes-Blanco	et	al.	

2014)	–	reproduced	with	permissions	from	Elsevier	

	

However,	there	is	good	evidence	that	biologically	relevant	Aβ	deposition	

measured	 using	 Aβ	 PET	 tracers	 occurs	 in	 individuals	 with	 global	

measures	of	Aβ	PET	uptake	below	standard	thresholds	of	Aβ-positivity	

(Mormino	et	al.	2012;	Villeneuve	et	al.	2015;	Palmqvist	et	al.	2017)	and	

this	can	even	predict	tau	deposition	(Leal	et	al.	2018).	A	further	criticism	

of	 dichotomisation	 is	 that	 is	 it	 does	 not	 reflect	 neuropathological	

observations	 that	 Aβ	 deposition	 follows	 a	 distinct	 regional	 pattern	 of	

progression	 (Braak	&	Braak	1991;	Thal	et	al.	2002).	Recently	a	multi-

stage	model	whereby	Aβ	deposition	begins	in	temporal	and	frontal	areas,	

and	 subsequently	 affects	 the	 remaining	 cortical	 association	 areas,	 the	
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primary	sensorimotor	cortices	and	the	medial	temporal	lobe,	and	finally	

the	striatum,	has	been	proposed	(Grothe	et	al.	2017).	This	scheme	was	

applied	 to	 149	 cognitively	 normal	 subjects	 from	 ADNI	 (Alzheimer’s	

Disease	Neuroimaging	Initiative)	whom	underwent	florbetapir	PET	and	

showed	 highly	 consistent	 hierarchical	 nesting	 across	 participants.	

Importantly,	those	with	the	earliest	stages	of	Aβ	deposition	were	largely	

misclassified	 using	 dichotomisation	 based	 on	 global	 florbetapir-PET	

signal	 but	 demonstrated	 evidence	 of	 abnormal	 CSF	 Aβ1-42	 levels	

suggesting	biologically	relevant	Aβ	plaque	accumulation	had	occurred	in	

these	 individuals.	 Furthermore,	 recent	 data	 investigating	 florbetapir-

PET	uptake	in	cognitively	normal	individuals	aged	20	to	60	years	found	

a	 small,	 but	 statistically	 significant,	 linear	 association	 between	 tracer	

uptake	and	increasing	age	(Gonneaud	et	al.	2017).	A	voxelwise	analysis	

of	 the	 PET	 data	 localised	 this	 increase	 to	 the	 temporal	 cortices.	 Age-

related	increases	in	temporal	Aβ	deposition	remained	significant	when	

including	 only	 individuals	 aged	 20-50	 years,	 and	 after	 controlling	 for	

several	methodological	confounds,	again	implying	small	increases	in	Aβ	

deposition	in	“Aβ-negative”	populations	may	be	biologically	significant.	

	

A	challenge	to	the	Aβ	hypothesis	of	AD	has	been	the	high-profile	failures	

of	 several	 clinical	 trials	 testing	 pharmacological	 agents	 targeting	 Aβ	

homeostasis	(Gilman	et	al.	2005;	Doody	et	al.	2014;	Salloway	et	al.	2014).	

A	potential	reason	for	this	is	that	the	treatments	were	started	at	too	late	

a	 stage	 in	 the	 disease	 course,	 but	 there	 is	 also	 evidence	 that	 patients	

without	 AD	 pathology	 were	 enrolled	 into	 trials.	 For	 example,	 an	

addendum	study	of	individuals	who	had	been	entered	into	a	clinical	trial	
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of	 solanezumab	 (a	 monoclonal	 antibody	 directed	 against	 the	 mid-

domain	 of	 the	Aβ	peptide)	 revealed	 22.4%	of	 trial	 participants	 (all	 of	

whom	 had	 a	 clinical	 diagnosis	 of	 probable	 AD)	 had	 no	 evidence	 of	

cerebral	 Aβ	 deposition	 (Degenhardt	 et	 al.	 2016).	 Data	 from	 trials	 of	

bapineuzumab,	 another	 anti-Aβ	 monoclonal	 antibody,	 also	

demonstrated	a	significant	proportion	of	Aβ-negative	participants	and	

there	 was	 evidence	 this	 was	 related	 to	 APOE	 genotype.	 36.1%	 of	

participants	who	 did	 not	 possess	 an	APOEε4	 allele	were	 Aβ-negative,	

whereas	there	was	a	much	lower	proportion	of	Aβ-negative	individuals	

(6.5%)	in	the	group	of	participants	who	did	possess	at	least	one	APOEε4	

allele	(E.	Liu	et	al.	2015).	Recently,	more	promising	clinical	trial	data	has	

emerged	 for	 adacanumab	 (another	 monoclonal	 antibody	 directed	

against	Aβ)	in	a	phase	2	clinical	trial.	This	used	Aβ	PET	as	an	inclusion	

criterion	and	the	treatment	group	showed	evidence	of	slowed	cognitive	

decline	 (Sevigny	 et	 al.	 2016).	 Furthermore,	 Aβ	 PET	 imaging	 revealed	

reductions	 in	 radiotracer	 uptake	 that	 were	 both	 dose-	 and	 time-

dependent	 following	 adacanumab	 administration.	 Although	 further	

ongoing	work	is	required	to	establish	the	clinical	efficacy	of	adacanumab,	

the	data	highlights	the	importance	of	using	Aβ	PET	to	aid	recruitment	to	

clinical	trials,	as	well	as	its	ability	to	demonstrate	target	engagement	of	

anti-Aβ	 therapies.	 Preliminary	 data	 from	 a	 phase	 II	 clinical	 study	 of	

BAN2401	 (an	 anti-Aβ	 protofibril	 monoclonal	 antibody)	 provided	

evidence	that	BAN2401	was	able	to	significantly	clear	neuritic	plaques,	

as	 well	 as	 some	 evidence	 that	 it	 may	 reduce	 cognitive	 decline	

(Logovinsky	et	al.	2016;	Eisai	Co.	2018).	
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1.7 Structural	changes	in	the	grey	matter	in	AD	–	insights	from	

neuropathology	

	

Ever	 since	 the	 tail	 end	 of	 the	 20th	 century,	 where	 Golgi	 and	 Cajal	

pioneered	techniques	that	enabled	microscopic	visualisation	of	neuronal	

tissue	 (Garcia-Lopez	 et	 al.	 2010),	 neuropathological	 studies	 have	

provided	invaluable	information	regarding	the	changes	that	take	place	in	

grey	 matter	 in	 AD	 (Serrano-Pozo	 et	 al.	 2011).	 For	 example,	 a	 major	

contributor	to	macroscopic	cerebral	atrophy	–	one	of	the	core	features	of	

AD	 –	 is	 neuronal	 loss,	 which	 can	 be	 quantified	microscopically	 using	

stereological	counting	techniques.	Morphometric	analysis	of	frontal	and	

temporal	cortical	biopsy	tissues	from	patients	with	dementia	under	65	

years	 of	 age	 and	 pathologically	 verified	AD	 have	 been	 shown	 to	 have	

decreased	neuron	density	compared	to	age-matched	controls	(Davies	et	

al.	1987).	AD	patients	have	been	shown	to	have	48%	fewer	entorhinal	

cortex	neurons	than	age	matched	controls	(Gómez-Isla	et	al.	1996).	This	

neuronal	loss	was	evident	in	the	very	earliest	stage	of	symptomatic	AD,	

by	which	time	patients	had	already	approximately	32%	less	entorhinal	

cortex	neurons.	A	further	study	focusing	on	the	superior	temporal	sulcus	

revealed	a	loss	of	more	than	50%	of	neurons	in	AD	patients	compared	to	

age	matched	controls	(Gómez-Isla	et	al.	1997).		

	

In	addition	to	neuronal	loss,	transmission	electron	microscopy,	as	well	

as	 immunohistochemistry	 techniques	 allowing	 visualisation	 of	 the	

presynaptic	 vesicle	 proteins	 such	 as	 synaptophysin,	 have	 enabled	
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accurate	measurement	of	synapse	number	and	morphology.	Decreased	

synapse	 counts	 associated	 with	 increased	 synaptic	 size	 have	 been	

observed	in	AD	patients	compared	to	age-matched	controls	in	a	number	

of	brain	areas	 including:	 frontal	cortex	(Davies	et	al.	1987;	DeKosky	&	

Scheff	1990;	Scheff	et	al.	1990;	Terry	et	al.	1991),	temporal	cortex	(see	

Figure	8)		(Davies	et	al.	1987;	Masliah	et	al.	1989;	Scheff	&	Price	1993;	

Scheff	et	al.	2011),	parietal	cortex	(Masliah	et	al.	1989;	Terry	et	al.	1991),	

cingulate	(Scheff	&	Price	2001),	and	hippocampi	(Perdahl	et	al.	1984;	Sze	

et	 al.	 1997)	 (including	 subfields	 -	 dentate	 gyrus	 (Hamos	 et	 al.	 1989;	

Bertoni-Freddari	et	al.	1990;	Cabalka	et	al.	1992;	Goto	&	Hirano	1990;	

Lippa	et	 al.	 1992;	 Scheff	 et	 al.	 1996;	 Scheff	&	Price	1998;	 Scheff	 et	 al.	

2006),	CA1	(Goto	&	Hirano	1990;	Scheff	et	al.	2007)	and	subiculum	(Goto	

&	Hirano	1990)).		

	
Figure	8.	Examples	of	electron	micrographs	of	the	temporal	neocortex	of	a	patient	with	

Alzheimer’s	disease	(A)	compared	to	a	healthy	control	(B).	Alzheimer’s	disease	cortical	

grey	matter	tissue	demonstrated	a	30%	reduction	in	synapse	number	(Scheff	&	Price	

1993)	–	reproduced	with	permissions	from	John	Wiley	and	Sons	
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A	meta-analysis	looking	at	over	100	studies	published	on	synaptic	loss	

in	 AD	 found	 evidence	 of	 consistently	 lower	 synapse	 numbers	 in	 the	

hippocampus,	 the	 frontal	 cortex,	 cingulate,	 entorhinal	 cortex	 and	

temporal	regions	(de	Wilde	et	al.	2016).	Furthermore,	synaptic	loss	has	

been	observed	to	exceed	neuronal	loss	in	some	instances	(Davies	et	al.	

1987),	suggesting	that	synaptic	loss	may	even	precede	neuronal	loss.	As	

would	be	expected,	synaptic	loss	has	also	been	shown	to	be	associated	

with	cognitive	deficits	(DeKosky	&	Scheff	1990;	Terry	et	al.	1991;	Scheff	

et	al.	2006;	Scheff	et	al.	2007).	Evidence	is	emerging	from	animal	models	

that	 Aβ	 directly	 interacts	 with	 a	 number	 of	 pre-	 and	 post-synaptic	

proteins	 that	 may	 lead	 to	 synaptic	 dysfunction	 and	 potentially	 the	

synaptic	loss	that	is	observed	in	AD	patients	(de	Wilde	et	al.	2016).	

	

Neuropathological	data	 looking	at	 changes	 in	grey	matter	 structure	 in	

the	pre-clinical	(i.e.	cognitively	normal)	phase	of	AD	are	sparse.	Studies	

looking	at	brain	tissue	from	individuals	with	evidence	of	Aβ	deposition,	

but	no	symptoms,	found	no	evidence	for	statistically	significant	neuronal	

loss	in	the	entorhinal	cortex	or	hippocampus	(Price	et	al.	2001;	West	et	

al.	 2004).	 Decreased	 entorhinal	 cortex	 thickness	 obtained	 using	 ante-

mortem	structural	imaging	has	been	shown	to	correlate	with	increased	

post-mortem	 cortical	 Aβ	 deposition	 in	 a	 cohort	 including	 cognitively	

normal	participants	(n=25),	as	well	as	patients	with	probable	AD	(n=7)	

and	mild	cognitive	impairment	(n=18)	(Thaker	et	al.	2017).	However,	no	

statistically	 significant	 relationship	 was	 observed	 when	 considering	

cognitively	 normal	 individuals	 alone.	 Some	 neuropathological	 studies	
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have	 noted	 evidence	 of	 neuronal	 and	 nuclear	 hypertrophy	 (i.e.	 the	

opposite	of	atrophy)	in	the	cortical	grey	matter	(primarily	the	anterior	

cingulate	 gyrus)	 of	 asymptomatic	 individuals	 with	 evidence	 of	 AD	

pathology	compared	to	normal	controls	(Riudavets	et	al.	2007;	Iacono	et	

al.	2008).		

	

Despite	 these	 insights,	 neuropathological	 studies	 have	 a	 range	 of	

disadvantages.	They	are	time-consuming,	expensive,	and	often	have	very	

small	sample	sizes.	Analyses	are	often	restricted	to	small	regions	of	brain	

tissue,	 and	 peri-mortem	 pathophysiological	 changes	 such	 as	 hypoxia,	

ischaemia	and	oedema,	as	well	 the	 tissue	processing	steps	 involved	 in	

the	 analysis,	 may	 all	 influence	 the	 properties	 of	 neuronal	 tissue.	

Furthermore,	 measurements	 of	 tissue	 volume	 in	 a	 neuropathological	

setting	are	particularly	difficult,	and	have	relied	on	proxy	measures,	such	

as	 total	 brain	 weight	 (Dekaban	 &	 Sadowsky	 1978)	 or	 analysis	 of	

photographs	of	fixed	brain	slices	(Miller	et	al.	1980).	Finally,	important	

to	the	context	of	AD,	the	majority	of	neuropathological	studies	focus	on	

clinically	established	(often	end-stage)	disease	limiting	the	conclusions	

that	can	be	drawn	regarding	changes	occurring	during	the	pre-clinical	

phase	of	AD.	

	

1.8 Structural	MRI	

	

One	 technological	 advance	 that	 led	 to	 a	 paradigm	 shift	 in	 how	

neurological	structure	and	function	is	investigated	has	been	the	advent	
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of	 MRI.	 Current	 MRI	 scanners	 typically	 have	 a	 spatial	 resolution	 of	

millimetres	enabling	uniquely	detailed	three-dimensional	investigation	

of	 human	 brain	 structure	 in	 vivo,	 in	 both	 a	 cross-sectional	 and	

longitudinal	manner.	MRI	is	safe,	widely	available	and	has	been	a	key	tool	

in	the	investigation	of	cerebral	atrophy	in	AD	in	both	scientific	research	

and	routine	clinical	diagnosis	(Fox	&	Schott	2004;	Pini	et	al.	2016).		

	

MRI	 signal	 generation	 largely	 depends	 on	 the	 differential	 response	 of	

protons	 in	water	molecules	within	 tissue	 to	 an	 applied	magnetic	 field	

(Pooley	2005).	All	protons	possess	a	magnetic	moment,	or	 “spin”,	and	

under	normal	circumstances	any	one	proton’s	spin	will	be	orientated	in	

a	random	fashion.	When	a	magnetic	field	of	sufficient	strength	is	applied,	

protons	align	in	either	a	parallel	or	anti-parallel	direction	to	the	magnetic	

field.	 Adopting	 the	 parallel	 direction	 has	 slightly	 lower	 energy	

requirements	and	consequently,	slightly	more	protons	adopt	this	state.	

This	 results	 in	 an	 overall	magnetisation	 vector	 in	 the	 direction	 of	 the	

applied	 magnetic	 field,	 where	 the	 aligned	 protons	 precess	 about	 the	

magnetic	field	at	a	specific	frequency	as	defined	by	the	Larmor	equation:		

	

ω=	γB	

(ω=	precessional	frequency;	γ	=	gyromagnetic	ratio;	B	=	strength	of	

magnetic	field)	

	

The	 generation	 of	 a	 detectable	 signal	 in	 MRI	 conveying	 structural	

information	regarding	brain	tissue	is	dependent	on	additional	magnetic	

fields	 or	 “radiofrequency	 pulses”	 to	 the	 main	 magnetic	 field	 (B0).	
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Typically,	 this	 entails	 a	 90°	 radiofrequency	 pulse	 that	 induces	 a	

transverse	shift	in	the	direction	of	the	overall	magnetisation	vector.	The	

aligned	 protons	 precess	 around	 this	 new	 field	 at	 a	 frequency	 that	 is	

defined	by	the	strength	of	the	radiofrequency	pulse	before	“dephasing”	

due	to	decreasing	influence	of	the	radiofrequency	pulse	occurs	over	time.	

In	 “spin-echo”	 sequences	 that	 form	 the	 basis	 of	 many	 structural	 MRI	

acquisitions,	 successive	 180°	 radiofrequency	 pulses	 are	 then	 applied,	

and	 the	dephasing	protons	are	 then	realigned	and	precess	around	the	

opposite	axis.	The	time	between	the	radiofrequency	excitation	pulse	and	

the	peak	of	the	signal	 induced	in	the	coil	pulses	 is	defined	as	the	echo	

time	(TE).	The	length	of	time	between	the	start	of	each	series	of	pulses	

and	echoes,	which	is	defined	by	the	initial	90°	pulse,	is	referred	to	as	the	

repetition	time	(TR)	(see	figure	9	below).		

	

	

Figure	9.	Simplified	diagram	of	a	spin	echo	sequence.	Key:	Axis	=	time,	TE	=	echo	time,	TR	

=	repetition	time.	NB.	Pulse	and	signal	widths	are	not	to	scale.	

	

	

Once	 a	 radiofrequency	 pulse	 is	 removed,	 two	 independent	 processes	

occur	 (T1	and	T2	effects).	T1	refers	 to	 the	 time	constant	 for	protons	 to	

return	to	equilibrium	(i.e.	realign	with	the	main	magnetic	field	-	B0).	T2	
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refers	 to	 the	process	whereby	variations	 in	 the	precise	magnetic	 field	

experienced	by	any	given	proton	occurs	due	to	differences	in	the	local	

tissue	environment.	This	results	in	signal	decay	due	to	dephasing	of	the	

precessing	protons.	These	signals	can	be	localised	to	a	specific	location	

in	 the	brain	by	using	spatially	varying	magnetic	gradients	 resulting	 in	

spatially	variant	precession	of	protons.	Both	T1	and	T2	change	depending	

on	tissue	type	and	image	acquisition	sequences	can	be	weighted	to	either	

T1	or	T2	by	changing	TE	and	TR	values.	In	particular,	T1-weighted	image	

acquisition	sequences	(typically	with	relatively	short	TE	and	TR	values)	

are	optimised	to	provide	contrast	between	white	matter	and	grey	matter	

(Mugler	&	Brookeman	1991)	and	have	been	pivotal	in	the	study	of	brain	

macrostructure.	

	

There	are	multiple	and	often	 complementary	approaches	 to	analysing	

T1-weighted	images	that	can	provide	insights	into	brain	macrostructure.	

Manual	delineation	by	trained	personnel	is	widely	considered	to	be	the	

gold	standard	for	delineating	the	boundaries	of	specific	brain	structures.	

However,	 such	 techniques	 are	 open	 to	 operator	 error	 and	 bias,	 and	

variation	 in	 results	 have	 been	 documented	 (Geuze	 et	 al.	 2005).	

Furthermore,	 manual	 techniques	 are	 hugely	 resource-intensive,	 and	

implementation	 into	 large	 scale	 imaging	 studies	 or	 clinical	 practice	 is	

difficult	 to	 envisage.	 Automatic	 segmentation	 algorithms	 provide	 an	

alternative,	where	the	rate	limiting	step	is	computational	power	rather	

than	 human	 resources.	 Manually	 delineated	 atlases	 are	 often	 used	 to	

validate	 such	 approaches,	 as	 well	 as	 acting	 as	 templates	 within	 such	

parcellation	algorithms	(Cardoso	et	al.	2013;	Cardoso	et	al.	2015).		Both	
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manual	 and	 automated	 segmentation	 of	 brain	 structures	 enable	

estimates	of	volume	of	brain	regions	via	summation	of	voxels	within	a	

specific	segmentation.			

	

A	 limitation	 of	 voxel-based	 volumetric	 measurements	 is	 that	 inter-

subject	variation	in	a	number	of	factors	can	confound	between	subject	

comparisons.	In	particular,	total	intracranial	volume	(TIV)	–	a	measure	

of	head	size	 -	has	been	shown	to	be	strongly	associated	with	cerebral	

volumetric	measurements	 and	 all	 volumetric	 based	measures	 of	 grey	

matter	 require	 statistical	 correction	 for	 TIV	 (Barnes	 et	 al.	 2010).	 A	

proportional	method	of	 adjustment,	whereby	a	 grey	matter	 volume	 is	

simply	 divided	 by	 TIV,	 has	 been	 shown	 to	 be	 suboptimal	 and	

incorporation	of	TIV	into	linear	regression	models	has	been	proposed	as	

the	most	 robust	way	of	adjusting	 for	TIV	 (Malone	et	al.	2015).	This	 is	

further	confounded	by	gender	differences	in	TIV	(and	consequently	grey	

matter	 volumes)	 and	 it	 is	 unclear	 whether	 regression	 methods	 can	

completely	 correct	 for	 the	 effect	 of	 TIV	 on	 grey	 matter	 volume	

measurements	 in	 the	 same	manner	 for	males	 and	 females	 (Jack	 et	 al.	

2015).	

	

Automated	surface-based	analysis	tools	that	use	deformable	models	to	

delineate	the	inner	and	outer	cortical	surfaces	are	now	well	established.	

Such	 techniques	 can	 provide	 more	 specific	 metrics	 of	 grey	 matter	

macrostructure,	 the	 prime	 example	 being	 cortical	 thickness	 (Fischl	 &	

Dale	 2000).	 Importantly,	 cortical	 thickness	 is	 not	 strongly	 associated	

with	head	size	(Barnes	et	al.	2010;	Jack	et	al.	2015;	Winkler	et	al.	2010)	
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and	 as	 a	 result	 is	 not	 subject	 to	 the	 same	 confounds	 as	 grey	 matter	

volume	 measurements.	 However,	 such	 techniques	 are	 limited	 to	 the	

cerebral	 cortex	 and	 current	 techniques	 do	 not	 provide	 reliable	

measurements	of	cortical	thickness	in	subcortical	regions,	and	as	a	result	

voxel-based	 volumetric	measurements	 are	 still	 favoured	 for	 assessing	

subcortical	grey	matter	atrophy	(Tentolouris-Piperas	et	al.	2017).	

	

1.9 Structural	MRI	across	the	pathophysiological	continuum	of	

AD	

	

The	concept	that	structural	grey	matter	changes	occur	downstream	to	

Aβ	 deposition,	 but	 before	 the	 onset	 of	 symptoms,	 forms	 a	 significant	

component	 of	 biomarker-driven	 hypothetical	 models	 of	 Alzheimer’s	

disease	 pathophysiology	 (Jack	 et	 al.	 2010;	 Jack	 et	 al.	 2013;	 Jack	 et	 al.	

2018).	 Yet,	 the	 relationship	 between	 Aβ	 deposition	 and	 cortical	 grey	

matter	structure	is	controversial	(Jagust	2016;	Mormino	2014).	

	

At	 the	 forefront	 of	 structural	 MRI	 biomarkers	 of	 AD	 is	 reduced	

hippocampal	 volume	 (see	 Figure	 10	 for	 example),	 which	 has	 been	

repeatedly	demonstrated	to	be	associated	with	clinically	detectable	AD	

(Seab	et	al.	1988;	Kesslak	et	al.	1991;	 Jack	et	al.	1992;	Scheltens	et	al.	

1992;	 Jack	 et	 al.	 2000)	 and	 post-mortem	 studies	 have	 shown	 clear	

correlation	between	neuropathological	features	of	AD	and	ante-mortem	

hippocampal	 volume	 on	MRI	 (Bobinski	 et	 al.	 2000;	 Jack	 et	 al.	 2002).	

Furthermore,	there	is	some	evidence	that	hippocampal	volume	may	be	
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able	to	predict	differences	between	Braak	stages	I	or	less	and	Braak	stage	

II	suggesting	utility	in	detecting	early	pathological	stages	of	AD	(Gosche	

et	 al.	 2002).	 	 A	 recent	 genome-wide	 association	 study	 of	 33,536	

individuals	identified	six	independent	single-nucleotide	polymorphisms	

significantly	associated	with	hippocampal	volume,	as	well	 as	evidence	

that	 these	 genetic	 variants	were	 associated	with	 increased	 risk	 of	 AD	

(Hibar	et	al.,	2016).	MRI	studies	of	individuals	at	risk	of	familial	AD	have	

revealed	evidence	 for	hippocampal	atrophy	preceding	 symptom	onset	

(Fox	et	al.	1996;	Ridha	et	al.	2006;	Bateman	et	al.	2012;	Kinnunen	et	al.	

2017).	However,	whilst	some	studies	have	reported	evidence	of	reduced	

baseline	hippocampal	volume	associated	with	cerebral	Aβ	deposition	in	

cognitively	normal	older	individuals	(Mormino	et	al.	2008;	Storandt	et	al.	

2009;	Rowe	et	al.	2010;	Bourgeat	et	al.	2010;	Doré	et	al.	2013;	Petersen	

et	 al.	 2016;	 Dubois	 et	 al.	 2018;	 Hsu	 et	 al.	 2015),	 others	 have	 not	

(Mattsson,	Aisen,	et	al.	2015;	Andrews	et	al.	2013)	and	consequently	the	

precise	relationship	between	cerebral	Aβ	deposition	and	hippocampal	

atrophy	in	the	pre-clinical	phases	of	sporadic	AD	is	unclear.	
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Figure	10.	T1-weighted	MRI	scan	of	a	patient	with	pathologically	confirmed	Alzheimer’s	

disease	(Braak	stage	6)	with	clear	evidence	of	hippocampal	and	neocortical	atrophy	

(Harper	et	al.	2014)	–	reproduced	via	Creative	Commons	Attribution	License	

		

Recent	work	from	the	Harvard	Aging	Brain	Study	utilizing	a	multi-modal	

imaging	 approach	 has	 shown	 evidence	 Aβ-associated	 hippocampal	

volume	 loss	 in	 cognitively	 normal	 individuals	 that	 was	 also	 tightly	

correlated	to	medial	temporal	lobe	tau	deposition	(as	measured	by	PET	

radiotracers	 designed	 to	 bind	 tau-containing	 neurofibrillary	 tangles).	

Furthermore,	 the	 authors	 showed	 that	 decreased	 integrity	 in	 white	

matter	 tracts	 projecting	 from	 the	 hippocampus	 to	 the	 cerebral	 cortex	

(hippocampal	cingulum	bundle)	in	Aβ-positive	individuals	with	cortical	

tau	deposition	was	associated	with	cognitive	decline	suggesting	Aβ	may	

play	a	role	in	potentiating	neural	vulnerability	in	pre-clinical	AD	(Jacobs	

et	al.	2018).	

	

The	 hippocampus	 is	 not	 a	 homogenous	 structure,	 and	 comprises	 a	

number	 of	 interconnected	 histologically	 and	 functionally	 distinct	
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subfields	(Small	et	al.	2011).	Although	technically	challenging,	there	has	

been	 considerable	 interest	 in	 quantifying	 the	 volumes	 of	 different	

hippocampal	 subfields	 in	 AD,	 with	 reports	 that	 there	 is	 preferential	

volume	 loss	 of	 certain	 subfields,	 especially	 CA1	 and	 the	 pre-

subiculum/subiculum	 complex	 (Apostolova	 et	 al.	 2010;	 Mueller	 et	 al.	

2010;	La	Joie	et	al.	2013;	Iglesias	et	al.	2015;	Pini	et	al.	2016;	Blanken	et	

al.	2017;	Carlesimo	et	al.	2015;	Mak	et	al.	2017;	Apostolova	et	al.	2006).	

However,	 research	 into	 hippocampal	 subfield	 volumes	 in	 pre-clinical	

populations	 has	 been	 limited.	 In	 a	 small	 sample	 (n=74),	 Hsu	 and	

colleagues	 reported	 Aβ-associated	 decreases	 in	 not	 only	 total	

hippocampal	 volume,	 but	 also	 the	 subiculum,	 pre-subiculum	 and	

hippocampal	 tail.	 The	 magnitude	 of	 these	 changes	 were	 large,	 and	

quoted	at	 approximately	10-12%	(Hsu	et	 al.	 2015).	The	 segmentation	

algorithm	 utilized	 in	 this	 study	 has	 been	 shown	 to	 be	 vulnerable	 to	

mislabelling	(Wisse	et	al.	2014)	and	there	is	a	requirement	for	studies	

with	 larger	 sample	 sizes	 and	 more	 up	 to	 date	 hippocampal	 subfield	

segmentation	 methodology	 to	 further	 investigate	 this	 relationship.	 A	

recent	study	of	88	individuals	with	a	family	history	of	AD	investigating	

hippocampal	sub-region	volumes	found	those	with	abnormal	CSF	Aβ,	but	

normal	CSF	tau	had	increased	right	subiculum	volumes,	whilst	abnormal	

CSF	 Aβ	 and	 abnormal	 CSF	 tau	 was	 associated	 with	 decreased	 right	

subiculum	 volume	 (Tardif	 et	 al.	 2018)	 suggesting	 the	 presence	 of	 tau	

deposition	 is	 important	 for	 hippocampal	 atrophy	 and	 has	 selective	

effects	on	certain	subfields.	
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Beyond	the	hippocampus	there	is	evidence	for	atrophy	of	the	amygdala,	

thalamus,	 caudate,	 putamen	 and	 nucleus	 accumbens	 in	 AD	 once	

symptoms	have	emerged	(Liu	et	al.	2010;	Yi	et	al.	2016;	Madsen	et	al.	

2010;	Dukart	et	al.	2013;	H.	Zhao	et	al.	2015;	Poulin	et	al.	2011),	although	

evidence	 assessing	 volumetric	 change	 in	 the	 pre-clinical	 phase	 of	

sporadic	AD	is	limited	(Tentolouris-Piperas	et	al.	2017).	However,	there	

is	evidence	from	the	familial	AD	literature	that	asymptomatic	individuals	

carrying	autosomal	dominantly	inherited	mutations	that	cause	AD	have	

lower	 thalamus,	 caudate	 and	 putamen	 volumes	 compared	 to	 age-

matched	 controls	 (Lee	 et	 al.	 2012;	 Ryan	 et	 al.	 2013).	 By	 contrast	 one	

study	 revealed	 evidence	 of	 increased	 caudate	 volume	 in	 pre-

symptomatic	mutation	 carriers	 compared	 to	 controls,	 with	 decreased	

caudate	volumes	observed	in	symptomatic	mutation	carriers	(Fortea	et	

al.	2010).		

	

In	terms	of	the	cerebral	cortex,	in	line	with	neuropathological	data,	many	

in	 vivo	 MRI	 studies	 have	 reported	 evidence	 of	 widespread	 cortical	

atrophy	in	AD,	with	significant	grey	matter	loss	occurring	in	the	temporal	

regions,	 frontal	 and	 parietal	 regions,	 with	 a	 relative	 sparing	 of	 the	

sensorimotor	 cortices	 (Dickerson	 et	 al.	 2001;	 Scahill	 et	 al.	 2002;	

Thompson	et	al.	2003;	Singh	et	al.	2006;	Apostolova	et	al.	2007;	Whitwell	

et	al.	2008;	Dickerson	et	al.	2009;	Frisoni	et	al.	2009;	Bourgeat	et	al.	2010;	

Prestia	et	al.	2011;	Whitwell	et	al.	2013;	Velayudhan	et	al.	2013;	Harper	

et	 al.	 2017).	 Evidence	 is	 now	 emerging	 from	 studies	 using	 PET	

radiotracers	designed	to	bind	tau-containing	neurofibrillary	tangles	that	

there	 is	 a	 close	 spatial	 association	 between	 grey	matter	 atrophy	 and	



	
67	

estimates	of	tau	deposition,	whereas	the	relationships	between	Aβ	and	

neurodegeneration	are	not	region	specific	and	may	be	mediated	by	the	

interaction	between	Aβ	and	tau	(Iaccarino	et	al.	2018).		

	

Individuals	 at	 risk	 of	 familial	 AD	 exhibit	 cortical	 atrophy	 prior	 to	

symptom	onset	 (Fox	 et	 al.	 1999;	 Fox	 et	 al.	 2001;	Weston	 et	 al.	 2016;	

Gordon	et	al.	2018).	However,	there	have	also	been	unexpected	reports	

of	increased	cortical	thickness	in	tempo-parietal	and	precuneus	regions	

in	asymptomatic	mutation	carries	approximately	9.9	years	prior	to	the	

predicted	age	of	disease	onset	(Fortea	et	al.	2010).	

	

Studies	 investigating	 cortical	 grey	matter	 structure	 in	 the	 pre-clinical	

phase	 of	 sporadic	 AD	 using	 biomarkers	 of	 Aβ	 deposition	 and	 T1-

weighted	MRI	 data	 have	 also	 provided	 conflicting	 results.	 Some	 have	

reported	evidence	for	volumetric	loss/cortical	thinning	(Storandt	et	al.	

2009;	 Dickerson	 et	 al.	 2009;	 Bourgeat	 et	 al.	 2010;	 Rowe	 et	 al.	 2010;	

Becker	et	al.	2011;	Oh	et	al.	2011;	Doré	et	al.	2013;	Doherty	et	al.	2015)	

associated	with	Aβ	deposition,	whilst	others	have	 found	no	consistent	

associations	(Wirth,	Madison,	et	al.	2013;	Wirth,	Villeneuve,	et	al.	2013;	

Mattsson,	 Aisen,	 et	 al.	 2015).	 One	 report	 using	 two	 separate	 analysis	

approaches	 (surface-based	 cortical	 thickness	 and	 voxel-based	

volumetric	measurements)	noted	discordant	results	in	the	same	cohort	

when	 comparing	Aβ-positive	 and	negative	 individuals	 (Whitwell	 et	 al.	

2013).	 Furthermore,	 one	 analysis	 using	 data	 from	 the	 AIBL	 study	

demonstrated	 evidence	 of	 increased	 temporal	 lobe	 volume	 associated	

with	 Aβ	 deposition	 in	 cognitively	 normal	 individuals	 (Chételat	 et	 al.	
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2010).		Using	CSF	markers	of	AD	pathophysiology	Fortea	et	al	divided	33	

participants	without	a	diagnosis	of	dementia	into	tertiles	based	on	CSF	

Aβ1-42	 values	 (which	 decreases	 in	 AD)	 and	 found	 increased	 cortical	

thickness	in	temporoparietal	areas	and	precuneus	was	observed	when	

comparing	the	middle	tertile	(CSF	Aβ	between	416-597	pg/mL)	with	the	

high	Aβ	tertile	(616–881	pg/mL)	(Fortea	et	al.	2011).	Increased	cortical	

thickness	 has	 also	 been	 observed	 by	 the	 same	 research	 group	 in	 an	

independent	cohort	comparing	cognitively	normal	individuals	with	AD	

like	 CSF	 biomarker	 profiles	 compared	 to	 those	without	 (Montal	 et	 al.	

2017).	 Furthermore,	 data	 from	 145	 individuals	 from	 the	 ADNI	 study	

revealed	evidence	of	cortical	thickening	associated	with	decreasing	CSF	

Aβ,	but	only	 in	 the	absence	of	 abnormal	phosphorylated	 tau,	whereas	

abnormal	 CSF	 Aβ	 and	 abnormal	 phosphorylated	 tau	 together	 were	

associated	with	 evidence	 of	 atrophy	 (Fortea	 et	 al.	 2014).	 Subsequent	

longitudinal	analysis	of	ADNI	data	revealed	evidence	of	a	reduction	in	the	

rates	of	brain	atrophy	associated	with	abnormal	CSF	Aβ,	but	normal	CSF	

tau,	whilst	 a	 combination	of	abnormal	CSF	Aβ	and	 tau	was	associated	

with	increasing	rates	of	cerebral	atrophy	(Pegueroles	et	al.	2017).	There	

is	also	evidence	from	clinical	trial	data	of	paradoxical	increases	in	brain	

atrophy	following	Aβ	removal	with	AN1792	immunotherapy	(Fox	et	al.	

2005),	 again	 highlighting	 complex	 relationships	 between	 cerebral	 Aβ	

and	grey	matter	structure.		

	

The	precise	underlying	cause	for	such	non-linear	relationships	between	

Aβ	and	grey	matter	structure	is	unclear.	Some	of	data	described	above	

suggests	that	tau	may	be	a	key	mediator	of	atrophy,	whilst	Aβ	may	lead	
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to	 expansion	of	 grey	matter	 in	 the	 absence	of	 tau	 (Fortea	 et	 al.	 2014;	

Pegueroles	et	al.	2017;	Iaccarino	et	al.	2018).	However,	it	 is	unclear	to	

what	 extent	 indirect	 CSF	 measurements	 of	 tau	 (Zetterberg	 2017),	 or	

uptake	 of	 PET	 radiotracers	 designed	 to	 bind	 tau,	 are	 specific	

measurements	 of	 tau	 deposition.	 Currently	 available	 tau	 radiotracers	

exhibit	 a	 number	 of	 technical	 limitations,	 such	 as	 off-target	 binding	

(Marquié	et	al.	2015;	Bevan-Jones	et	al.	2017),	 interactions	with	drugs	

(e.g.	monoamine	oxidase	inhibitors	(Ng	et	al.	2017)),	lack	of	correlation	

between	 pathological	 tau	 load	 and	 tracer	 binding	 (Wren	 et	 al.	 2018),	

limited	sensitivity	 to	 tau	 in	early	disease	 (Wren	et	al.	2018),	and	high	

variability	in	tracer	binding	between	and	within	cases	(Wren	et	al.	2018).		

Aβ	is	implicated	in	a	wide	array	of	pathophysiological	processes	that	may	

offer	 potential	 explanations	 for	 the	 observed	 non-linear	 associations	

between	Aβ	and	grey	matter	macrostructure.	For	example,	 changes	 in	

grey	matter	connectivity	(Schultz	et	al.	2017)	or	neuroinflammation	(Fan	

et	 al.	 2017)	 at	 early	 stages	 of	 Aβ	 deposition	 may	 account	 for	 such	

changes.	Cerebral	fluid	shifts	related	to	factors	such	as	hydration	status	

(e.g.	abstinence	from	alcohol	(Liu	et	al.	2000)	or	renal	dialysis	(Walters	

et	al.	2001))	have	been	clearly	shown	to	influence	grey	matter	structure	

analyses.	Given	the	role	of	reduced	Aβ	clearance	and	the	potential	role	of	

astroglial-mediated	 interstitial	 fluid	 bulk	 flow	 (also	 referred	 to	 as	 the	

glymphatic	system)	(Tarasoff-Conway	et	al.	2015)	 in	AD,	 it	 is	possible	

that	 Aβ	 induced	 altered	 fluid	 dynamics	 may	 also	 contribute	 to	 grey	

matter	imaging	metrics.	Cognitive	performance	has	been	shown	to	be	a	

key	 driver	 in	 healthy	 volunteer	 research	 participation	 (Stafford	 et	 al.	

2013),	and	a	further	possibility	is	that	studies	may	have	a	bias	towards	
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recruiting	 subjects	 who	 are	 able	 to	 tolerate	 Aβ	 deposition	 without	

cognitive	 impairment	 due	 to	 differences	 in	 grey	 matter	 structural	

properties	(Chételat	et	al.	2010).		

	

1.10 Diffusion-weighted	MRI	–	an	alternative	and	complementary	

avenue	to	structural	MRI	

	

In	 contrast	 to	 the	 widely	 employed	 macroscopic	 MRI	 techniques	

described	above,	research	into	imaging	techniques	that	can	quantify	AD	

related	changes	in	grey	matter	microstructure	in	vivo	has	been	relatively	

limited.	 Diffusion-weighted	 MRI,	 which	 measures	 the	 directionally-

dependent	diffusion	of	water	molecules,	has	been	extensively	applied	to	

the	study	of	white	matter	in	AD,	and	has	also	been	proposed	as	a	method	

of	 assessing	 the	 microstructural	 properties	 of	 grey	 matter	 in	

neurodegenerative	conditions	such	as	AD	(Weston,	Simpson,	et	al.	2015).		

	

	
Figure	11.	Modified	model	of	dynamic	biomarkers	of	the	Alzheimer's	disease	

pathological	cascade(Jack	et	al.	2010;	Jack	et	al.	2013)	proposed	by	Weston	and	

colleagues	(Weston,	Simpson,	et	al.	2015)	with	changes	in	brain	microstructure	

occurring	prior	to	changes	in	brain	macrostructure	–	reproduced	via	Creative	Commons	

Attribution	License	
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The	theoretical	basis	for	diffusion-weighted	MRI	relies	on	the	continuous	

thermally-driven	 random	motion	 of	water	molecules.	 Observations	 of	

the	movements	of	pollen	grains,	as	well	as	inorganic	material,	suspended	

in	 liquid	under	 the	microscope	by	Brown	 in	1827	 (Brown	1828)	 first	

hinted	 at	 this	 process.	 The	 concept	 of	 “Brownian”	 motion	 was	

mathematically	 formalised	 by	 Einstein	 at	 the	 beginning	 of	 the	 20th	

century	by	way	of	the	displacement	distribution	(the	probability	a	given	

molecule	 will	 move	 a	 given	 distance	 during	 a	 given	 time	 period)	

(Einstein	1956).		

	

Diffusion-weighted	MRI	utilises	the	Stejskal	and	Tanner	pulsed-gradient	

spin-echo	 sequence	 (Stejskal	 &	 Tanner	 1965),	 which	 compared	 to	

standard	spin-echo	MRI	acquisition	sequences	(such	as	T1/T2-wieghted	

structural	images),	involves	the	addition	of	two	further	types	of	magnetic	

pulses	 or	 “diffusion	 gradients”.	 	 The	 first	 diffusion	 gradient	 leads	 to	

dephasing	 of	 protons,	 whilst	 the	 second	 gradient,	 which	 is	 the	 same	

magnitude	 but	 the	 opposite	 direction	 as	 the	 first	 gradient,	 leads	 to	

rephasing	 of	 protons.	 Diffusion	 gradients	 are	 defined	 by	 a	 “b-value”,	

which	is	related	to	the	magnitude	and	duration	of	the	diffusion	gradient,	

as	well	as	the	time	during	which	one	observes	the	process	of	diffusion.		If	

a	 given	 proton	 within	 a	 water	 molecule	 has	 undergone	 diffusion	

following	 the	 dephasing	 gradient	 (but	 before	 the	 second	 gradient),	

rephasing	 of	 protons	 is	 incomplete	 and	 results	 in	 signal	 loss.	

Fundamentally,	 this	 signal	 loss	 forms	 the	 basis	 of	 diffusion	 weighted	

MRI.	 Given	 diffusion	 of	 water	 molecules	 is	 highly	 dependent	 on	 the	
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microstructural	 environment,	 the	 nature	 of	 this	 signal	 loss	 has	 the	

potential	 to	 provide	 information	 regarding	 the	 microstructural	

environment.	

	

Standard	 (or	 “single-shell”)	 diffusion-weighted	 MRI	 acquisition	

sequences	 use	 a	 specific	 b-value	 (typically	 b=1000	 s/m2)	 in	 multiple	

directions,	 with	 multiple	 b=0	 s/m2	 images	 interleaved.	 The	

measurement	 of	 the	 diffusion	 of	 water	 in	multiple	 directions	 enables	

estimation	of	the	overall	direction	of	molecular	diffusion	using	a	tensor	

model	(3	x	3	covariance	matrix).	This	forms	the	basis	for	diffusion	tensor	

imaging	(DTI);	a	model	which	assumes	each	voxel	contains	a	single	tissue	

compartment	(Basser	et	al.	1994).		

	

Most	 studies	 utilizing	 DTI	 to	 investigate	 changes	 in	 grey	matter	 have	

utilized	 the	 metric	 mean	 diffusivity	 (MD),	 which	 measures	 average	

degree	of	diffusion	in	all	directions	within	a	voxel.	Changes	in	grey	matter	

mean	 diffusivity	 have	 been	 associated	 with	 clinically	 established	 AD	

(Rose	 et	 al.	 2008),	 conversion	 to	 AD	 from	mild	 cognitive	 impairment	

(Scola	et	al.	2010),	cognitive	decline	(Jacobs	et	al.	2013),	changes	in	CSF	

biomarkers	of	AD	pathology	in	cognitively	normal	individuals	(Montal	et	

al.	 2017),	 and	 have	 been	 used	 to	 differentiate	 dementia	 subtypes	

(Kantarci	et	al.	2010).	A	potential	disadvantage	of	DTI	is	that	it	can	only	

assess	diffusion	of	water	molecules	across	the	entire	voxel,	which	limits	

the	amount	of	tissue	specific	information	the	model	can	provide.	
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A	major	development	has	been	that	of	multi-shell	diffusion	MRI	analysis	

techniques,	which	allow	more	advanced	modelling	of	the	diffusion	signal	

with	 the	 capacity	 to	 provide	 more	 tissue	 specific	 information.	 An	

example	 of	 such	 a	 technique	 is	 neurite	 orientation	 dispersion	 and	

density	 imaging	 (NODDI)	 (Zhang	et	 al.	 2012),	which	assumes	 that	 the	

diffusion	 properties	 of	 water	 molecules	 in	 neuronal	 tissue	 can	 be	

considered	within	three	separate	compartments	(see	Figure	12):	i)	free	

diffusion	 (isotropic),	 representing	 CSF;	 ii)	 hindered	 diffusion	

(anisotropic),	 representing	 an	 extra-neurite	 compartment	 (glial	 cells,	

neuronal	 cell	 bodies	 and	 the	 extracellular	 environment);	 and	 iii)	

restricted	diffusion	(modelled	as	sets	of	sticks)	perpendicular	to	neurite	

axes,	representing	an	intra-neurite	compartment	(dendrites	and	axons).		

	

	
Figure	12.	Schematic	demonstrating	neurite	orientation	dispersion	and	density	imaging	

(NODDI)	(Zhang	et	al.	2012)	applied	to	cortical	grey	matter.	This	schematic	displays	an	

adapted	drawing	of	a	coronal	section	of	the	human	brain	(Left	–	Gray	(Gray	1918));	

drawing	of	cerebral	cortex	microstructure	(Centre	–	Poirier	(Gray	1918));	and	

biophysical	modelling	of	neuronal	tissue	using	NODDI	(Right).		

	

NODDI	 metrics	 include:	 the	 neurite	 density	 index	 (NDI),	 with	 values	

ranging	from	0	to	1	(higher	values	reflecting	increased	neurite	density);	
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and	the	orientation	dispersion	index	(ODI),	which	provides	information	

regarding	 the	angular	variation	of	neurites,	 and	 in	 the	context	of	grey	

matter,	 the	 complexity	 of	 dendritic	 trees	 (values	 of	 0	 equating	 to	 no	

dispersion	and	values	of	1	equating	to	full	dispersion).		

	

The	capacity	to	model	the	fraction	of	free	water	is	a	major	advantage	of	

the	NODDI	model	as	it	reduces	the	risk	of	partial	volume	effects	from	CSF	

contamination	 (although	 not	 from	 adjacent	white	matter).	 This	 is	 not	

explicitly	 considered	 within	 the	 DTI	 model	 (Zhang	 et	 al.	 2012)	 and	

partial	volume	effects	often	significantly	influence	studies	of	AD	related	

grey	matter	change	using	DTI	metrics	(Jeon	et	al.	2012;	Henf	et	al.	2017).		

	

Grey-matter	 based	 NODDI	 analyses	 have	 provided	 insights	 into	 the	

microstructural	 changes	 associated	 with	 ageing	 (Nazeri	 et	 al.	 2015),	

Parkinson’s	disease	(Kamagata	et	al.	2017),	major	psychotic	disorders	

(Nazeri	 et	 al.	 2016;	 Parvathaneni	 et	 al.	 2017),	 intelligence	 test	

performance	 in	 healthy	 young	 adults	 (Genç	 et	 al.	 2018),	 multiple	

sclerosis	 (Granberg	 et	 al.	 2017)	 and	 neonatal	 cortical	 development	

(Eaton-Rosen	 et	 al.	 2015;	 Batalle	 et	 al.	 2018),	 as	 well	 as	 highlighting	

microstructural	 variations	 in	 human	 cerebral	 cortical	 grey	 when	

comparing	different	cortical	regions	in	healthy	young	adults	(Fukutomi	

et	al.	2018).	In	terms	of	AD,	changes	in	grey	matter	NODDI	metrics	have	

been	 demonstrated	 in	 transgenic	 murine	 models	 of	 AD	 tauopathy	

(Colgan	et	al.	2016),	but	there	have	been	limited	studies	assessing	change	

in	 grey	 matter	 microstructure	 using	 NODDI	 across	 the	

pathophysiological	continuum	of	AD	in	humans.	
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1.11 Limitations	in	the	current	literature	-	cohort	design	

	

As	 highlighted	 above,	 recent	 advances	 in	 neuroimaging,	 including	 Aβ	

PET,	 and	 both	 established	 and	 emerging	 MRI	 analysis	 techniques,	

provide	an	opportunity	to	explore	and	provide	insights	into	the	changes	

occurring	 in	 the	 pre-clinical	 phase	 of	 AD.	 However,	 there	 are	 several	

aspects	of	study	design	in	the	current	pre-clinical	AD	literature	that	are	

limited.	

	

Many	analyses	have	relied	on	data	obtained	from	multiple	scanners	or	

multiple	sites,	which	can	act	as	a	significant	confound	(Mormino	et	al.	

2008;	Storandt	et	al.	2009;	Mattsson,	Aisen,	et	al.	2015).	A	further	issue	

is	lack	of	statistical	power,	with	several	datasets	being	comprised	of	less	

than	 100	 participants	 (Mormino	 et	 al.	 2008;	 Dickerson	 et	 al.	 2009;	

Bourgeat	et	al.	2010;	Chételat	et	al.	2010;	Becker	et	al.	2011;	Oh	et	al.	

2011;	Wirth,	Madison,	et	al.	2013;	Wirth,	Villeneuve,	et	al.	2013;	Andrews	

et	al.	2013;	Doré	et	al.	2013;	Hsu	et	al.	2015).	Many	studies	also	use	data	

drawn	from	participants	with	wide	age	ranges;	and	in	some	cases	have	

Aβ-positive	and	Aβ-negative	groups	that	are	not	age-matched	(Bourgeat	

et	al.	2010;	Becker	et	al.	2011;	Andrews	et	al.	2013;	Doré	et	al.	2013;	

Doherty	et	al.	2015;	Petersen	et	al.	2016).	Although	statistical	methods	

can	correct	for	participant	age	to	a	certain	extent,	given	the	significant	

influence	normal	ageing	has	on	grey	matter	structure	it	is	difficult	to	fully	

disentangle	 the	 effects	 of	 Aβ	 from	 those	 of	 normal	 ageing	 (Fjell	 et	 al.	
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2009;	Bakkour	et	al.	2013;	Lockhart	&	DeCarli	2014;	Fjell	 et	al.	2015;	

Kaufmann	et	al.	2018;	Nazeri	et	al.	2015).	In	addition,	secular	changes	in	

brain	volume	have	been	observed	to	occur	across	the	20th	century	and	

may	 also	 represent	 a	 potential	 confound	when	 including	 participants	

born	 many	 years	 apart	 (Woodley	 et	 al.	 2016).	 	 Furthermore,	 as	

prevalence	 of	 Aβ-positivity	 increases	with	 age	 (Jansen	 et	 al.	 2015),	 it	

would	 be	 expected	 that	 datasets	 containing	 significantly	 older	

participants	will	 in	 turn	 have	 a	 higher	 proportion	 of	 individuals	who	

have	 had	 AD-related	 pathophysiology	 established	 for	 longer.		

Consequently,	it	is	likely	these	individuals	are	closer	to	symptom	onset	

have	 an	 increased	 likelihood	 of	 atrophy	 and	 may	 skew	 relationships	

when	 these	 are	 assessed	 over	 a	 wide	 age	 range.	 This	 highlights	 the	

importance	 of	 longitudinal	 studies	 (Schott	 et	 al.	 2010;	 Andrews	 et	 al.	

2013)	in	addition	to	tight	age-matching.		

	

Many	 studies	 investigating	 pre-symptomatic	 sporadic	 AD	 rely	 on	

convenience	 sampling	 (i.e.	 media	 appeals,	 recruitment	 from	 clinics	

designed	 to	 investigate	 memory	 concerns),	 which	 are	 inherently	

vulnerable	to	self-selection	bias,	limiting	the	validity	of	how	results	can	

be	 generalized	 to	 the	wider	 population.	 An	 example	 in	 the	 literature,	

which	 highlights	 this	 issue	 is	 a	 comparison	 made	 of	 two	

contemporaneous	 Australian	 studies:	 AIBL,	 which	 used	 convenience	

sampling	 to	 recruit	 participants,	 and	 The	 Sydney	 Memory	 and	 Aging	

Study,	 which	 invited	 participants	 randomly	 from	 the	 electoral	 roll	 in	

(population	 sampling).	 Cognitively	 normal	 participants	 recruited	 via	

convenience	sampling	(AIBL)	were	found	to	be	of	younger	age,		to	have	
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a	 higher	 level	 of	 educational	 attainment,	 were	 more	 likely	 to	 have	 a	

family	 history	 of	 dementia,	 were	 more	 likely	 to	 be	 married	 and	 had	

superior	performance	on	cognitive	testing	than	those	recruited	using	a	

population	 based	 methodology	 (Brodaty	 et	 al.	 2014).	 Convenience	

sampling	 also	 runs	 the	 risk	 of	 recruiting	 artificially	 high	 levels	 of	

individuals	 with	 subjective	 memory	 complaints.	 For	 example,	

approximately	 80%	 of	 cognitively	 normal	 individuals	 in	 a	 paper	 by	

Whitwell	 and	 colleagues	 were	 reported	 to	 have	 subjective	 memory	

complaints	and	a	proportion	of	these	individuals	were	recruited	whilst	

seeking	medical	care	at	the	Mayo	Clinic	or	via	media	appeals	(Whitwell	

et	al.	2013).		

	

1.12 Overarching	aim	and	thesis	structure	

	

The	 overarching	 aim	 of	 this	 thesis	 is	 to	 investigate	 the	 relationship	

between	 cerebral	 Aβ	 pathology	 and	 grey	matter	 structure	 during	 the	

pre-clinical	phase	of	sporadic	AD.	To	achieve	this	cross-sectional	Aβ	PET	

and	multi-modal	MRI	data	obtained	 from	a	single-site	study	of	a	 large	

sample	(n=502)	of	well-characterised	 individuals	all	born	 in	mainland	

Britain	during	the	same	week	of	March	1946	(Insight	46	–	a	neuroscience	

sub-study	 of	 the	 Medical	 Research	 Council	 (MRC)	 National	 Survey	 of	

Health	and	Development	(NSHD)	(Lane	et	al.	2017))	will	be	analysed.	
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This	thesis	will	adopt	the	following	structure:	

	

• Chapter	2	provides	a	description	of	Insight	46	including	general	

methodology	used	to	characterise	the	cohort		

	

• Chapter	3	explores	the	relationship	between	Aβ	

deposition/increasing	age	and	hippocampal	volume	in	Insight	

46	

	

• Chapter	4	describes	an	analysis	of	the	relationship	between	Aβ	

deposition/increasing	age	and	hippocampal	subfield	volumes	in	

Insight	46	

	

• Chapter	5	explores	the	relationship	between	Aβ	

deposition/increasing	age	and	other	subcortical	grey	matter	

volumes	in	Insight	46	

	

• Chapter	6	is	a	proof	of	concept	study	of	surface-based	cortical	

grey	matter	NODDI	analysis	using	data	from	a	cohort	of	

individuals	with	clinically	established	AD	

	

• Chapter	7	describes	the	application	of	the	surface-based	grey	

matter	NODDI	analysis	techniques	developed	in	chapter	6	to	

investigate	the	relationship	between	increasing	age/cerebral	Aβ	



	
79	

deposition	and	cortical	grey	matter	structure	in	cognitively	

normal	individuals	in	Insight	46	

	

• Chapter	8	provides	a	general	discussion	of	these	findings	and	

suggestions	for	further	work	
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2 Chapter	2:	Insight	46		

	

The	 primary	 aim	 of	 this	 chapter	 is	 to	 introduce	 the	 general	

methodological	 principles	 of	 Insight	 46,	 including:	 background	 to	 the	

NSHD;	recruitment	and	logistics;	ethical	approval	and	funding;	imaging	

acquisition;	Aβ	PET	processing;	and	clinical/cognitive	assessment.	Grey	

matter	structure	analysis	techniques	specific	to	certain	analyses	will	be	

introduced	in	the	methods	sections	of	the	relevant	chapters.	The	overall	

strengths	 and	 limitations	 of	 the	 study	will	 be	 addressed	 in	 chapter	 8	

(general	discussion).	

	

2.1 Insight	46	–	a	neuroscience	sub-study	of	the	MRC	NSHD	

	

Insight	 46	 is	 a	 prospective	 longitudinal	 two	 time-point	 (0,	 24	month)	

neuroscience	sub-study	of	the	NSHD,	being	carried	out	at	the	UCL	Queen	

Square	Institute	of	Neurology.		The	NSHD	is	a	landmark	epidemiological	

study,	 comprised	 of	 5,362	 individuals	 born	 in	 England,	 Scotland	 and	

Wales	 3rd	 –	 9th	March	 1946	 (Wadsworth	 et	 al.	 2006).	 The	NSHD	was	

initially	conceived	as	a	national	maternity	survey	in	order	to	investigate	

the	 efficacy	of	maternity	 services	 following	 concerns	 regarding	 falling	

fertility	rates.	The	total	number	of	births	in	mainland	Britain	during	that	

week	was	16,695,	and	a	small	study	team	were	able	to	interview	13,687	

new	mothers.	Following	the	initial	success	of	the	maternity	survey,	5,362	

of	the	babies	born	(2,547	female,	2,815	male)	were	selected	to	form	the	

NSHD	 sample.	 This	 comprised	 all	 births	 from	 non-manual	 and	
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agricultural	workers’	wives	and	1	in	4	births	to	wives	of	manual	workers.	

Births	from	non-married	women	and	multiple	births	were	excluded.	The	

rationale	 for	 these	 inclusion/exclusion	 criteria	 were	 to	 maintain	 a	

socially-representative	sample	that	could	easily	be	tracked	in	the	future	

and	to	limit	costs	(Wadsworth	et	al.	2003).		

	

Individuals	 from	the	NSHD	have	now	entered	their	8th	decade	and	are	

uniquely	 positioned	 to	 help	 investigate	 the	 pre-clinical	 phase	 of	 AD.	

Estimates	 from	 the	meta-analyses	 suggest	 a	 small	 fraction	 (<5%)	will	

have	overt	dementia	 (Prince	et	al.	2013),	but	greater	 than	one	 fifth	of	

individuals	 in	 this	 age	 group	 will	 have	 evidence	 of	 asymptomatic	

cerebral	Aβ	deposition	(Jansen	et	al.	2015)	(see	Figure	13).			

	

	
Figure	13.	Graph	showing	the	difference	between	the	prevalence	of	asymptomatic	

cerebral	Aβ	deposition	(Jansen	et	al.	2015)	and	clinically	diagnosed	dementia	(Prince	

2015)	in	individuals	entering	their	8th	decade	
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Study	members	have	undergone	repeated	waves	of	data	collection	since	

childhood	 and	 at	 the	 age	 of	 69	 years,	 2689	 study	members	were	 still	

under	active	follow-up	(Lane	et	al.	2017).	Over	the	entire	lifespan	of	the	

NSHD,	 the	major	reasons	 for	discontinuation	of	 follow-up	were:	death	

(n=995),	personal	choice	to	withdraw	(n=663),	emigration	(n=583)	and	

unable	to	be	traced	(n=432)	(Kuh	et	al.	2016).	

	

2.2 Insight	46	recruitment	and	study	logistics	

	

The	primary	recruitment	aim	was	to	obtain	a	sample	of	500	participants	

from	existing	NSHD	study	members.	The	initial	criterion	for	inclusion	in	

the	Insight	46	was	those	who	indicated	they	would	be	happy	to	attend	a	

clinic-based	 day	 of	 testing	 in	 London.	 This	 had	 been	 assessed	 by	

questionnaire	 in	2013.	The	questions	 asked,	 and	 responses	 given,	 are	

detailed	in	in	Table	1.	

Table	1.	Willingness	to	participate	in	London-based	clinical	assessment	day	based	on	

questionnaire	given	to	2,985	NSHD	study	members	in	2013	

	

In	addition	to	willingness	to	attend	a	clinic	visit	in	London	(or	absence	of	

evidence	to	the	contrary	in	the	case	of	those	who	did	not	respond	to	the	

above	questions),	study	members	were	invited	to	participate	in	Insight	

46	based	on	whether	they	possessed	data	for	a	minimum	number	of	life	

Question	 Yes	(%)	 No	(%)	 Unknown	(%)	

Would	you	take	part	in	a	smaller	
clinical	trial?	 58%	 29%	 14%	

Would	you	be	willing	to	go	to	a	
clinic?”	 55%	 29%	 16%	

Would	you	be	willing	to	travel	if	this	
clinic	was	in	London?	 40%	 30%	 20%	
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course	variables	deemed	important	for	the	wider	aims	of	the	study	(see	

Table	2)	(Lane	et	al.	2017).		

	

Minimum	life	course	dataset	for	Insight	46	

• Clinic	visit	attendance	(age	60–64	years)	

• Parental	socioeconomic	position:	at	least	one	indicator	of	occupational	social	
class	or	education	

• Early	physical	growth	trajectories:	birth	weight	and	at	least	one	measure	of	
height	and	weight	(ages	4–15	years)	

• Educational	attainment:	highest	qualification	by	age	26	years	

• Mental	health:	teacher	ratings	of	behaviour	and	temperament	(ages	13	or	15	
years),	and	at	least	one	measure	of	affective	symptoms	(ages	36,	43,	53	or	60–64	
years)	

• Blood	pressure,	lung	function,	adult	height	and	weight:	at	least	one	measure	of	
each	(ages	36,	43,	53	or	60–64	years)	

• Health	behaviours:	at	least	one	measure	of	smoking	and	physical	exercise	(ages	
36,	43,	53	or	60–64	years)	

• Venous	blood	sample	(age	53	or	60–64	years)	

Table	2.	Initial	minimum	life	course	dataset	for	Insight	46	

	

The	 rationale	 for	 the	 use	 of	 a	 minimum	 life	 course	 dataset	 was	 to	

maximise	 previously	 collected	 life	 course	 data	 available	 for	 a	 broad	

range	of	analyses,	as	well	as	avoiding	any	a	priori	decisions	as	to	who	

may	be	at	risk	of	subsequent	cognitive	impairment.	Using	these	criteria,	

a	total	of	765	participants	were	initially	invited	to	take	part	in	Insight	46.	

In	order	 to	 increase	 the	pool	of	potential	participants	and	achieve	 the	

recruitment	target	of	Insight	46,	these	criteria	were	relaxed	towards	the	

end	of	recruitment	period,	such	that	study	members	no	longer	required	

complete	 data	 on	 lung	 function,	 blood	 pressure,	 physical	 exercise	 or	

educational	attainment	in	order	to	be	invited.	This	led	to	an	additional	

76	study	members	being	invited.	Inclusion	criteria	for	Insight	46	were:	

no	contraindications	to	the	Insight	46	imaging	protocol	(see	Table	3)	and	
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a	willingness	from	the	participant	to	consent	to	their	GP	being	informed	

of	any	health	related	findings	as	defined	by	a	duty	of	care	protocol	(see	

Table	4)	(Lane	et	al.	2017).		

	

Contraindications	to	MRI/PET	protocol	screened	for	during	recruitment	

• Claustrophobia	

• Metallic	medical	devices	or	implants	not	known	

• Metallic	foreign	bodies	

• Nuclear	medicine	scan	for	research	purposes	within	one	year	that	would	result	in	
a	potential	participant	exceeding	acceptable	mandated	yearly	radiation	exposures	
(10	millisieverts)	as	defined	by	the	Administration	of	Radioactive	Substances	
Advisory	Committee	(ARSAC)	
Table	3.Contraindications	to	MRI/PET	protocol	screened	for	during	recruitment	

	

Reportable	health	related	findings	defined	by	duty	of	care	protocol	discussed	with	
participants	during	recruitment	

• Height	and	weight	

• Blood	pressure		

• Pure	tone	audiometry	(hearing	ability)	

• Clinical	blood	tests	(haemoglobin,	platelet	count,	vitamin	B12,	urea,	creatinine,	
random	glucose	and	thyroid	stimulating	hormone)	

• Clear	evidence	of	significant	cognitive	impairment	(based	on	a	Mini-mental	
examination	score	≤	24	and/or	significant	concern	from	study	clinician)	

• Clinically	detectable	parkinsonism	fulfilling	Queen	Square	Brain	Bank	
criteria(Hughes	et	al.	1992)	for	Parkinson’s	disease	in	previously	undiagnosed	
individuals	

• Serious,	unexpected	or	life-threatening	findings	on	MRI	identified	by	NHS	
consultant	neuroradiologist	(including,	but	not	limited	to:	acute	brain	infarction,	
acute	brain	haemorrhage,	intracranial	mass	lesions,	suspected	aneurysm	>	7	mm	
in	diameter	or	vascular	malformations,	colloid	cyst	of	the	3rd	ventricle,	acute	
hydrocephalus,	significant	sinus	disease	with	suspicion	of	underlying	pathology)	

• NB:	Aβ	PET	results/other	imaging	parameters	thought	to	be	predictive	of	
dementia	(e.g.	hippocampal	or	focal	brain	atrophy)	were	not	fed	back	to	
participants	

Table	4.	Reportable	health	related	findings	defined	by	duty	of	care	protocol	discussed	

with	participants	during	recruitment	
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126	study	members	who	were	sent	a	letter	of	invitation	returned	a	reply	

slip	indicating	they	were	not	interested	in	taking	part.	The	remainder	of	

study	members	(n=715),	who	had	either	replied	there	were	interested	

or	had	not	replied	at	all,	were	then	contacted	via	telephone	by	the	thesis	

author	or	another	study	clinician.	The	main	purpose	of	the	telephone	call	

was	to	provide	a	further	overview	of	the	study	and	assess	 if	 the	study	

member	 fulfilled	 inclusion	 criteria	 detailed	 above.	 Following	 the	

telephone	 discussion:	 84	 study	 members	 were	 deemed	 ineligible;	 75	

declined	 to	 take	 part;	 12	 study	 members	 were	 not	 contactable	 by	

telephone;	13	study	members	were	undecided	whether	they	would	like	

to	 participate/uncertain	 about	 contraindications	 to	 scanning	 protocol	

(temporary	refusal);	and	3	study	members	passed	away.	

	

In	total	525	NSHD	study	members	agreed	to	take	part	 in	Insight	46.	A	

participant	coordinator	then	confirmed	the	study	visit	date	and	arranged	

travel	and	accommodation	as	appropriate.	Expenses	were	provided	for	

transport,	 accommodation	 and	 meals,	 but	 no	 other	 financial	

remuneration	was	offered.	23	participants	who	had	 initially	agreed	 to	

take	 part	 following	 the	 telephone	 discussion	 cancelled	 prior	 to	

attendance.	 	 502	 participants	 consented	 to	 the	 study	 (date	 of	 first	

participant	 assessment	 =	 28th	 May	 2015,	 date	 of	 final	 participant	

assessment	=	10th	January	2018).	A	flow	chart	detailing	derivation	of	the	

Insight	46	sample	is	provided	in	Figure	14.		
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Figure	14.	Birth	to	Insight	46	-	derivation	of	the	Insight	46	sample.	Key:	NSHD	=	the	MRC	

National	Survey	of	Health	and	Development	

	

The	author	personally	recruited,	consented	and	performed	the	clinical	

assessment	 for	 over	 200	 participants.	 The	 geographic	 distribution	 of	

Insight	 46	 participants	 is	 shown	 below	 (Figure	 15)	 with	 higher	

concentrations	of	participants	residing	in	more	densely	populated	areas	

of	the	United	Kingdom.	
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Figure	15.	Geographic	distribution	of	Insight	46	participants	compared	to	the	

population	density	of	the	United	Kingdom:	Left	-	map	showing	geographical	distribution	

of	Insight	46	participants	(NB.	Uses	only	the	first	half	of	UK	postcode);	Middle	-	image	of	

the	United	Kingdom	as	it	appeared	during	one	night	in	March	2012	taken	by	the	

National	Aeronautics	and	Space	Administration	Earth	Observatory	(NASA	2012)	-	

permission	to	reproduce	via	Creative	Commons	Attribution	2.5	Generic	License;	Right	-	

population	density	map	of	the	United	Kingdom	using	data	from	the	2011	census	(UK	

Census	2011)	–	permission	to	reproduce	via	GNU	Free	Documentation	License	

	

2.3 Funding	and	ethical	approval	

	

Insight	46	is	funded	by	grants	from	Alzheimer’s	Research	UK	(ARUK-

PG2014–1946,	ARUK-PG2017-1946),	the	MRC	Dementias	Platform	UK	

(CSUB19166),	the	Wolfson	Foundation	(PR/ylr/18575),	the	MRC	

(MC_UU_12019/1	and	MC_UU_12019/3)	and	Brain	Research	Trust	

(UCC14191).	AVID	radiopharmaceuticals	(a	wholly	owned	subsidiary	of	

Eli	Lilly)	provided	the	Aβ	PET	tracer	(florbetapir)	but	had	no	part	in	the	

design	of	the	study.	Nor	did	they	have	any	influence	on	this	thesis	or	on	

the	conduct	of	analyses,	publication	or	presentation	of	results.	The	

thesis	author	is	personally	funded	by	the	Wellcome	Trust	(Clinical	

Research	Fellowship	200109/Z/15/Z	Parker). 



	
88	

	

Ethical	 approval	 for	 Insight	 46	was	 granted	 by	 the	National	 Research	

Ethics	 Service	 (NRES)	 Committee	 London	 (research	 ethics	 committee	

reference	 14/LO/1173).	 All	 participants	 provided	 written	 informed	

consent	to	participate	and	for	their	data	to	be	stored	in	accordance	with	

the	Data	Protection	Act.	The	 study	was	 conducted	 in	 accordance	with	

Good	 Clinical	 Practice	 guidelines	 and	 the	 World	 Medical	 Association	

Declaration	of	Helsinki.	

	

2.4 Insight	46	MRI	Acquisition	protocol	

	

Acquisition	of	MRI	data	was	performed	on	the	same	Siemens	Biograph	3	

Tesla	combined	PET/MRI	scanner	based	at	University	College	London	

Hospital	 Macmillan	 Cancer	 Centre	 for	 each	 participant.	 	 A	 body	 coil	

radiofrequency	transmitter	was	used	in	conjunction	with	a	12-channel	

receiver	array	head	coil	with	a	maximum	gradient	strength	of	45	mT/m	

along	each	direction.		The	protocol	had	a	total	duration	of	approximately	

60	minutes.	Sequences	relevant	to	this	thesis	included:	

	

• A	three-dimensional	T1-weighted	images	obtained	using	an	

MPRAGE	sequence	(voxel	size	1.1	mm3	isotropic;	TE/TR	=	

2.92/2000,	total	time=5	minutes	6	seconds)		
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• A	three-dimensional	T2-weighted	images	obtained	using	a	long	

echo	train	turbo	spin	echo	sequence	(voxel	size=1.1	mm3	

isotropic;	TE/TR=409/3200;	total	time=4	minutes	43	seconds)	

	

• Field	mapping	(voxel	size	3	mm3	isotropic;	

TE1,2/TR=4.92,7.38/688	ms;	total	time=1	minutes	31	seconds)	

	

• A	multi-shell	diffusion	sequence	optimized	for	NODDI	

processing	(64,	and	32	diffusion-weighted	directions	at	b	=	2000	

and	700	s/mm2;	12	interleaved	b	=	0	images;	voxel	size	2.5	mm3	

isotropic;	TE/TR	=	103/8000	ms;	total	time=15	minutes	44	

seconds	

	

Of	 the	 502	 who	 attended,	 471	 (94%)	 successfully	 completed	 the	

PET/MRI	scan.	Reasons	for	not	completing	the	scan	were	claustrophobia	

(n=25);	previously	unidentified	PET/MRI	incompatibility	 issues	(n=4);	

recent	 illness	 (n=1);	 withdrawal	 from	 study	 following	 initial	 clinical	

assessment	(n=1).	

	

2.5 Pre-processing	of	structural	MRI	data	

	

A	 grad-warp	 correction	 (Jovicich	 et	 al.	 2006)	 was	 applied	 to	 all	 T1-

weighted	 and	 T2-weighted	 images	 to	 combat	 gradient	 non-linearity	

distortion,	 followed	 by	 a	 brain	 masked	 (by	 registration	 of	 Montreal	
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Neurological	 Institute	 (MNI)	 space	 template)	 N4-bias	 correction	

(Tustison	et	al.	2010)	(see	Figure	16).				

	

	
Figure	16.	Example	of	Insight	46	participant	T1-weighted	volumetric	MRI	before	(left)	

and	after	(right)	grad-warp/bias	correction	(Lane	et	al.	2017)	-	reproduced	and	

modified	via	Creative	Commons	Attribution	License	

	

2.6 Quality	control	of	structural	MRI	data	

	

All	T1-weighted	and	T2-weighted	images	were	visually	reviewed	briefly	

during	the	scanning	period	by	at	least	one	member	of	study	team	trained	

to	identify	quality	control	issues	that	may	impact	on	structural	imaging	

analysis.	 If	 felt	 to	 be	 of	 insufficient	 quality	 and	 time	 permitted,	 the	

relevant	 sequence	 was	 repeated	 with	 a	 priority	 for	 obtaining	 a	 good	

quality	 T1-weighted	 image.	 104	 participants	 underwent	 one	 repeat	

volumetric	 T1-weighted	 scan.	 31	 participants	 underwent	 two	 repeat	
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volumetric	T1-weighted	scans	and	1	participant	underwent	three	repeat	

volumetric	T1-weighted	scans.	The	structural	images	also	underwent	a	

manual	quality	control	process,	by	independent	trained	assessors	in	line	

with	 protocols	 developed	 for	 commercial	 trials.	 This	 specifically	

included	 assessment	 for	 a	 number	 of	 image	 quality	 issues	 including:	

adequate	coverage,	motion	artefact,	blurring,	adequate	contrast,	wrap,	

ringing,	susceptibility	and	flow	artefact.	 	An	example	of	a	T1-weighted	

image	that	failed	quality	control	is	displayed	in	Figure	17.	

	

	

Figure	17.	Coronal	slice	of	a	T1-weighted	scan	from	Insight	46	that	failed	quality	control	

–	note	significant	blurring	and	indistinct	boundaries	at	CSF/grey	matter/white	matter	

boundaries.	

	

	

2.7 Total	intracranial	volume	estimation		

	

As	highlighted	in	the	introduction,	TIV	is	an	important	nuisance	variable	

to	 incorporate	 into	 grey	matter	 volumetric	 analyses.	 Estimates	 of	 TIV	

were	calculated	using	an	 in-house	approach	developed	by	Malone	and	

colleagues	 (Malone	 et	 al.	 2015).	 This	 involves	 registration	 of	 the	
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volumetric	 T1-weighted	 images	 to	 the	 MNI	 atlas	 followed	 by	

probabilistic	 tissue	 class	 segmentation	 using	 statistical	 parametric	

mapping	 12	 software	 (SPM12	 -	 http://www.fil.ion.ucl.ac.uk/spm)	

(Ashburner	 &	 Friston	 2005)	 and	 summing	 of	 voxels	 labelled	 as	 grey	

matter,	 white	 matter	 and	 CSF.	 	 This	 method	 was	 chosen	 due	 to	 its	

automated	nature	and	has	previously	been	shown	to	be	highly	correlated	

with	manual	derived	estimates	of	TIV	in	multi-centre	clinical	trials	of	AD	

(Malone	et	al.	2015).		

	

2.8 Insight	46	diffusion	MRI	quality	control	

	

Quality	control	of	diffusion-weighted	images	was	performed	by	trained	

assessors	 (including	 the	 thesis	 author).	 This	 involved	 visual	 review	

checking	for:	

(i) adequate	brain	coverage 

(ii) inter-acquisition	motion	(outliers	were	identified	using	

motion	plots	quantifying	rotation	and	translation	between	

acquisitions) 

(iii) sufficient	correction	of	geometric	distortion 

(iv) 	slice-wise	signal	dropout	(using	correlation	plots	between	

adjacent	slices) 

	

If	the	number	of	failed	acquisitions	for	a	particular	subject	was	high	

enough	to	influence	the	consistency	of	analysis	between	subjects	(>	

5	directions	per	b-value),	then	these	data	were	deemed	to	have	failed	
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quality	control.	Examples	of	 the	motion	and	correlation	plots	 for	a	

participant	that	passed	and	failed	quality	control	are	shown	in	Figure	

18	and	Figure	19	respectively.	An	example	of	diffusion	MRI	images	

from	a	participant	that	failed	quality	control	is	displayed	in	Figure	20.		

	

	
Figure	18.	Example	of	normal	diffusion	MRI	quality	control	plots	
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Figure	19.	Example	of	quality	control	plots	from	diffusion	MRI	that	failed	quality	control	

	

	

Figure	20.	Selected	slices	from	diffusion	MRI	data	(volume	60;	b=2000	series)	from	a	

participant	that	failed	quality	control	(plots	in	above	figure)	-	note	extensive	signal	

dropout	secondary	to	motion	in	slice	42	
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2.9 Florbetapir	PET	acquisition	and	processing	

	

An	 intravenous	 injection	 of	 approximately	 370	 megabecquerels	 of	

florbetapir	was	administered	to	each	participant	immediately	followed	

by	 continuous	 acquisition	 of	 PET	 data	 in	 list-mode.	 PET	 data	 was	

reconstructed	 using	 a	 three-dimensional	 ordered-subset	 expectation-

maximisation	 algorithm	with	 three	 iterations	 and	 twenty-one	 subsets	

and	 smoothed	with	 a	 4	mm	 Gaussian	 kernel.	 Attenuation	maps	 from	

simultaneously	 acquired	 volumetric	 MRI	 data	 using	 a	 multi-atlas	

computed	tomography	(CT)	synthesis	method	–	referred	to	as	pseudo-

CT	–	were	generated	to	improve	PET	reconstruction	(Burgos	et	al.	2015).	

This	method	has	been	validated	across	multiple	 sites,	 scanner	models	

and	 datasets,	 and	 has	 been	 shown	 to	 produce	 robust	 and	 accurate	

attenuation	 correction	 compared	 to	 the	gold	 standard	of	 an	 actual	CT	

scan	(Ladefoged	et	al.	2017).	Final	Aβ	burden	was	assessed	during	a	10-

minute	 period	 approximately	 50	minutes	 after	 injection.	 T1-weighted	

MRI	data	were	parcellated	using	 the	geodesic	 information	 flows	 (GIF)	

algorithm	(Cardoso	et	al.	2015).		Non-brain	tissue	was	masked	from	the	

parcellation	 using	 a	 whole	 brain	 segmentation	 generated	 using	

BrainMAPS	(Leung	et	al.	2011).	This	parcellation	was	co-registered	 to	

PET	 imaging	 data	 using	 the	 symmetric	 block	 matching	 technique,	

NiftyReg	(Modat	et	al.	2014).		
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Mean	 tracer	 retention	 was	 calculated	 across	 a	 predefined	 composite	

cortical	 region	 of	 interest	 (ROI)	 designed	 to	 replicate	 a	 widely	 used	

cortical	composite	derived	from	statistical	contrast	of	AD	patients	and	

cognitively	normal	subjects	developed	at	the	University	of	Berkley	and	

routinely	 used	 in	 the	ADNI	 cohort	 (Fleisher	 et	 al.	 2011;	 Landau	 et	 al.	

2012;	 Landau	 et	 al.	 2015;	 Landau	 et	 al.	 2013)	 (see	 Figure	 21).	 This	

cortical	composite	consisted	of	the	following	regions:	prefrontal	cortex,	

middle	 and	 superior	 temporal	 gyri,	 supramarginal	 gyrus,	 inferior	 and	

superior	 parietal	 lobules,	 precuneus,	 and	 anterior	 and	 posterior	

cingulate	gyri.		

	

	

Figure	 21.	 GIF	 regions	 selected	 to	 mimic	 University	 of	 Berkley	 Freesurfer	 based	 ROI	

routinely	used	in	the	ADNI	cohort		

(IMAGE	KINDLY	SUPPLIED	BY	DR	DAIVD	CASH)	

A	global	standard	uptake	value	ratio	(SUVR)	was	calculated	by	dividing	

mean	tracer	uptake	across	the	cortical	grey	matter	composite	by	mean	

tracer	 uptake	 across	 an	 eroded	 subcortical	 white	 matter	 reference	

region	 for	 each	 participant.	 The	 advantages	 of	 the	 subcortical	 white	

matter	as	a	reference	region	are	that	it	is	a	relatively	uniform	tissue	type	

and	 has	 less	 risk	 of	 corruption	 from	 other	 tissues	 compared	 to	 other	

commonly	 used	 reference	 regions	 (e.g.	 the	 cerebellum).	 Furthermore,	
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SUVR	 values	 derived	 from	 a	white	matter	 reference	 region	 have	 also	

been	 shown	 to	 correlate	 better	 with	 gold	 standard	 arterial	 sampling	

based	dynamic	measurements	of	tracer	uptake	compared	to	SUVR	values	

derived	 using	 other	 widely	 used	 reference	 regions	 (e.g.	 the	

cerebellum)(Ottoy	et	al.	2017).	Also	important	is	the	fact	that	the	field	of	

view	 of	 a	 PET/MRI	 scanner	 is	 smaller	 than	 that	 of	 a	 typical	 PET-CT	

scanner	and	consequently	regions	at	the	inferior	portion	of	the	brain	that	

are	closer	to	the	limits	of	the	field	of	view	(e.g.	the	cerebellum)	may	be	

more	prone	to	noise.	

	

A	 threshold	 for	Aβ-positivity	were	created	by	 fitting	Gaussian	mixture	

models	(with	1	to	3	clusters)	to	all	participants	with	adequate	SUVR	PET	

data.	The	best	fit	for	the	composite	cortical	ROI	was	two	Gaussians	and	

using	the	99th	percentile	of	the	Gaussian	representing	the	Aβ-negative	

population	 a	 SUVR	 cut-off	 of	 was	 0.6104	 was	 defined	 for	 Insight	 46	

baseline	cross-sectional	analysis	(see	Figure	22).	
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Figure	22.	SUVR	histogram	and	mixture	models	–	using	summary	cortical	ROI	and	

subcortical	eroded	white	matter	reference	region).	Key:	ROI=region	of	interest;	SUVR=	

standard	uptake	value	ratio;	WM=white	matter	

(IMAGE	KINDLY	PROVIDED	BY	DR	DAVID	CASH)	

	

Due	 to	 acquisition	 error,	 twenty-six	 participants	 had	 missing	 or	

truncated	list-mode	data	precluding	pseudo-CT	attenuation	correction	of	

PET	data.	However,	in	these	cases	ultrashort	echo	time	sequence	(UTE)	

MRI	 was	 available	 allowing	 for	 an	 alternative	 attenuation	 correction	

method	 to	 be	 applied.	 431	 participants	 had	 both	UTE	 and	 pseudo-CT	

attenuation	 corrected	 PET	 data.	 There	was	 evidence	 of	 a	 very	 strong	

association	 between	 the	 pseudo-CT	 and	 UTE	 derived	 SUVR	 values	

(R2=0.99;	 p=1.047	 x	 10-28)	 –	 see	 Figure	 23.	 Based	 on	 this	 strong	

association,	 and	 in	order	 to	minimise	data-loss,	 a	multiple	 imputation	

modelling	approach	(50	imputations	of	each	measure	for	the	26	missing	
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data	sets	using	Stata’s	mi	package)	was	adopted	to	estimate	a	SUVR	value	

for	those	participants	with	incomplete	list-mode	data	based	on	the	UTE-

corrected	PET	data.	

	

	

Figure	23.	Association	between	pseudo-CT	and	UTE	derived	SUVR	values	for	431	

participants	with	both	UTE	and	pseudo-CT	attenuation	corrected	PET	data	

	

Overall,	18.6%	of	 individuals	across	 the	entire	cohort	were	defined	as	

Aβ-positive.	Multiple	imputation	modelling	revealed	that,	apart	from	one	

subject	 who	 changed	 from	 negative	 to	 positive	 only	 once	 in	 50	

imputations,	 the	 use	 of	 imputed	 SUVR	 made	 no	 difference	 to	 binary	

classification	of	Aβ	status.	

	

2.10 Insight	46	clinical	assessment	

	

All	study	participants	underwent	a	structured	clinical	interview,	which	

included	 a	 history	 of	 cognitive	 impairment	 or	 major	

neurological/psychiatric	 illness,	as	well	as	a	history	of	any	medication	
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taken	in	the	preceding	24	hours.	Questions	designed	to	capture	essential	

features	 of	 subjective	 cognitive	 difficulties	 outlined	 by	 the	 working	

group	of	the	Subjective	Cognitive	Decline	Initiative	(Jessen,	Amariglio,	et	

al.	2014)	were	also	asked	to	each	participant.	Participants	were	defined	

as	 having	 significant	 cognitive	 concerns	 if	 they	 perceived	memory	 or	

cognitive	difficulties	more	than	other	people	the	same	age,	or	if	they	felt	

they	would	seek	medical	attention	regarding	their	difficulties.		

	

The	 Mini-Mental	 State	 Examination	 (MMSE),	 a	 widely	 employed	

screening	 tool	 for	 cognitive	 impairment	 that	 assesses	 a	 variety	 of	

cognitive	domains	including:	i)	orientation	to	time	and	place	(10	points);	

ii)	 registration	 (3	 points);	 iii)	 attention	 +/-	 calculation	 (5	 points);	 iv)	

recall	 (3	 points);	 v)	 language	 (1	 points);	 vi)	 repetition	 (1	 point);	 vii)	

reading	 (1	 point);	 viii)	 writing	 (1	 point);	 ix)	 visuospatial	 function	 (1	

point);	x)	 following	a	3-stage	command	(3	points),	was	performed	 for	

each	participant	(Folstein	et	al.	1975).		

	

Furthermore,	 a	 collateral	 history	 (from	 a	 close	 relative	 or	 friend	

nominated	 by	 the	 participant),	 regarding	 each	 participant’s	 cognitive	

functioning	was	acquired	by	the	study	clinician	using	the	validated	AD8	

informant	 questionnaire	 (Galvin	 et	 al.	 2005;	 Galvin	 et	 al.	 2006).	

Significant	informant	cognitive	concern	was	defined	as	an	AD8	score	of	

2	or	greater.	
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2.11 Insight	46	Cognitive	battery		

	

In	addition	to	the	standardised	clinical	assessment	described	above,	each	

participant	 underwent	 a	 detailed	 neuropsychological	 testing	 battery	

administered	 by	 a	 trained	 research	 assistant.	 Cognitive	 tests	 used	 to	

characterise	 sub-samples	 in	 this	 thesis	 included	 the	 digit-symbol	

substitution	 test	 (DSST),	 logical	memory	 testing	and	matrix	 reasoning	

testing.		

	

2.11.1 Digit-symbol	substitution	test	

	

The	 DSST	 from	 the	 Wechsler	 Adult	 Intelligence	 Scale-Revised	 is	 a	

measure	of	executive	cognitive	function,	working	memory,	psychomotor	

speed,	and	attention	(Wechsler	D.	1981).	Participants	are	given	a	code	

table	 displaying	 digits	 (1	 to	 9)	 each	 paired	 to	 a	 specific	 symbol.	 On	 a	

worksheet	printed	with	rows	of	digits,	the	participants	were	instructed	

to	fill	in	the	corresponding	symbol	under	each	digit	as	per	the	code	table	

as	quickly	and	accurately	as	possible.	The	 raw	score	 is	 the	number	of	

symbols	completed	correctly	within	90	seconds	and	was	completed	by	

501/502	 participants	 (one	 participant	 with	 a	 previously	 established	

clinical	diagnosis	of	AD	was	unable	to	perform	the	task).		
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2.11.2 Logical	memory	–	delayed	

	

Logical	 memory	 testing	 from	 the	 Wechsler	 Memory	 Scale-Revised	

involves	 presentation	 of	 a	 short	 story	 that	 contains	 25	 details.	 The	

participant	is	asked	to	recall	the	story	immediately	and	following	a	delay	

of	approximately	20	minutes.	A	raw	score	is	then	obtained	based	on	how	

many	 of	 the	 25	 details	 are	 recalled	 following	 the	 20	 minute	 interval	

(Wechsler	D.	1987).		

	

2.11.3 Matrix	reasoning		

	

Matrix	 reasoning	 is	 a	 test	 of	 non-verbal	 reasoning	 and	 general	

intellectual	ability	(Wechsler	D.	1999).	It	is	comprised	of	32	incomplete	

gridded	patterns,	which	the	participant	is	asked	to	complete	by	selecting	

the	correct	response	 from	five	options.	The	32	matrices	are	graded	 in	

difficulty	and	the	test	is	discontinued	when	participants	reach	a	certain	

error	 threshold	 as	 specified	 in	 the	 Wechsler	 Adult	 Intelligence	 Scale	

manual.	

	

2.12 Clinical	characterisation	of	Insight	46		

	

The	 relatively	 inclusive	 recruitment	 criteria	 of	 Insight	 46	 are	 an	

advantage	in	terms	of	the	potential	representativeness	of	the	sample	but	

does	 potentially	 increase	 the	 likelihood	 of	 recruiting	 individuals	 that	

have	 major	 neurological	 co-morbidities	 that	 may	 confound	 certain	
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analyses.	Many	studies	investigating	Aβ	deposition	in	cognitively	normal	

older	 adults	 will	 often	 exclude	 such	 individuals.	 For	 example,	 a	 large	

study	based	in	Paris,	France	that	recruited	a	large	number	of	70–85	year	

olds	 with	 subjective	 memory	 complaints	 but	 unimpaired	 cognitive	

function	opted	 to	 exclude	 those	with	 evidence	of	neurological	 disease	

“e.g.	treated	epilepsy,	extrapyramidal	signs,	visual	hallucinations,	brain	

tumour,	subdural	haematoma,	and	history	of	head	trauma	followed	by	

persistent	 neurological	 effects”	 (Dubois	 et	 al.	 2018).	 Furthermore,	 a	

recent	study	using	data	from	36,891	individuals	aged	3	to	96	years	that	

investigated	 the	 impact	 of	 increasing	 age	 on	 grey	 matter	 structure	

reported	 that	 a	 range	 of	major	 neurological	 disorders	 (e.g.	 dementia,	

multiple	 sclerosis,	 bipolar	 affective	 disorder	 and	 schizophrenia)	

significantly	 accentuated	 grey	 matter	 volume	 loss	 associated	 with	

normal	ageing	(Kaufmann	et	al.	2018).		

	

With	this	 in	mind,	participants	were	stratified	on	the	basis	of	whether	

information	 from	the	clinical	assessment,	as	well	as	radiological	reads	

performed	 by	 a	 consultant	 neuroradiologist,	 indicated	 evidence	 of	 a	

major	neurological	disorder.	

	

Diagnoses	 that	 were	 considered	 as	 major	 neurological	 disorders	

included:	

	

• Clinical	evidence	of	AD,	Parkinson’s	disease	and	other	

neurodegenerative	disorder	(not	based	on	imaging	alone)	
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• Major	psychiatric	disorder	requiring	anti-psychotic	medication	

or	electroconvulsive	shock	therapy	

	

• Epilepsy	requiring	active	treatment	

	

• Radiological	evidence	of	traumatic	brain	injury/major	

neurosurgery	

	

• Clinical	history	or	radiological	features	consistent	with	multiple	

sclerosis		

	

• Clinical	history	or	radiological	evidence	of	cerebral	ischaemia/	

haemorrhage	consistent	with	previous	major	stroke	

	

• Radiological	evidence	of	brain	malignancy	influencing	cortical	

grey	matter		

		

In	addition	to	identifying	those	with	a	clinical	diagnosis	of	dementia,	

individuals	were	also	defined	as	MCI	or	not	MCI	on	the	basis	of:		

	

• No	clinical	evidence	of	dementia	

	

• AND	participant	concern	regarding	their	cognition	(memory	or	

cognitive	difficulties	more	than	other	people	the	same	age,	or	if	

they	felt	they	would	seek	medical	attention	regarding	their	
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difficulties)	and/or	informant	concern	regarding	the	

participant’s	cognition	(AD8	score	≥	2)		

	

• AND	objective	evidence	of	either	an	amnestic	(delayed	logical	

memory	score	≥	1.5	SD	below	the	mean)	and/or	non-amnestic	

deficit	(DSST	score	≥	1.5	SD	below	the	mean).	These	cognitive	

tests	were	chosen	for	defining	a	cognitive	deficit	on	the	basis	of	

their	normal	distribution	across	the	entire	cohort.		

	

A	total	of	42	participants	were	defined	as	having	a	major	brain	disorder	

and	a	total	of	6	participants	were	defined	as	having	MCI,	all	of	whom	

were	excluded	from	the	analyses	included	in	this	thesis.		

	

2.13 Cognitively	normal	sub-sample	for	structural	MRI	analyses	

	

Based	 on	 the	 criteria	 detailed	 in	 2.12,	 a	 total	 of	 412	 Insight	 46	

participants	with	structural	MRI	and	florbetapir	PET	data	available	were	

defined	as	cognitively	normal	(see	Figure	24	for	full	breakdown).	

	
Figure	24.	Derivation	of	cognitively	normal	Insight46	subsample	used	for	structural	MRI	

analysis	-	only	data	from	participants	without	evidence	of	dementia/mild	cognitive	

impairment	(MCI)/a	major	neurological	for	which	florbetapir	PET	and	structural	MRI	

was	available	were	included	in	the	analyses	
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2.14 Cognitively	normal	sub-sample	for	diffusion	MRI	analyses	

	

For	the	analyses	involving	diffusion	MRI	as	well	as	structural	MRI	a	

total	of	375	cognitively	normal	Insight	46	participants	had	complete	

data	available	(see	Figure	25	for	full	breakdown).		

	

	

Figure	25.	Derivation	of	cognitively	normal	Insight46	subsample	used	for	diffusion	

weighted	MRI	analysis	-	only	data	from	participants	without	evidence	of	dementia/mild	

cognitive	impairment	(MCI)/a	major	neurological	for	which	florbetapir	PET,	structural	

and	diffusion	weighted	MRI	available	were	included	in	the	relevant	analyses	
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2.15 Demographic,	clinical	and	cognitive	sub-sample	

characterisation		

	

For	all	analyses	conducted	in	this	thesis	basic	demographic	variables	and	

their	associations	with	Aβ	deposition	were	assessed	to	characterise	the	

relevant	 sub-sample.	 These	 included:	 educational	 attainment	 -	

dichotomized	into	those	with	advanced	(’A	level’,	taken	during	the	final	

year	 of	 secondary/high	 school)	 or	 higher	 (university	 or	 equivalent)	

qualifications,	 versus	 those	 below	 this	 level	 (Alexander	 1972);	

socioeconomic	 position	 -	 dichotomized	 into	 manual	 or	 non-manual	

based	on	occupation	at	53	years	(or	earlier	 if	missing)	(Guralnik	et	al.	

2006);	and	APOE	genotype	based	on	available	genotype	data	of	rs439358	

and	rs7412	(Rawle	et	al.	2017).	

	

Furthermore,	the	association	of	Aβ	deposition	with	participant	cognitive	

performance	 (MMSE,	 matrix	 reasoning,	 delayed	 recall	 and	 DSST);	

participant	 subjective	 cognitive	 complaints;	 and	 informant	 concern	

regarding	cognition	were	assessed.		

	

To	 compare	 Aβ-positive	 and	 Aβ-negative	 groups	 for	 continuous	

demographic,	 clinical	 and	 cognitive	 characteristics,	 two-sample	 t-tests	

were	 used,	 or	 where	 there	 was	 a	 material	 departure	 from	 a	 normal	

distribution	 (following	 visual	 review	 of	 a	 histogram	 and/or	 formal	

testing	using	a	Shapiro-Wilk	test),	a	Wilcoxon	rank	sum	test	was	used.	

Categorical	 characteristics	 were	 compared	 between	 groups	 using	
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logistic	regression.	Associations	between	continuous	characteristics	and	

SUVR	 were	 assessed	 using	 unadjusted	 linear	 regression	 models,	 or	

where	 there	 was	 a	 material	 departure	 from	 a	 normal	 distribution,	 a	

Spearman's	correlation	coefficient	was	utilized.	To	test	the	association	

between	SUVR	and	binary	characteristics	two-sample	t-tests	were	used.		

	

2.16 Conclusion	

	

This	 chapter	 has	 described	 the	 general	 methodology	 of	 Insight	 46	

relevant	to	the	overarching	aims	of	this	thesis,	namely:	the	investigation	

of	the	relationship	between	cerebral	Aβ	deposition,	grey	matter	atrophy	

and	grey	matter	microstructure	during	the	pre-clinical	phase	of	sporadic	

AD.	 A	 large	 sub-sample	 of	well-characterised,	 cognitively	 normal,	 and	

tightly	age-matched	(age	range	69-72	years	old)	 individuals	with	both	

Aβ	PET	and	structural	MRI	data	(n=412),	as	well	as	additional	multi-shell	

diffusion	weighted	MRI	data	(n=375)	has	been	identified	and	will	form	

the	basis	for	analyses	described	in	the	majority	of	this	thesis.	
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3 Chapter	3:	Hippocampal	volume	in	Insight	46	

	

3.1 Introduction	

	

As	highlighted	in	the	thesis	introduction,	hippocampal	atrophy	is	clearly	

associated	 with	 clinically	 established	 AD	 and	 has	 emerged	 as	 an	

important	biomarker	of	neurodegeneration.	However,	 the	relationship	

between	Aβ	deposition,	which	is	thought	to	be	the	key	initiating	factor	in	

AD,	and	hippocampal	volume	loss	in	cognitively	normal	older	adults	is	

unclear.		

	

In	addition,	there	is	also	emerging	evidence	that	hippocampal	atrophy	in	

AD	may	well	 be	 an	 asymmetrical	 process,	 with	 the	 left	 hippocampus	

seemingly	involved	at	an	earlier	stage	than	the	right	in	AD	(Barnes	et	al.	

2005;	Shi	et	al.	2009;	Wachinger	et	al.	2016;	Wachinger	et	al.	2018).	

	

As	well	as	being	a	prominent	feature	of	AD,	hippocampal	volume	loss	also	

occurs	with	 increasing	age	and	data	 from	studies	where	healthy	older	

adults	have	been	scanned	multiple	times	over	a	short	time	interval	have	

suggested	 that	 annualized	 rates	 of	 hippocampal	 atrophy	 in	 normal	

ageing	are	0.4%	to	1.4%	(Cash	et	al.	2015).	Even	though	all	participants	

were	born	in	the	same	week	of	March	1946,	the	fact	that	baseline	data	

collection	 for	 Insight	 46	 occurred	 over	 a	 2-3	 year	 period	 introduces	

variance	 in	 age	 at	 time	 of	 scanning	 enabling	 the	 investigation	 of	 the	

influence	of	increasing	age	over	a	very	small	time	period.	
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Based	on	the	above,	this	chapter	has	three	specific	aims:	

	

1) To	investigate	the	hypothesis	that	hippocampal	volume	is	

related	to	asymptomatic	Aβ	deposition	(defined	by	Aβ	

positivity/increasing	SUVR)	independent	of	age,	gender	and	TIV	

2) To	investigate	the	hypothesis	that	Aβ-associated	grey	matter	

hippocampal	volume	loss	is	asymmetrical	

3) To	investigate	the	hypothesis	that	hippocampal	volume	is	

associated	with	increasing	age	independent	of	Aβ	status,	gender	

and	TIV	
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3.2 Methods	

	

3.2.1 Participants	

	

The	cognitively	normal	sub-sample	with	both	Aβ	PET	and	structural	MRI	

data	(n=412)	were	utilized	for	analyses	in	this	chapter	as	described	in	

Figure	24	and	section	2.13	and	was	characterised	as	per	the	statistical	

methodology	set	out	in	section	2.15.	

	

3.2.2 Total	hippocampal	volume	estimation	

	

Total	hippocampal	volumes	were	estimated	using	Similarity	and	Truth	

Estimation	 for	 Propagated	 Segmentations	 (STEPS).	 STEPS	 is	 a	 multi-

atlas	 segmentation	 propagation	 and	 fusion	 technique	 that	 generates	

probabilistic	 hippocampal	 segmentations.	 The	 STEPS	 algorithm	 was	

selected	as	it	is	based	on	a	template	library	consisting	of	110	individual	

manual	hippocampal	segmentations	performed	by	trained	assessors	and	

has	been	shown	to	provide	highly	reliable	automated	measurement	of	

hippocampal	volume	(see	Figure	26)	(Cardoso	et	al.	2013).	
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Figure	26.	Example	of	hippocampal	segmentation	using	STEPS	algorithm	(Cardoso	et	al.	

2013)	-	reproduced	and	modified	via	Creative	Commons	Attribution	License	

	

3.2.3 Assessing	asymmetry	

	

A	laterality	index	was	calculated	to	investigate	asymmetry	and	was	

defined	by	the	following	formula	(Rohrer	et	al.	2015):	

	

Laterality	index	=	(left	volume	–	right	volume)	÷	(left	volume	+	right	volume)	
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3.2.4 Statistical	approach	

	

3.2.4.1 Associations	between	volumetric	estimates	and	cerebral	Aβ	

deposition	

	

Linear	 regression	 models	 (with	 robust	 standard	 errors	 to	 allow	 for	

heteroscedasticity)	were	used	 to	 investigate	 the	 associations	between	

volumetric/laterality	 measurements	 and	 Aβ	 status	 (Aβ-positive	

compared	to	Aβ-negative),	as	well	as	increasing	SUVR	across	the	whole	

sample.	Robust	standard	errors,	also	known	as	robust	sandwich	variance	

estimators,	used	for	this	analysis	and	subsequent	analyses	in	the	thesis	

were	 calculated	 using	 the	 Huber-White	method	 (Huber,	 1967;	White,	

1980).		All	analyses	were	adjusted	for	age,	gender	and	TIV.	In	order	to	

account	for	the	potential	impact	of	using	imputed	SUVR	values,	multiple	

imputation	modelling	 approach	 in	 the	 context	 of	 the	 complete	 linear	

regression	models	(rather	than	just	the	relationship	between	pseudo-CT	

and	UTE	derived	SUVR	values	alone)	was	performed.		

	

3.2.4.2 Association	between	volumetric	estimates	and	age	

	

Linear	 regression	 models	 (with	 robust	 standard	 errors	 to	 allow	 for	

heteroscedasticity)	were	used	 to	 investigate	 the	 associations	between	

hippocampal	volume	and	age,	following	adjustment	for	gender,	TIV	and	

Aβ	status.		
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3.3 Results	

	

3.3.1 	Demographics,	clinical	and	cognitive	characteristics	

	

There	 were	 no	 statistically	 significant	 associations	 between	 Aβ	

status/SUVR	with	 age,	 gender,	 educational	 attainment,	 socioeconomic	

position	or	participant	 concern	 regarding	 their	 cognition.	 Participants	

with	an	AD8	score	≥	2	were	statistically	more	likely	to	be	defined	as	Aβ-

positive	and	have	a	higher	SUVR.	Compared	to	Aβ-negative	participants,	

Aβ-positive	 participants	 had	 marginally	 lower	 MMSE	 and	 matrix	

reasoning	 scores,	 but	 no	 significantly	 significant	 association	was	 seen	

between	 increasing	 SUVR	 and	 MMSE	 or	 matrix	 reasoning	 score.	 No	

statistically	significant	associations	were	seen	between	Aβ	status/SUVR	

and	 delayed	 recall.	 No	 statistically	 significant	 associations	 were	 seen	

between	Aβ	status/SUVR	and	DSST.	Possession	of	an	APOE	ε4	allele	was	

strongly	associated	with	both	increasing	SUVR	and	Aβ-positivity.	

	

	

	

	

	

	

	

	

	



	
115	

	 Aβ	-ve	
(n=337)	

Aβ	+ve	
(n=75)	

Aβ	-ve	cf.	
Aβ	+ve	

Association	with	
SUVR	(n=412)	

Age,	years,	median	
(IQR)	 70.7	(1.2)	 70.7	(1.2)	 p=0.75a	 ρ	=-0.025;		

p=0.62b	

Male	gender,	n	
(%)	 166	(49.3%)	 41	(54.7%)	 p=0.44c	 R2=0.003;	

p=0.28e	
TIV,	mls,	mean	

(SD)	 1426	(133)	 1453	(128)	 p=0.11d	 R2=0.0049;	
p=0.16e	

Advanced	level	of	
education,	
	n	(%)	

183	(54.3%)	 38	(50.7%)	 p=0.61c	 R2=0.0003;	
p=0.73e	

Adulthood	
socioeconomic	

position	
(manual	

occupation)	

51	(15.1%)	 10	(13.3%)	 p=0.86c	 R2=0.003;	
p=0.23e	

Cognitive	
difficulties	greater	

than	peers,	
	n	(%)	

3	(0.9%)	 2	(2.7%)	 p=0.18c	 R2=0.006;	
p=0.13e	

Would	seek	
medical	attention	
for	cognitive	
difficulties,	
	n	(%)	

11	(3.2%)	 5	(6.7%)	 p=0.23c	 R2=0.004;	
p=0.21e	

AD8	≥	2,	
	n	(%)	 7	(2.1%)	 7	(9.3%)	 p=0.006c	 R2=0.012;	

p=0.021e	

MMSE,	median	
(IQR)	 30	(1)	 29	(2)	 p=0.045a	 ρ	=-0.081;		

p=0.10b	

Matrix	reasoning,	
median	(IQR)	 26	(4)	 25	(4)	 p=0.04a	 ρ	=-0.055;		

p=0.26b	

Delayed	recall,	
mean	(SD)	 11.7	(3.6)	 11.3	(3.7)	 p=0.37d	 R2=0.0043;	

p=0.18e	

DSST,	
mean	(SD)	 48.9	(10.1)	 46.9	(9.6)	 p=0.12d	 R2=0.0045;	

p=0.17e	

APOE	ε4	
possession*,	n	(%)	 77	(23.0%)	 46	(61.3%)	 p<0.0001c	 R2=0.11;	

p<0.0001e	
Table	5.	Demographics,	clinical	and	cognitive	characteristics	of	structural	MRI	sub-

sample	used	in	the	analysis.	Key:	*APOE	genotype	data	available	for	410/412	

participants	–	both	were	classified	as	Aβ-negative	and	had	non-imputed	SUVR	data;	
aWilcoxon	rank	sum	test;	bSpearman’s	rank	correlation;	cFisher’s	exact	;	dt-test;	elinear	

regression;	Aβ	-ve=β-amyloid	negative;	Aβ	+ve=β-amyloid	positive;	Δ=	mean	difference;	

DSST=digit	symbol	substitution;	IQR	=	interquartile	range;	MMSE=mini-mental	state	

examination;		OR=odd’s	ratio;	ρ=	Spearman’s	rho;	SD	=	standard	deviation;	SUVR	=	

standard	uptake	value	ratio;	TIV=total	intracranial	volume	
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3.3.2 The	relationship	between	cerebral	Aβ	deposition	and	

hippocampal	volume		

	

There	 was	 a	 trend	 for	 an	 association	 between	 Aβ	 status	 and	 total	

hippocampal	 volume,	 with	 lower	 volumes	 in	 Aβ-positive	 participants	

(p=0.064).	When	assessing	left	and	right	hemispheres	separately,	there	

was	evidence	that	left	hippocampal	volume	was	statistically	significantly	

lower	in	Aβ-positive	participants	compared	to	Aβ-negative,	whilst	there	

was	no	evidence	that	right	hippocampal	volume	differed	between	groups	

(see	Table	6	and	Figure	27).		

	

	
Aβ	-ve	

mean	volume	
mm3	(SD)	

Aβ	+ve	
mean	volume	
mm3	(SD)	

Δ	Aβ-ve	cf.	
Aβ+ve	
(95%CI)	

%	Δ	†	 p-
value	

Left	
hippocampus	

3096	
(351)	

3037	
(328)	

-93	
(-179,	-15)	 3.0%	 0.019*	

Right	
hippocampus	

3176	
(343)	

3280	
(396)	

-32	
(-98,	34)	 1.0%	 0.34	

Total	
hippocampus	

6271	
(671)	

6216	
(576)	

-125	
(-258,	7)	 2.0%	 0.064	

Table	6.	Associations	between	Aβ	status	and	hippocampal	volume.	Key:	Aβ	-ve=β-

amyloid	negative;	Aβ	+ve=β-amyloid	positive;	Δ=	mean	difference	following	adjustment	

for	gender,	mean-centred	age	at	time	of	scanning	and	mean	centred	TIV;	TIV	=	total	

intracranial	volume;	†	Δ	expressed	as	percentage	of	unadjusted	mean	volume	of	Aβ	-ve	

population	
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Figure	27.	Bar	chart	demonstrating	associations	between	Aβ	status	and	hippocampal	

volume	following	adjustment	for	age,	gender	and	TIV.	Key:	TIV	=	total	intracranial	

volume	

	

In	terms	of	assessing	the	relationship	between	hippocampal	volume	and	

continuous,	rather	than	binary	measures	of	Aβ	deposition,	there	was	no	

evidence	 of	 a	 relationship	 between	 increasing	 SUVR	 and	 left,	 right	 or	

total	 hippocampal	 volume	 (see	Table	 7).	 Use	 of	 imputed	 SUVR	 values	

made	 no	 material	 difference	 to	 the	 results	 obtained	 with	 very	 low	

increases	 in	 standard	 error	 following	 multiple	 imputation	 modelling	

(0.05-0.06%).	

	

	 SUVR	β-coefficient	
(95%	CI)	 p-value	

Increase	in	standard	
error	due	to	imputed	

SUVR	values	
Left	

hippocampus	 -228	(-644,	188)	 0.28	 0.06%	

Right	
hippocampus	 158	(-243,	559)	 0.44	 0.05%	

Total	
hippocampus	 -70	(-824,	685)	 0.86	 0.06%	

Table	7.	Associations	between	SUVR	and	hippocampal	volume	following	adjustment	for	

gender,	mean-centred	age	at	time	of	scanning	and	mean	centred	TIV.	Key:	Aβ	-ve=β-

amyloid	negative;	Aβ	+ve=β-amyloid	positive;	CI=confidence	intervals;	Δ=	mean;	SUVR	=	

standard	uptake	value	ratio;	TIV	=	total	intracranial	volume	
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3.3.3 Asymmetrical	hippocampal	volume	loss	and	cerebral	Aβ	

deposition	

	

In	terms	of	asymmetry,	there	was	evidence	that	hippocampal	laterality	

indices	were	associated	with	both	Aβ	status	and	increasing	SUVR,	with	

greater	volume	loss	in	the	left	hippocampus	than	the	right	hippocampus	

(see	Table	8).		

	

Aβ	-ve	
Laterality	
index	

Aβ	+ve	
Laterality	
index	

p-value	
Aβ	-ve	
cf.	

Aβ	+ve	

SUVR	β-
coefficient	
(95%	CI)	

p-value	

Increase	in	
standard	error	
due	to	imputed	
SUVR	values	

-0.013	
(0.028)	

-0.024	
(0.042)	 0.039*	

-0.065	
(-0.117,													
-0.013)	

0.014*	 0.04%	

Table	8.	Associations	between	Aβ	status	and	hippocampal	symmetry	following	

adjustment	for	gender,	mean-centred	age	at	time	of	scanning	and	mean	centred	TIV.	

Key:	Aβ	-ve=β-amyloid	negative;	Aβ	+ve=β-amyloid	positive;	SUVR	=	standard	uptake	

value	ratio;	TIV	=	total	intracranial	volume	

	

	

3.3.4 The	relationship	between	increasing	age	and	hippocampal	

volume		

	

There	was	evidence	that	–	even	over	the	2-3	year	time	period	the	cohort	

was	imaged	over	–	increasing	age	was	associated	with	subtle	decreases	

in	 total	 hippocampal	 volume	 in	 cognitively	 normal	 Insight	 46	

participants	independent	of	Aβ	status,	gender	and	TIV	(see	Table	9	and	

Figure	28).		
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Association	with	age	

β-coefficient		
(95%	CIs)	

p-value	 Estimated	%	change	per	year	
(95%	CIs)	

Left	hippocampus	 -40	
(-85,	6)	 0.086	 -1.3%	(-2.7%,	0.2%)	

Right	hippocampus	 -46	
(-89,	-3)	 0.038*	 -1.5%	(-2.8%,	-0.1%)	

Total	hippocampus	 -89	
(-170,	0)	 0.049*	 -1.4%	(-2.7%,	0.0%)	

Table	9.	Relationship	between	hippocampal	volume	at	age	of	time	of	scanning	following	

adjustment	for	Aβ	status,	gender	and	TIV.	Estimated	%	change	per	year	=	β-coefficient	

expressed	as	percentage	of	mean	value	of	volume	of	interest	across	all	participants.	Key:	

CI	=	confidence	intervals;	TIV	=	total	intracranial	volume	

	

	
Figure	28.		Relationship	between	hippocampal	volume	at	age	of	time	of	scanning	

following	adjustment	for	Aβ	status,	gender	and	TIV.	Key:	TIV	=	total	intracranial	volume	

	

	

There	was	no	evidence	of	an	interaction	between	increasing	age	and	Aβ-

status	 in	 terms	of	 its	 effect	on	 left,	 right	or	 total	hippocampal	 volume	

(p=0.98,	 p=0.95	 and	 p=0.99	 respectively).	 	 There	 was	 no	 evidence	

increasing	age	was	associated	with	laterality	indices	(p=0.83).	
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3.4 Discussion	

	

In	this	analysis	of	a	very	large	number	of	individuals	there	was	evidence	

that	 left	 hippocampal	 volume	 was	 lower	 in	 Aβ-positive	 participants	

compared	 to	 Aβ-negative	 cognitively	 normal	 Insight	 46	 participants.		

This	 finding	 is	 consistent	 with	 a	 number	 of	 studies	 in	 the	 current	

literature,	 where	 evidence	 of	 reduced	 baseline	 hippocampal	 volume	

associated	 with	 cerebral	 Aβ	 deposition	 in	 cognitively	 normal	 older	

individuals	(Mormino	et	al.	2008;	Storandt	et	al.	2009;	Rowe	et	al.	2010;	

Bourgeat	et	al.	2010;	Doré	et	al.	2013;	Petersen	et	al.	2016;	Dubois	et	al.	

2018;	Hsu	et	al.	2015).		

	

No	such	association	was	observed	in	the	right	hippocampus	and	formal	

testing	 of	 asymmetry	 using	 a	 laterality	 index	 revealed	 evidence	 that	

increased	Aβ	deposition	(using	both	binary	and	continuous	measures	of	

Aβ-load)	was	associated	with	more	asymmetrical	hippocampal	volume	

loss	 (left	 greater	 than	 right).	 Emerging	 evidence	 from	 the	 current	

literature	does	indeed	suggest	that	hippocampal	atrophy	may	well	be	an	

asymmetrical	process	 in	AD,	with	the	 left	hippocampus	 involved	at	an	

earlier	stage	than	the	right	(Barnes	et	al.	2005;	Shi	et	al.	2009;	Wachinger	

et	 al.	 2016;	 Wachinger	 et	 al.	 2018)	 and	 the	 data	 from	 this	 analysis	

suggests	that	this	asymmetry	is	present	even	in	this	very	early	stage	of	

the	pathophysiological	continuum	of	AD.	
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A	strength	of	this	analysis	is	its	large	sample	size	(n=412).	One	previous	

study	by	Andrews	and	colleagues	using	the	AIBL	dataset	did	not	report	

statistically	 significant	 differences	 in	 baseline	 hippocampal	 volume	

between	 Aβ-negative	 and	 Aβ-positive	 cognitively	 normal	 individuals.	

However,	the	sample	size	in	this	case	was	much	lower	(n=66)	and	mean	

hippocampal	volumes	in	the	Aβ-positive	group	were	still	approximately	

3%	lower	than	the	mean	values	in	the	Aβ-negative	group	(Andrews	et	al.	

2013).	This	is	a	very	similar	effect	size	to	that	observed	in	Insight	46,	and	

other	 large-scale	 studies	 that	 have	 found	 statistically	 significant	

differences	 in	baseline	hippocampal	volume	between	Aβ-negative	and	

Aβ-positive	cognitively	normal	individuals	(Petersen	et	al.	2016).	

	

It	 should	 be	 noted	 that	 evidence	 of	 associations	 with	 continuous	

measures	of	Aβ-deposition	 (i.e.	 cortical	SUVR)	were	 limited.	However,	

SUVR	 is	 specifically	 derived	 from	 tracer	 uptake	 in	 the	 cortical	 grey	

matter	 and	 it	 is	 possible	 that	 the	 extent	 of	 AD	 pathology	 in	 the	

hippocampal	and	cortical	grey	matter	is	not	linearly	related	and	limits	

the	 capacity	 to	observe	continuous	 relationships.	Furthermore,	binary	

classification	 may	 not	 only	 reflect	 Aβ-load,	 but	 may	 also	 divide	 the	

sample	 into	 groups	 that	 are	 more	 likely	 to	 exhibit	 significant	

accumulation	of	other	unaccounted	for	pathologies	(e.g.	medial	temporal	

lobe	tau	deposition)	that	may	impact	results.	

	

A	major	strength	of	Insight	46	dataset	is	the	very	narrow	age	range	of	the	

enrolled	 participants.	 Age	 is	 a	 significant	 confounder	 of	 studies	 of	

hippocampal	volume	(Barnes	et	al.	2010)	and	in	this	analysis	Aβ-positive	
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and	 Aβ-negative	 groups	 were	 very	 tightly	 age-matched.	 This	 is	 in	

contrast	 to	 other	 studies	 in	 the	 literature.	 For	 example,	 a	 large-scale	

investigation	 of	 hippocampal	 volume	 and	 its	 relationship	 with	 Aβ-

positivity	 using	 data	 from	 the	 Mayo	 Clinic	 Study	 of	 Ageing	 included	

participants	over	a	much	wider	age	range.	This	resulted	in	Aβ-positive	

and	Aβ-negative	groups	there	were	not	age-matched	making	it	difficult	

to	disentangle	the	effect	of	age	from	any	observed	Aβ-associated	effect	

(Petersen	et	al.	2016).		

	

However,	despite	the	very	narrow	age	range,	it	is	notable	there	was	still	

evidence	that	hippocampal	volume	decreased	with	increasing	age	in	this	

dataset.	The	magnitude	of	this	association	was	estimated	to	be	1.4%	per	

year,	 which	 is	 similar	 (although	 at	 the	 upper	 end	 of	 the	 range)	 to	

estimated	rates	of	change	in	hippocampal	volume	derived	from	studies	

where	 healthy	 older	 adults	 have	 been	 scanned	multiple	 times	 over	 a	

short	time	interval	(Cash	et	al.	2015).		Furthermore,	in	the	case	of	the	left	

hippocampus,	the	percentage	decrease	in	volume	per	year	of	increasing	

age	(1.5%)	was	approximately	half	 the	magnitude	that	was	associated	

with	being	Aβ-positive	 (3%).	 	One	study	using	 longitudinal	ADNI	data	

that	compared	hippocampal	atrophy	rates	between	Aβ-negative	and	Aβ-

positive	 individuals	 (defined	 by	 CSF	markers	 of	 Aβ	 deposition)	 found	

hippocampal	 atrophy	 rates	 to	 be	 approximately	 doubled	 in	 the	 Aβ-

positive	group	compared	to	the	Aβ-negative	group	(0.07	vs	0.03	mls	per	

year)	(Schott	et	al.	2010),	which	closely	mirrors	the	relative	effects	of	Aβ-

positivity	and	ageing	on	left	hippocampal	volume	in	this	cross-sectional	

data	set.	
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As	all	participants	were	born	in	the	same	week,	these	observations	may	

be	confounded	by	the	fact	that	age	at	time	of	scanning	also	reflects	the	

order	in	which	participants	underwent	assessment,	i.e.	those	recruited	

later	 in	 the	 study	 may	 have	 different	 characteristics	 to	 those	

volunteering	early.	Although,	a	strength	of	 the	analysis	 is	 the	MRI	and	

PET	data	were	collected	simultaneously	on	a	single	scanner,	one	major	

consideration	 is	 whether	 changes	 in	 the	 functioning	 of	 the	 scanner	

occurred	over	time	and	might	have	influenced	MRI-derived	anatomical	

measurements	 (i.e.	 through	 scanner	 drift).	 However,	 supplementary	

analyses	revealed	no	relationship	between	TIV	(head	size)	and	age	(see	

appendix	A),	making	this	explanation	unlikely	in	this	case.		

	

A	further	consideration	is	whether	this	reflects	a	recruitment	bias,	where	

participants	 assessed	 first	 were	 more	 likely	 to	 have	 increased	

hippocampal	 volumes	 based	 on	 factors	 other	 than	 age	 (e.g.	 cognitive	

reserve	(Stafford	et	al.	2013)).	To	explore	this	 further	a	wide	range	of	

potential	confounders	were	incorporated	into	statistical	models	and	the	

relationship	 between	 age	 and	 hippocampal	 volume	 remained	

statistically	significant,	again	reducing	the	 likelihood	of	 this	possibility	

(see	appendix	A).		

	

In	terms	of	limitations,	the	cross-sectional	nature	of	this	analysis	meant	

that	a	degree	of	caution	should	be	exercised	when	interpreting	the	data.	

Insight	46	is	a	two-time	point	study	and	longitudinal	data	collection	is	

ongoing	 (Lane	 et	 al.	 2017).	 Longitudinal	 data	 will	 be	 required	 to	
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definitively	 establish	 if	 the	 associations	 with	 both	 Aβ-status	 and	

increasing	age	observed	in	this	dataset	are	truly	reflective	of	what	occurs	

in	 an	 individual	 over	 time.	 Furthermore,	 to	what	 extent	 hippocampal	

atrophy	 predicts	 cognitive	 decline	 using	 longitudinal	 measures	 of	

cognitive	function	will	also	be	of	interest.		

	

A	 further	 limitation	 is	 that	 measurements	 of	 other	 key	 pathological	

processes	 in	AD,	most	notably	 tau	deposition,	are	not	available	 in	 this	

dataset.	Recent	data	using	tau-PET	has	suggested	that	medial	temporal	

lobe	 tau	 deposition	 is	 strongly	 associated	 with	 Aβ-associated	

hippocampal	volume	loss	in	cognitively	normal	older	adults	(Jacobs	et	al.	

2018),	and	incorporation	of	with	CSF	or	PET	markers	of	tau	(Jack	et	al.	

2017)	 may	 shed	 further	 light	 on	 the	 relationships	 observed	 in	 this	

analysis	in	Insight	46.		
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3.5 Conclusion	

	

Overall,	 these	 data	 provide	 evidence	 for	Aβ-associated	 volume	 loss	 in	

cognitively	 normal	 older	 adults	 in	 the	hippocampus	 (left	 greater	 than	

right).	Furthermore,	despite	a	very	narrow	age	range	in	the	Insight	46	

dataset,	there	was	evidence	of	an	association	between	total	hippocampal	

volume	and	increasing	age	(independent	of	Aβ	status)	emphasising	the	

important	influence	of	ageing	on	hippocampal	structure.		
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4 Chapter	4:	Hippocampal	subfield	volumes	in	

Insight	46	

	

4.1 Introduction	

	

In	 chapter	 3,	 evidence	 was	 presented	 that	 hippocampal	 volume	 is	

negatively	influenced	by	both	Aβ	and	ageing.	However,	the	hippocampus	

it	 is	 not	 a	 homogenous	 structure	 and	 comprises	 a	 number	 of	

interconnected	histologically	and	 functionally	distinct	subfields,	which	

have	 been	 hypothesised	 to	 be	 differentially	 influenced	 by	 both	 AD	

pathology	and	 the	ageing	process	 (Small	 et	 al.	 2011;	Apostolova	et	 al.	

2010;	Mueller	et	al.	2010;	La	Joie	et	al.	2013;	Iglesias	et	al.	2015;	Pini	et	

al.	 2016;	 Blanken	 et	 al.	 2017;	 Carlesimo	 et	 al.	 2015;	Mak	 et	 al.	 2017;	

Apostolova	 et	 al.	 2006).	 Validated	 techniques	 are	 now	 available	 that	

enable	automated	estimation	of	hippocampal	subfield	volumes	using	3	

Tesla	structural	MRI	data	(Iglesias	et	al.	2015),	providing	an	opportunity	

to	 investigate	 to	 what	 extent	 hippocampal	 subfields	 are	 differentially	

influenced	by	various	factors	in	large	datasets	such	as	Insight	46.		

	

Based	on	the	above	this	chapter	has	the	following	specific	aims:	

	

1) Investigate	the	hypothesis	that	individual	grey	matter	

hippocampal	subfield	volumes	are	related	to	asymptomatic	Aβ	

status/increasing	SUVR	independent	of	age,	gender	and	TIV	
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2) Investigate	the	hypothesis	that	Aβ-associated	grey	matter	

hippocampal	subfield	volume	loss	is	asymmetrical	

3) Investigate	the	hypothesis	that	individual	grey	matter	

hippocampal	subfield	volumes		are	related	to	increasing	age	

independent	of	Aβ	status,	gender	and	TIV	

4) Establish	to	what	extent	observed	relationships	between	Aβ	

deposition/increasing	age	and	hippocampal	subfield	volume	

survive	statistical	adjustment	for	the	volume	of	the	remainder	of	

the	hippocampus	to	test	the	hypothesis	that	relationships	of	

predictor	variables	with	individual	hippocampal	subfield	

volumes	are	selective	
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4.2 Methods	

	

4.2.1 Participants	

	

The	cognitively	normal	sub-sample	with	both	Aβ	PET	and	structural	MRI	

data	(n=412)	were	utilized	for	analyses	in	this	chapter	as	described	in	

Figure	24	and	section	2.13	and	was	characterised	as	per	the	statistical	

methodology	set	out	in	section	2.15.	

	

4.2.2 Hippocampal	subfield	volume	estimation	

	

Volumetric	 estimates	 of	 hippocampal	 formation	 subfields	 were	

performed	 using	 Freesurfer	 version	 6.0.	 This	 algorithm	 is	 based	 on	 a	

computational	atlas	of	the	hippocampal	formation	using	ex	vivo,	ultra-

high	resolution	MRI	and	utilizes	T1-weighted	MRI	data	to	segment	the	

following	subfields:	CA1,	CA2/3,	CA4,	fimbria,	the	hippocampal	fissure,	

presubiculum,	 subiculum,	 hippocampal	 tail,	 parasubiculum,	 the	

molecular	 and	granule	 cell	 layers	of	 the	dentate	 gyrus	 (GCMLDG),	 the	

molecular	layer	and	the	hippocampal	amygdala	transition	area	(HATA)	

(Iglesias	et	al.	2015)	(see	Figure	29	for	example).	

	

This	 version	 of	 the	 software	 was	 selected	 as	 it	 addresses	 concerns	

regarding	previous	versions	of	the	software	(Wisse	et	al.	2014),	is	fully	

automated	and	is	publicly	available.	
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The	 following	 regions	 were	 excluded	 prior	 to	 the	 analysis:	 the	

hippocampal	 fissure	 (a	 thin	 CSF	 layer	 rather	 than	 a	 hippocampal	

substructure	 per	 se),	 the	 molecular	 layer	 (a	 thin	 white	 matter	 layer,	

which	is	at	significant	risk	of	partial	volume	effects),	the	fimbria	(small	

volume	white	matter	region,	which	 is	also	at	significant	risk	of	partial	

volume	 effect),	 the	 parasubiculum	and	HATA	 (both	 of	which	 are	 very	

small	 grey	 matter	 volumes	 <100	 mm3	 and	 therefore	 more	 prone	 to	

noise)	 (Iglesias	 et	 al.	 2015).	 	 It	 is	 also	 important	 to	 note	 that	 the	

hippocampal	 tail	 is	 not	 a	 histologically	 distinct	 region,	 but	 instead	

represents	 a	 conglomeration	 of	 CA1-4	 and	 dentate	 gyrus,	 which	 are	

indistinguishable	at	this	resolution	due	to	the	posterior	narrowing.		
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Figure	29.	Example	of	segmentation	of	the	left	hippocampal	formation	into	constituent	

subfields	in	the	sagittal,	axial,	and	coronal	planes.	Key:	GCMLDG=	molecular	and	granule	

cell	layers	of	the	dentate	gyrus	

	

4.2.3 Assessing	asymmetry	

	

To	 investigate	 potential	 asymmetries	 in	 hippocampal	 subfield	 grey	

matter	volume	loss	related	to	cerebral	Aβ	deposition	a	laterality	index	

was	 calculated	and	was	defined	by	 the	exact	 same	 formula	defined	 in	

section	3.2.3.	
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4.2.4 Statistical	approach	

	

4.2.4.1 Association	between	hippocampal	subfield	volumetric	

estimates	and	cerebral	Aβ	deposition	

	

Linear	 regression	 models	 (with	 robust	 standard	 errors	 to	 allow	 for	

heteroscedasticity)	were	used	 to	 investigate	 the	 associations	between	

hippocampal	 subfield	 volume/laterality	 measurements	 and	 Aβ	 status	

(Aβ-positive	 compared	 to	 Aβ-negative),	 as	 well	 as	 increasing	 SUVR	

across	the	whole	sample.		

	

All	analyses	were	adjusted	for	age,	gender	and	TIV.	In	order	to	account	

for	 the	 potential	 impact	 of	 using	 imputed	 SUVR	 values,	 multiple	

imputation	modelling	 in	 the	 context	of	 the	 complete	 linear	 regression	

models	(rather	than	just	the	relationship	between	pseudo-CT	and	UTE	

derived	SUVR	values	alone)	was	performed.		

	

	

	

If	there	was	evidence	of	a	statistically	significant	association	between	a	

hippocampal	 subfield	 volume	 and	 cerebral	 Aβ	 deposition,	 a	 further	

linear	 regression	 model	 (with	 robust	 standard	 errors	 to	 allow	 for	

heteroscedasticity)	 was	 performed	 with	 additional	 correction	 for	

hippocampal	volume	(either	left,	right	or	total	depending	on	whether	the	

association	was	seen	bilaterally	or	in	one	cerebral	hemisphere	only)	to	

test	 if	 the	 Aβ-associated	 hippocampal	 subfield	 volume	 loss	 was	
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independent	 of	 Aβ-associated	 volume	 loss	 across	 the	 rest	 of	 the	

hippocampus.	

	

4.2.4.2 Association	between	volumetric	estimates	and	age	

	

Linear	 regression	 models	 (with	 robust	 standard	 errors	 to	 allow	 for	

heteroscedasticity)	were	used	 to	 investigate	 the	 associations	between	

hippocampal	subfield	volume	and	age,	following	adjustment	for	gender,	

TIV	and	Aβ	status.		

	

If	there	was	evidence	of	a	statistically	significant	association	between	a	

hippocampal	 subfield	 volume	 and	 increasing	 age,	 a	 further	 linear	

regression	 model	 (with	 robust	 standard	 errors	 to	 allow	 for	

heteroscedasticity)	 was	 performed	 with	 additional	 correction	 for	

hippocampal	volume	(either	left,	right	or	total	depending	on	whether	the	

association	was	seen	bilaterally	or	in	one	cerebral	hemisphere	only)	to	

test	if	the	hippocampal	subfield	volume	loss	associated	with	ageing	was	

independent	 of	 age-associated	 volume	 loss	 across	 the	 rest	 of	 the	

hippocampus.	
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4.3 Results	

	

4.3.1 Demographics,	clinical	and	cognitive	characteristics	

	

As	 this	 analysis	 utilized	 the	 exact	 same	 sub-sample,	 the	 results	 were	

identical	to	those	detailed	in	chapter	3	(see	section	3.3.1).	

	

4.3.2 The	relationship	between	cerebral	Aβ	deposition	and	

hippocampal	subfield	volume		

	

In	terms	of	the	association	between	hippocampal	subfield	volumes	and	

dichotomised	cerebral	Aβ	deposition,	there	was	some	evidence	that	left,	

right	 and	 total	 presubiculum	 volumes	 (see	 Figure	 30),	 as	 well	 as	 left	

hippocampal	 tail	 volumes	 were	 lower	 in	 Aβ-positive	 participants	

compared	 to	 Aβ-negative	 participants.	 The	 remainder	 of	 the	

hippocampal	 subfield	 volumes	 investigated	 demonstrated	 no	

statistically	significant	differences	(see	Table	10	for	full	results).		

	

To	 see	 if	 hippocampal	 subfield	 volumes	 showed	 specific	 vulnerability	

above	 and	 beyond	 any	 generalised	 hippocampal	 loss,	 additional	

adjustment	 for	 the	volume	of	 the	whole	hippocampus	was	performed.	

Following	 additional	 adjustment	 for	 left	 hippocampal	 volume,	 the	

observed	 differences	 in	 left	 presubiculum	 and	 left	 hippocampal	 tail	

volumes	 were	 no	 longer	 statistically	 significant	 (p=0.11	 and	 p=0.33	

respectively).	 However,	 following	 adjustment	 for	 right	 hippocampal	
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volume,	 the	 observed	 difference	 in	 right	 presubiculum	 volume	 did	

remain	 significant	 (p=0.038),	 whilst	 the	 observed	 differences	 in	 total	

presubiculum	volume	was	evident	at	a	trend	level	(p=0.056).	

	

Treating	b-amyloid	load	as	a	continuous	variable,	there	was	no	evidence	

of	a	relationship	between	increasing	SUVR	and	any	hippocampal	subfield	

volumes	 (see	 Table	 11).	 Again,	 use	 of	 imputed	 SUVR	 values	made	 no	

material	 difference	 to	 the	 results	 obtained	with	 very	 low	 increases	 in	

standard	error	following	multiple	imputation	modelling	(0.04-0.07%).	

	

	
Figure	30.	Bar	chart	showing	associations	between	Aβ	status	and	presubiculum	volumes	

following	adjustment	for	age,	gender	and	TIV.	Key:	TIV	=	total	intracranial	volume	
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Table	10.	Associations	between	Aβ	status	and	hippocampal	subfield	volumes.	Key:	Aβ	-

ve=β-amyloid	negative;	Aβ	+ve=β-amyloid	positive;	CA	=	Cornu	ammonis;	Δ=	mean	

difference	following	adjustment	for	gender,	mean-centred	age	at	time	of	scanning	and	

mean	centred	TIV;	GCMLDG=	Molecular	and	Granule	Cell	Layers	of	the	Dentate	Gyrus;	

TIV	=	total	intracranial	volume;	†	Δ	expressed	as	percentage	of	unadjusted	mean	

volume	of	Aβ	-ve	population	

	

	

	 	

Aβ	-ve	
mean	
volume	
mm3	(SD)	

Aβ	+ve	
mean	
volume	
mm3	(SD)	

Δ	Aβ-ve	cf.	
Aβ+ve	
(95%	CI)	

%		Δ	
†	 p-value	

CA1	 Left	 583	(71)	 581	(62)	 -10	(-23,	3)	 2%	 0.12	

	 Right	 613	(76)	 617	(62)	 -4	(-17,	10)	 1%	 0.6	

	 Total	 1196	(141)	 1198	(113)	 -14	(-37,	9)	 1%	 0.25	

CA2/3	 Left	 193	(28)	 194	(26)	 -1	(-7,	5)	 0%	 0.74	

	 Right	 213	(30)	 217	(27)	 1	(-6,	7)	 0%	 0.88	

	 Total	 406	(53)	 411	(48)	 -1	(-11,	10)	 0%	 0.92	

CA4	 Left	 236	(25)	 238	(23)	 0	(-5,	5)	 0%	 0.97	

	 Right	 247	(28)	 250	(26)	 0	(-5,	6)	 0%	 0.92	

	 Total	 482	(50)	 488	(45)	 0	(-9,	10)	 0%	 0.97	

GCMLDG	 Left	 271	(30)	 273	(28)	 -1	(-7,	5)	 0%	 0.78	

	 Right	 284	(33)	 287	(30)	 0	(-7,	6)	 0%	 0.97	

	 Total	 554	(60)	 560	(54)	 -1	(-13,	11)	 0%	 0.87	

Pre-
subiculum	 Left	 301	(38)	 293	(41)	 -11		(-21,	-2)	 4%	 0.017*	

	 Right	 282	(35)	 275	(32)	 -9	(-17,	-2)	 3%	 0.016*	

	 Total	 582	(68)	 568	(67)	 -21	(-36,	-5)	 4%	 0.008*	

Subiculum	 Left	 415	(52)	 411	(49)	 -9	(-21,	2)	 2%	 0.11	

	 Right	 417	(52)	 417	(43)	 -6	(-15,	4)	 1%	 0.26	

	 Total	 832	(100)	 828	(86)	 -15	(-34,	4)	 2%	 0.13	

Hippocampal	
tail	 Left	 512	(72)	 499	(58)	 -18	(-33,	-3)	 4%	 0.017*	

	 Right	 538	(71)	 534	(61)	 -9	(-24,	6)	 2%	 0.25	

	 Total	 1050	(137)	 1033	(111)	 -27	(-55,	1)	 3%	 0.059	
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SUVR	β-
coefficient		
(95%	CI)	

p-value	
Increase	in	standard	error	
due	to	imputed	SUVR	

values	

CA1	

Left	 -29	(-104,	45)	 0.44	 0.04%	

Right	 30	(-45,	105)	 0.44	 0.07%	

Total	 0	(-135,	135)	 0.99	 0.06%	

CA2/3	

Left	 10	(-22,	43)	 0.54	 0.04%	

Right	 16	(-15,	48)	 0.3	 0.06%	

Total	 27	(-29,	82)	 0.35	 0.05%	

CA4	

Left	 20	(-9,	50)	 0.18	 0.05%	

Right	 26	(-6,	58)	 0.11	 0.05%	

Total	 46	(-9,	102)	 0.11	 0.05%	

GCMLDG	

Left	 21	(-15,	57)	 0.25	 0.05%	

Right	 32	(-6,	70)	 0.095	 0.05%	

Total	 53	(-15,	121)	 0.13	 0.05%	

Pre-
subiculum	

Left	 -30	(-83,	24)	 0.27	 0.04%	

Right	 -9	(-49,	32)	 0.68	 0.07%	

Total	 -28	(-122,	45)	 0.37	 0.05%	

Subiculum	

Left	 -33	(-97,	30)	 0.3	 0.06%	

Right	 13	(-41,	67)	 0.64	 0.07%	

Total	 -20	(-126,	86)	 0.71	 0.07%	

Hippocampal	
tail	

Left	 -27	(-115,	61)	 0.55	 0.06%	

Right	 33	(-56,	123)	 0.47	 0.04%	

Total	 7	(-162,	175)	 0.94	 0.05%	

Table	11.	Associations	between	SUVR	and	hippocampal	subfield	volume	following	

adjustment	for	gender,	mean-centred	age	at	time	of	scanning	and	mean	centred	TIV.	

Key:	CA	=	Cornu	ammonis;	GCMLDG=	Molecular	and	Granule	Cell	Layers	of	the	Dentate	

Gyrus;	SUVR	=	standard	uptake	value	ratio;	TIV	=	total	intracranial	volume	
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4.3.3 Asymmetrical	subcortical	volume	loss	and	cerebral	Aβ	

deposition	

	

There	 were	 no	 statistically	 significant	 relationships	 between	 Aβ	

status/increasing	 SUVR	 and	 hippocampal	 subfield	 volume	 asymmetry	

although	there	were	trend	associations	observed	in	the	hippocampal	tail,	

CA1	and	subiculum	(again	with	a	trend	for	greater	volume	loss	in	the	left)	

(see	Table	12).		

	

	 Aβ	-ve	 Aβ	+ve	 p	
SUVR	β-
coefficient	
(95%	CI)	

p	

Increase	in	
standard	

error	due	to	
imputed	
SUVR	
values	

CA1	 -0.025	
(0.034)	

-0.031	
(0.043)	 0.26	

-0.051		
(-0.106,	
0.005)	

0.075	 0.03%	

CA2/3	 -0.051	
(0.054)	

-0.055	
(0.059)	 0.59	

-0.010		
(-0.089,	
0.069)	

0.81	 0.04%	

CA4	 -0.023	
(0.034)	

-0.024	
(0.040)	 0.86	

-0.009	
(-0.062,	
0.043)	

0.73	 0.04%	

GCMLDG	 -0.023	
(0.033)	

-0.024	
(0.038)	 0.72	

-0.019	
(-0.068.	
0.031)	

0.46	 0.04%	

Pre-subiculum	 0.033	
(0.047)	

0.030	
(0.051)	 0.61	

-0.041		
(-0.118,	
0.037)	

0.3	 0.03%	

Subiculum	 -0.029	
(0.032)	

-0.008	
(0.041)	 0.31	

-0.059	
(-0.122,	
0.004)	

0.067	 0.02%	

Hippocampal	
tail	

-0.025	
(0.037))	

-0.034	
(0.044)	 0.095	

-0.053		
(-0.11,	
0.002)	

0.058	 0.07%	

Table	12.	Associations	between	Aβ	status	and	hippocampal	subfield	laterality	indices.	

Key:	Aβ	-ve=β-amyloid	negative;	Aβ	+ve=β-amyloid	positive;	Δ=	mean	difference	

following	adjustment	for	gender,	mean-centred	age	at	time	of	scanning	and	mean	

centred	TIV;	SUVR	=	standard	uptake	value	ratio;	TIV	=	total	intracranial	volume	
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4.3.4 The	relationship	between	increasing	age	and	hippocampal	

subfield	volumes		

	

Following	statistical	adjustment	for	Aβ	status,	gender	and	TIV	there	was	

evidence	that	increasing	age	was	associated	with	decreasing	volumetric	

estimates	 in	 CA1	 (left,	 right	 and	 total);	 CA4	 (left,	 right	 and	 total);	

GCMLDG	 (left,	 right	 and	 total)	 and	 subiculum	 (right	 and	 total,	 with	 a	

trend	 association	 evident	 for	 the	 left)	 (see	 Table	 13	 and	 Figure	 31).	

Following	additional	adjustment	for	right	total	hippocampal	volume,	the	

observed	 differences	 in	 right	 CA1	 (p=0.15),	 right	 CA4	 (p=0.28),	 right	

GCMLDG	(p=0.1)	and	right	subiculum	volume	(p=0.38)	were	no	longer	

statistically	 significant.	 Nor	 was	 the	 observed	 association	 between	

increasing	 age	 and	 total	 subiculum	 (p=0.28)	 volume	 following	

adjustment	 for	 total	 hippocampal	 volume.	 However,	 the	 observed	

associations	between	increasing	age	and	total	CA1	(p=0.024)	and	total	

GCMLDG	(p=0.017)	volume	did	remain	significant	following	adjustment	

for	total	hippocampal	volume,	whilst	the	association	between	increasing	

age	and	total	CA4	volume	was	still	evident	at	a	trend	level	(p=0.062).	In	

addition,	the	observed	associations	between	increasing	age	and:	left	CA1	

(p=0.025);	 left	CA4	 (p=0.02);	 and	 left	GCMLDG	 (p=0.01)	 volumes	also	

remained	 significant	 following	 additional	 adjustment	 for	 left	

hippocampal	volume.	
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Association	with	age	

β-coefficient		
(95%	CIs)	

p-value	
Estimated	%	change	

per	year	
(95%	CIs)	

CA1	

Left	 -11	(-19,	-3)	 0.009*	 -1.9%	(-3.2%,	-0.5%)	

Right	 -12	(-21,	-2)	 0.015*	 -1.9%	(-3.4%,	-0.4%)	

Total	 -23	(-39,	-6)	 0.008*	 -1.9%	(-3.3%,	-0.5%)	

CA2/3	

Left	 -3	(-6,	1)	 0.15	 -1.3%	(-3.1%,	0.5%)	

Right	 -3	(-6,	1)	 0.16	 -1.2%	(-2.8%,	0.5%)	

Total	 -5	(-12,	1)	 0.11	 -1.2%	(-2.9%,	0.5%)	

CA4	

Left	 -4	(-7.	-1)	 0.005*	 -1.8%	(-3.0%,	-0.4%)	

Right	 -4	(-7,	-1)	 0.021*	 -1.6%	(-2.8%,	-0.4%)	

Total	 -8	(-14,	-2)	 0.006*	 -1.7%	(-2.9%,	-0.4%)	

GCMLDG	

Left	 -5	(-9,	-2)	 0.002*	 -2.0%	(-3.3%,	-0.7%)	

Right	 -5	(-9,	-2)	 0.007*	 -1.9%	(-3.2%,	-0.7%)	

Total	 -11	(-18,	-4)	 0.002*	 -2.0%	(-3.2%,	-0.7%)	

Pre-
subiculum	

Left	 -3	(-8,	2)	 0.22	 -1.0%	(-2.7%,	0.7%)	

Right	 -4	(-8,	1)	 0.82	 -1.4%	(-2.9%,	0.4%)	

Total	 -7	(-16,	2)	 0.11	 -1.2%	(-2.8%,	0.5%)	

Subiculum	

Left	 -6	(-12,	0)	 0.056	 -1.5%	(-2.9%,	0.0%)	

Right	 -8	(-15,	-1)	 0.02*	 -1.8%	(-3.6%,	-0.2%)	

Total	 -14	(-26,	-2)	 0.026*	 -1.7%	(-3.1%,	-0.2%)	

Hippocampal	
tail	

Left	 -5	(-15,	5)	 0.36	 -0.9%	(-2.9%,	0.9%)	

Right	 0	(-10,	10)	 0.99	 0.0%	(-1.9%,	1.9%)	

Total	 -5	(-23,	14)	 0.63	 -0.5%	(-2.2%,	1.3%)	

Table	13.	Associations	between	increasing	age	and	hippocampal	subfield	volumes.	

Estimated	%	change	per	year	is	expressed	as	the	association	with	age	β-coefficient	

divided	by	the	mean	volume	of	the	whole	sample.	Key:	CA	=	Cornu	ammonis;	Δ=	mean	

difference	following	adjustment	for	Aβ	status,	gender,	and	mean	centred	TIV;	GCMLDG=	

Molecular	and	Granule	Cell	Layers	of	the	Dentate	Gyrus;	TIV	=	total	intracranial	volume.	

	

	



	
140	

	
Figure	31.	Association	between	increasing	age	and	hippocampal	subfield	volume	

following	adjustment	for	age,	gender	and	TIV.	Key:	TIV	=	total	intracranial	volume	
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4.4 Discussion	

	

In	 this	 analysis,	 there	 was	 evidence	 that	 left,	 right	 and	 total	

presubiculum,	 and	 left	 hippocampal	 tail	 volumes,	 were	 lower	 in	 Aβ-

positive	 cognitively	 normal	 Insight	 46	 participants	 compared	 to	 Aβ-

negative	 cognitively	 normal	 Insight	 46	 participants.	 	 Research	 into	

hippocampal	subfield	volumes	in	pre-clinical	populations	previously	has	

been	 limited.	Hsu	 and	 colleagues	 reported	Aβ-associated	decreases	 in	

the	subiculum,	pre-subiculum	and	hippocampal	tail	in	a	small	sample	of	

cognitively	normal	 individuals	(n=74)	(Hsu	et	al.	2015),	 the	pattern	of	

which	is	broadly	consistent	with	the	findings	presented	in	this	analysis.	

However,	the	magnitude	of	these	volume	differences	was	much	greater	

(approximately	10-12%	compared	to	3-4%	in	Insight	46).	A	number	of	

factors	including	smaller	sample	size	and	wide	age	range	(with	a	trend	

for	 the	 Aβ-positive	 to	 be	 older)	 as	 well	 recruitment	 via	 convenience	

sampling	 in	 the	 previous	 study	 may	 account	 for	 these	 discrepancies.	

Furthermore,	 Hsu	 and	 colleagues	 utilized	 a	 previous	 version	 of	

Freesurfer’s	 hippocampal	 subfield	 segmentation	 algorithm,	which	 has	

been	shown	to	be	vulnerable	to	mislabelling	(Wisse	et	al.	2014).		

	

An	 additional	 finding	 in	 this	 analysis	 is	 that	 differences	 between	 Aβ-

positive	 and	 Aβ-negative	 groups	 in	 the	 right	 presubiculum	 survived	

correction	 for	 right	 hippocampal	 volume	 suggesting	 this	 volume	 loss	

may	 be	 above	 and	 beyond	 generalised	 hippocampal	 atrophy	 and	

therefore	 selective	 at	 this	 stage	 of	 pre-clinical	 AD.	 Imaging	 studies	
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focussing	 on	 MCI	 patients	 (Carlesimo	 et	 al.	 2015)	 and	 Aβ-positive	

cognitively	normal	individuals	(Hsu	et	al.	2015),	have	provided	evidence	

that	the	presubiculum	may	be	a	very	early	site	of	atrophy	in	AD.	A	notable	

feature	 of	 the	 presubiculum	 is	 its	 reciprocal	 afferent	 and	 efferent	

connections	with	a	wide	range	of	brain	regions	that	are	vulnerable	to	AD	

pathology	 including:	 the	thalamus,	medial	 temporal	 lobe,	retrosplenial	

cortex,	 posterior	 cingulate	 cortex,	 parietal	 association	 areas	 and	 the	

prefrontal	cortex	(Ding	2013).	This	high	level	of	connectivity	may	make	

it	a	potentially	vulnerable	site	in	pre-clinical	AD.	

	

However,	 one	 recent	 study	 from	 the	 neuropathological	 literature	 has	

recently	 reported	 that	 the	 “presubiculum	 is	 preserved	 from	

neurodegenerative	 changes”	 in	 AD	 (Murray	 et	 al.	 2018).	 The	 main	

finding	 from	Murray	and	colleagues	was	 that	 in	post-mortem	samples	

from	patients	with	sporadic	AD	(n=19)	and	familial	AD	(n=11),	the	extent	

of	 tau	 deposition	 and	 microglial	 activation	 in	 the	 presubiculum	 was	

much	 lower	 than	 another	 medial	 temporal	 lobe	 region	 known	 to	 be	

affected	in	AD	(the	entorhinal	cortex).	Furthermore,	although	there	was	

strong	 evidence	 of	 Aβ	 deposition	 in	 the	 presubiculum,	 detailed	

proteomic	 analysis	 revealed	 that	 Aβ	 species	 in	 the	 entorhinal	 cortex	

exhibited	higher	levels	of	truncation	and	post-translational	modification	

than	the	presubiculum	(Murray	et	al.	2018).	The	 interpretation	by	the	

study	 authors	 was	 that	 these	 results	 supported	 a	 view	 that	 the	

presubiculum	 is	 relatively	protected	 against	 neurodegeneration	 in	AD	

(Murray	et	al.	2018).	However,	comparison	of	neuronal	cell	counts/other	

determinants	of	grey	matter	structure	were	not	reported.	Furthermore,	
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there	was	an	absence	of	a	healthy	control	group,	and	the	study	utilized	

patients	at	the	clinical	end-stage	of	the	disease	making	comparability	to	

Insight	 46,	 which	 has	 a	 focus	 on	 the	 early	 stages	 of	 the	 AD	

pathophysiological	 continuum,	 somewhat	 limited.	 	 It	 is	 possible	 that	

despite	 being	 a	 site	 of	 relatively	 lower	 tau	 deposition	 and	 reduced	

microglial	 activation	 that	 the	 presubiculum	 is	 still	 vulnerable	 to	 AD-

related	grey	matter	atrophy	by	alternative	mechanisms,	such	as	a	direct	

effect	of	Aβ,	or	loss	of	connectivity	with	other	brain	regions	disturbed	by	

AD	 pathology	 (including	 the	 entorhinal	 cortex).	 That	 being	 said,	 the	

anatomical	localisation	of	the	presubiculum	is	likely	to	be	more	accurate	

in	neuropathological	studies	and	mislabelling	in	this	dataset	(and	other	

neuroimaging	studies)	may	also	account	for	this	potentially	discrepant	

finding.	In	particular,	the	subiculum	is	adjacent	to	the	presubiculum,	and	

has	also	been	shown	to	be	an	early	site	of	atrophy	in	AD	(Carlesimo	et	al.	

2015;	Hsu	et	al.	2015;	Tardif	et	al.	2018).		

	

Aβ-associated	findings	in	the	hippocampal	tail	were	restricted	to	the	left	

hemisphere	and	although	not	statistically	significant,	there	was	evidence	

of	 trend	 level	 associations	 between	 the	 laterality	 index	 and	 Aβ	

deposition.	Again,	this	would	be	consistent	with	the	results	presented	in	

chapter	3,	that	the	left	hippocampus	is	involved	at	an	earlier	stage	than	

the	right	in	AD	(Shi	et	al.	2009;	Wachinger	et	al.	2016;	Wachinger	et	al.	

2018;	Barnes	et	al.	2005).	

	

In	a	similar	manner	to	the	associations	observed	between	Aβ-deposition	

and	 whole	 hippocampal	 volume	 (chapter	 3),	 associations	 with	
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continuous	measures	of	Aβ-deposition	(i.e.	cortical	SUVR)	were	limited.	

Again,	it	is	possible	that	the	extent	of	presubiculum	AD	pathology	is	not	

linearly	 related	 to	 cortical	 Aβ-deposition;	 and/or,	 that	 binary	

classification	 captures	 other	 unaccounted	 for	 pathological	 processes.	

One	study	of	cognitively	normal	individuals	with	a	family	history	of	AD	

investigating	 hippocampal	 sub-region	 volumes	 found	 evidence	 of	 Aβ-

associated	subiculum	atrophy,	but	only	in	the	presence	of	abnormal	CSF	

tau	 measurements	 –	 supporting	 the	 hypothesis	 that	 additional	

pathological	step(s)	above	and	beyond	b-amyloid	deposition	alone	are	

required	for	subfield	atrophy	to	take	place	(Tardif	et	al.	2018).		

	

In	 addition	 to	 evidence	 of	 selective	 Aβ-associated	 volume	 loss	 in	 the	

presubiculum,	this	analysis	also	presented	evidence	of	selective	volume	

loss	in	other	hippocampal	subfields	–	CA1,	CA4	and	GCMLDG	–	in	relation	

to	increasing	age.	Consistent	with	the	these	findings,		previous	work	by	

Mueller	and	Weiner	(using	manual	hippocampal	subfield	segmentation	

techniques	 in	 119	 cognitively	 normal	 individuals)	 demonstrated	

selective	subfield	loss	in	normal	ageing,	including	CA1	and	the	dentate	

gyrus	(Mueller	&	Weiner	2009).	Furthermore,	replication	of	results	from	

studies	using	manually	derived	measurements	of	hippocampal	subfield	

volumes	in	an	independent	sample	also	adds	greater	face	validity	to	the	

results	 obtained	 from	 the	 automated	 segmentation	 technique	 used	 in	

this	analysis.	Insight	46	has	the	added	benefit	of	being	able	to	adjust	for	

cerebral	Aβ	deposition	using	 florbetapir	PET	and	 therefore	removes	a	

potential	 confound	 that	 was	 not	 considered	 in	 Mueller	 and	Weiner’s	

work.	The	same	study	reported	an	association	between	increasing	age	
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and	CA3	volume,	which	was	not	observed	 in	 Insight	46.	However,	 the	

current	 Freesurfer	 hippocampal	 segmentation	 protocol	 does	 not	

distinguish	between	CA2	and	CA3	which	may	account	for	that	particular	

discrepancy.	Furthermore,	CA4	volumes	were	not	reported	by	Mueller	

and	Weiner	so	comparisons	regarding	this	sub-region	are	not	possible.		

	

In	 an	 identical	manner	 to	 the	 associations	 observed	between	 age	 and	

hippocampal	 volume	 in	 chapter	 3,	 these	 observations	 may	 be	

confounded	by	the	fact	that	age	at	time	of	scanning	also	reflects	the	order	

in	which	participants	underwent	assessment.	As	previously	detailed,	no	

relationship	between	TIV	and	age	at	time	of	scanning	was	seen	in	this	

dataset	(see	appendix	A),	making	scanner	drift	an	unlikely	explanation	

for	age-related	effects.	Furthermore,	as	was	the	case	in	chapter	3,	these	

relationships	remained	statistically	significant	after	adjusting	for	a	wide	

range	 of	 potential	 confounders	 making	 recruitment	 bias	 an	 unlikely	

explanation	for	the	observed	age-related	effects	(see	appendix	A).		

	

The	hippocampal	subfield	segmentation	algorithm	used	in	this	analysis	

is	 based	 on	 a	 previously	 validated,	 high-resolution	 post-mortem	

template	 (Iglesias	 et	 al.	 2015).	 It	 is	 advantageous	 as	 it	 addresses	

concerns	regarding	previous	versions	of	the	software	(Wisse	et	al.	2014)	

and	is	fully	automated,	eliminating	bias	and	inter-rater	variability	effects,	

which	 may	 confound	 manually-derived	 measures	 of	 subfield	 volume.	

Furthermore,	 it	 is	 publicly	 available,	 which	 increases	 scope	 for	

replication	 and	 comparison	 of	 findings	 between	 studies.	 However,	

precise	 visualisation	 of	 the	 boundaries	 that	 define	 the	 distinct	
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hippocampal	 subfields	 is	 limited	at	 the	 resolution	afforded	by	3	Tesla	

MRI	and	may	limit	accuracy.		

	

A	 potential	 limitation	 of	 this	 chapter	 is	 that	 fact	 that	 formal	multiple	

comparisons	correction	was	not	performed.	However,	this	analysis	was	

largely	 exploratory	 in	 nature,	 and	 sought	 to	 investigate	 relationships	

where	 there	had	been	 limited	 investigation	previously.	 In	 addition,	 to	

what	extent	hippocampal	subfields	are	truly	independent,	and	therefore	

to	what	extent	it	is	valid	to	apply	such	techniques,	although	applied	by	

some	 (Hsu	 et	 al.	 2015),	 has	 been	 questioned	 by	 others	 investigating	

hippocampal	 subfield	 volume	 loss	 (Mak	 et	 al.	 2017).	 In	 addition,	 the	

bilateral	 nature	 of	 some	 of	 the	 findings	 (e.g.	 both	 left	 and	 right	

presubiculum	 volumes	were	 lower	 in	 Aβ-positive	 participants)	 is	 not	

easily	 explained	by	 a	 type	1	 error	 and	provides	 support	 that	 this	 is	 a	

“true”	biological	finding.		

	

Future	 work	 that	 may	 address	 unanswered	 questions	 raised	 by	 this	

analysis,	include	larger	scale	post-mortem	studies	(including	those	with	

peri-mortem	imaging	data)	in	cognitively	normal	older	adults,	as	well	as	

reporting	 data	 relevant	 to	 grey	 matter	 structure	 (e.g.	 neuronal	 cell	

counts	 and	 dendritic/synaptic	 density).	 From	 an	 imaging	 perspective,	

integration	of	in	vivo	markers	of	tau	deposition	(Johnson	et	al.	2016)	and	

microglia	 activation	 (Fan	 et	 al.	 2017),	 as	 well	 as	 higher	 resolution	

structural	 MRI	 (e.g.	 at	 	 7	 Tesla	 (Blanken	 et	 al.	 2017)),	 connectome	

imaging	(Shi	&	Toga	2017)	and	longitudinal	analysis	(Iglesias	et	al.	2016)	

are	also	likely	to	provide	further	insights.	
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A	 further	 focus	 for	 future	 work	 is	 to	 establish	 the	 extent	 to	 which	

hippocampal	subfield	volumes	are	related	to	specific	cognitive	functions	

in	the	context	of	ageing	and	AD	pathology.	The	precise	functional	role	of	

many	subfields	is	unclear,	but	there	is	evidence	from	studies	of	younger	

healthy	 individuals	 that	 specific	 subfields	 play	 different	 and	 specific	

roles	 in	 episodic	 memory	 functioning.	 For	 example,	 CA1	 has	 been	

implicated	in	context	dependent	memory	retrieval	(Dimsdale-Zucker	et	

al.	2018),	whilst	CA2/3	have	been	shown	to	specifically	support	pattern	

separation	 (Bakker	 et	 al.	 2008)	 and	 precision	 of	 memory	 recall	

(Chadwick	et	al.	2014).	Cognitive	tests	designed	to	capture	these	precise	

functions	 might	 offer	 insight	 into	 subfield	 mediation	 of	 memory	

subcomponents.	
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4.5 Conclusion	

	

Overall,	the	data	in	this	chapter	provide	evidence	of	differential	selective	

volume	loss	related	to	Aβ	deposition	(presubiculum)	and	ageing	(CA1,	

CA4	 and	 GCMLDG).	 These	 findings	which	 support	 those	 in	 Chapter	 3	

provide	further	evidence	for	differential	effect	of	ageing	and	b-amyloid	

pathology	on	brain	structure,	and	suggest	that	 investigating	individual	

hippocampal	subfields	provides	biologically	relevant	information	above	

and	beyond	total	hippocampal	volume	alone	in	the	context	of	both	ageing	

and	disease.		
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5 Chapter	5:	Subcortical	grey	matter	volume	loss	

in	Insight	46	-	beyond	the	hippocampus		

	

5.1 Introduction	

	

In	chapters	3	and	4	evidence	has	been	presented	that	increasing	age	and	

Aβ	 deposition	 are	 associated	 with	 different	 patterns	 of	 grey	 matter	

volume	loss	in	the	hippocampus	and	its	constituent	subfields.	However,	

as	highlighted	in	the	introduction,	established	AD	is	not	only	associated	

with	hippocampal	atrophy,	but	also	volume	loss	in	other	subcortical	grey	

matter	regions	(e.g.	amygdala,	thalamus,	caudate,	putamen	and	nucleus	

accumbens	(Liu	et	al.	2010;	Yi	et	al.	2016;	Madsen	et	al.	2010;	Dukart	et	

al.	 2013;	H.	 Zhao	 et	 al.	 2015;	 Poulin	 et	 al.	 2011)).	However,	 evidence	

assessing	 volumetric	 change	 in	 these	 regions	 during	 the	 pre-clinical	

phase	 of	 late-onset	 sporadic	 AD	 is	 limited	 (Tentolouris-Piperas	 et	 al.	

2017).		

	

Using	a	similar	statistical	approach	to	chapters	3	and	4	the	specific	aims	

of	this	chapter	are	to:	

	

1) Investigate	the	hypothesis	that	subcortical	grey	matter	volumes	

other	than	the	hippocampus	including	the	thalamus,	amygdala,	

caudate,	putamen	and	nucleus	accumbens	are	related	to	Aβ-

deposition	in	cognitively	normal	older	adults	
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2) Investigate	the	hypothesis	that	Aβ-associated	grey	matter	

volume	loss	in	other	subcortical	grey	matter	regions	is	

asymmetrical	

3) Investigate	the	hypothesis	that	other	subcortical	grey	matter	

region	volumes	are	related	to	increasing	age	independent	of	Aβ	

status	
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5.2 Methods	

	

5.2.1 Participants	

	

The	cognitively	normal	sub-sample	with	both	Aβ	PET	and	structural	MRI	

data	 (n=412)	was	utilized	 for	 analyses	 in	 this	 chapter	 as	described	 in	

Figure	24	and	section	2.13	and	was	characterised	as	per	the	statistical	

methodology	set	out	in	section	2.15.	

	

5.2.2 Sub-cortical	grey	matter	volume	estimation	

	

Automated	 estimation	 of	 the	 volumes	 of	 the	 thalamus,	 amygdala,	

caudate,	putamen	and	nucleus	accumbens	was	performed	using	the	GIF	

algorithm.	The	GIF	algorithm	utilizes	a	novel	framework	that	propagates	

voxel	wise	annotations	between	morphologically	dissimilar	 images	by	

diffusing	 and	 mapping	 between	 intermediate	 steps	 leading	 to	 brain	

extraction,	 tissue	 segmentation	 and	 parcellation	 of	 T1-weighted	

volumetric	MRI	 images.	 It	was	 selected	 as	 it	 has	 been	 shown	 to	 have	

improvements	 in	accuracy	compared	 to	contemporary	 techniques	and	

has	been	shown	to	perform	well	in	the	presence	of	neuropathology	(see	

Figure	32)	(Cardoso	et	al.	2015).			
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Figure	32.	Example	of	the	GIF	parcellation	in	Insight	46	(Lane	et	al.	2017)	-	reproduced	

and	modified	via	Creative	Commons	Attribution	License	
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5.2.3 Statistical	approach	

	

5.2.3.1 Associations	between	volumetric	estimates	and	cerebral	Aβ	

deposition	

	

To	 investigate	 group	 differences	 in	 subcortical	 ROI	 volumes,	 linear	

regression	analyses	comparing	mean	volume	between	Aβ-positive	and	

Aβ-negative	 groups	 after	 adjustment	 for	 age,	 gender	 and	 TIV	 were	

performed.	 Linear	 regression	 models	 were	 also	 performed	 to	 test	

associations	 between	 increasing	 SUVR	 and	 subcortical	 ROI	 volumes	

following	 adjustment	 for	 age,	 gender	 and	TIV.	 In	order	 to	 explore	 the	

potential	 impact	 of	 using	 imputed	 SUVR	 values,	 multiple	 imputation	

modelling	in	the	context	of	the	whole	statistical	model	was	performed	

for	each	ROI-based	analysis	performed.	

	

5.2.3.2 Association	between	volumetric	estimates	and	age	

	

Linear	 regression	 models	 (with	 robust	 standard	 errors	 to	 allow	 for	

heteroscedasticity)	were	used	 to	 investigate	 the	 associations	between	

subcortical	 grey	 matter	 volumes	 and	 age,	 following	 adjustment	 for	

gender,	TIV	and	Aβ	status.		

	

	



	
154	

5.3 Results	

	

5.3.1 Demographics,	clinical	and	cognitive	characteristics	

	

As	was	the	case	in	chapter	4,	this	analysis	utilized	the	exact	same	sub-

sample	as	originally	detailed	in	chapter	3	and	consequently	the	results	

were	identical	to	those	described	in	section	3.3.1.	

	

5.3.2 The	relationship	between	cerebral	Aβ	deposition	and	subcortical	

grey	matter	volumes		

	

There	was	evidence	that	volumes	of	the	left	and	total	thalamus,	as	well	

as	left	amygdala,	were	lower	in	Aβ-positive	participants	compared	to	Aβ-

negative	 participants.	 The	 remainder	 of	 the	 volumes	 investigated	

demonstrated	no	statistically	significant	differences,	although	there	was	

evidence	that	right	thalamus	and	total	amygdala	volumes	were	lower	in	

Aβ-positive	participants	compared	to	Aβ-negative	participants	at	a	trend	

level	of	significance	(see	Table	14	and	Figure	33).		

	

There	was	no	evidence	of	a	relationship	between	increasing	SUVR	and	

any	subcortical	grey	matter	volumes	investigated	(see	Table	15).	Use	of	

imputed	SUVR	values	made	no	material	difference	to	the	results	obtained	

with	very	low	increases	in	standard	error	following	multiple	imputation	

modelling	(0.02-0.07%).		
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In	 terms	 of	 other	 subcortical	 grey	 matter	 volumes,	 there	 were	 no	

statistically	significant	relationships	between	Aβ	status/increasing	SUVR	

and	laterality	indices,	although	there	were	trend	associations	observed	

in	the	thalamus	and	amygdala	with	a	trend	for	greater	volume	loss	in	the	

left	hemisphere	compared	to	the	right	hemisphere	(see	Table	16).		

	

	

Figure	33.	Bar	chart	showing	associations	between	Aβ	status	and	amygdala/thalamus	

volumes	following	adjustment	for	age,	gender	and	TIV.	Key:	TIV	=	total	intracranial	

volume	
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Aβ	-ve	
mean	
volume	
mm3	(SD)	

Aβ	+ve	
mean	
volume	
mm3	(SD)	

Δ	Aβ-ve	cf.	
Aβ+ve	
(95%	CI)	

%	Δ	†	 p-value	

Thalamus	

Left	 5724	
(456)	

5670	
(517)	

-120		
(-215,	-25)	 2%	 0.013*	

Right	 5768	
(476)	

5751	
(527)	

-89		
(-180,	0)	 2%	 0.057	

Total	 11492	
(919)	

11421	
(1032)	

-209		
(-392,	-26)	 2%	 0.025*	

Amygdala	

Left	 1690	
(199)	

1676	
(199)	

-42		
(-76,	-8)	 3%	 0.016*	

Right	 1681	
(181)	

1694	
(195)	

-11		
(-45,	22)	 1%	 0.51	

Total	 3371	
(363)	

3371	
(375)	

-53		
(-114,	7)	 2%	 0.083	

Caudate	

Left	 3380	
(471)	

3417	
(523)	

-12		
(-119,	95)	 0%	 0.82	

Right	 3617	
(537)	

3635	
(557)	

-36		
(-153,	81)	 1%	 0.55	

Total	 6997	
(984)	

7051	
(1058)	

-48		
(-266,	170)	 1%	 0.66	

Putamen	

Left	 4303	
(425)	

4304	
(444)	

-51		
(-139,	37)	 1%	 0.26	

Right	 4333	
(448)	

4352	
(468)	

-34		
(-129,	61)	 1%	 0.49	

Total	 8636	
(860)	

8656	
(901)	

-85		
(-265,	95)	 1%	 0.35	

Nucleus	
Accumbens	

Left	 553		
(66)	

556		
(68)	

-5		
(-18,	8)	 1%	 0.45	

Right	 540		
(67)	

544	
(69)	

-5		
(-28,	9)	 1%	 0.48	

Total	 1093	
(129)	

1100	
(132)	

-10		
(-35,	15)	 1%	 0.44	

Table	14.	Associations	between	Aβ	status	and	subcortical	grey	matter	volumes.	Key:	Aβ	-

ve=β-amyloid	negative;	Aβ	+ve=β-amyloid	positive;	Δ=	mean	difference	following	

adjustment	for	gender,	mean-centred	age	at	time	of	scanning	and	mean	centred	TIV;	TIV	

=	total	intracranial	volume;	†	Δ	expressed	as	percentage	of	unadjusted	mean	volume	of	

Aβ	-ve	population;	*p<0.05	
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	 	 SUVR	β-coefficient	
(95%	CI)	 p-value	 Increase	in	standard	error	due	

to	imputed	SUVR	values	

Thalamus	

Left	 -247	(-766,	273)	 0.35	 0.04%	

Right	 -105	(-609,	398)	 0.68	 0.04%	

Total	 -352	(-1351,	646)	 0.49	 0.04%	

Amygdala	

Left	 -118	(-307,	71)	 0.22	 0.04%	

Right	 51	(-124,	227)	 0.57	 0.06%	

Total	 -66	(-384,	253)	 0.68	 0.05%	

Caudate	

Left	 153	(-369,	676)	 0.56	 0.07%	

Right	 122	(-426,	670)	 0.66	 0.07%	

Total	 275	(-763,	1313)	 0.60	 0.07%	

Putamen	

Left	 11	(-508,	486)	 0.97	 0.06%	

Right	 42	(-471,	555)	 0.87	 0.07%	

Total	 32	(-965,	1028)	 0.95	 0.07%	

Nucleus	
Accumbens	

Left	 -35	(-105,	34)	 0.32	 0.04%	

Right	 -8	(-81,	65)	 0.82	 0.02%	

Total	 -44	(-179,	91)	 0.52	 0.03%	
Table	15.	Associations	between	SUVR	and	subcortical	volumes	following	adjustment	for	

gender,	mean-centred	age	at	time	of	scanning	and	mean	centred	TIV.	Key:	SUVR	=	

standard	uptake	value	ratio;	TIV	=	total	intracranial	volume	

	

	 Aβ	-ve	 Aβ	+ve	 p	
SUVR	β-
coefficient	
(95%	CI)	

p	

Increase	in	
standard	

error	due	to	
imputed	
SUVR	
values	

Thalamus	 -0.004	
(0.014)	

-0.007	
(0.013)	 0.085	 -0.013	

(-0.033,	007)	 0.19	 0.10%	

Amygdala	 0.002	
(0.034)	

-0.006	
(0.037)	 0.056	 -0.049		

(-0.104,	0.005)	 0.076	 0.04%	

Caudate	 -0.033	
(0.026)	

-0.031	
(0.028)	 0.5	 0.001	

(-0.034,	0.036)	 0.95	 0.05%	

Putamen	 -0.003	
(0.017)	

-0.005	
(0.015)	 0.33	 -0.006		

(-0.025,	0.012)	 0.51	 0.10%	

Nucleus	
Accumbens	

0.012	
(0.032)	

0.011	
(0.032)	 0.99	 -0.027		

(-0.071,	0.017)	 0.23	 0.03%	

Table	16.	Associations	between	Aβ	status	and	subcortical	grey	matter	symmetry.	Key:	Aβ	

-ve=β-amyloid	negative;	Aβ	+ve=β-amyloid	positive;	Δ=	mean	difference	following	

adjustment	for	gender,	mean-centred	age	at	time	of	scanning	and	mean	centred	TIV;	

SUVR	=	standard	uptake	value	ratio;	TIV	=	total	intracranial	volume	
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5.3.3 The	relationship	between	increasing	age	and	subcortical	grey	

matter	volumes	

	

Following	statistical	adjustment	for	Aβ	status,	gender	and	TIV	there	was	

evidence	that	increasing	age	was	associated	with	decreasing	grey	matter	

volume	in	the	amygdala	(see	Figure	34).	None	of	the	other	subcortical	

grey	 matter	 ROIs	 demonstrated	 a	 statistically	 significant	 association	

with	age	at	time	of	scanning	(see	Table	17	for	full	results).	

	

	
Figure	34.	Association	between	increasing	age	and	amygdala	volume	following	

adjustment	for	age,	gender	and	TIV.	Key:	TIV	=	total	intracranial	volume	
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	 	 Association	with	age	
β-coefficient	(95%	CIs)	 p-value	 Estimated	%	change	

per	year	(95%	CIs)	

Thalamus	

Left	 -28	(-79,	22)	 0.28	 -0.5%	(-1.4%,	0.4%)	

Right	 -40	(-90,	9)	 0.11	 -0.7%	(-1.6%,	0.2%)	

Total	 -69	(-166,	29)	 0.17	 -0.6%	(-1.5%,	0.3%)	

Amygdala	

Left	 -39	(-60,	-19)	 <0.001*	 -2.3%	(-3.6%,	-1.1%)		

Right	 -32	(-51,	-12)	 0.001*	 -1.9%	(-3.0%,	-0.7%)	

Total	 -71	(-108,	-34)	 <0.001*	 -2.1%	(-3.3%,	-0.9%)	

Caudate	

Left	 30	(-30,	88)	 0.33	 0.9%	(-0.9%,	2.6%)	

Right	 24	(-42,	91)	 0.48	 0.6%	(-1.2%,	2.5%)	

Total	 54	(-69,	176)	 0.39	 0.8%	(-1.0%,	2.5%)	

Putamen	

Left	 -27	(-77,	23)	 0.29	 -0.6%	(-1.8%,	0.5%)	

Right	 -38	(-88,	13)	 0.14	 -0.9%	(-2.0%,	0.3%)	

Total	 -64	(-163,	34)	 0.2	 -0.7%	(-1.9%,	0.4%)	

Nucleus	
Accumbens	

Left	 3	(-4,	10)	 0.4	 0.1%	(-0.7%,	1.8%)	

Right	 3	(-5,	10)	 0.42	 0.1%	(-0.9%,	1.8%)	

Total	 6	(-8,	20)	 0.38	 0.1%	(-0.7%,	1.8%)	

Table	17.	Associations	between	increasing	age	and	subcortical	grey	matter	volumes.	

Estimated	%	change	per	year	is	expressed	as	the	association	with	age	β-coefficient	

divided	by	the	mean	volume	of	the	whole	sample.	Key:	Δ=	mean	difference	following	

adjustment	for	Aβ	status,	gender,	and	mean	centred	TIV;	TIV	=	total	intracranial	

volume;	*p<0.05	
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5.4 Discussion	

	

Beyond	 the	 hippocampus,	 in	 Insight	 46	 there	 was	 evidence	 for	 grey	

matter	volume	loss	in	both	the	thalamus	and	the	amygdala	in	Aβ-positive	

compared	 to	 Aβ-negative	 cognitively	 normal	 participants.	 Evidence	

assessing	volumetric	change	 in	subcortical	grey	matter	regions	during	

the	 pre-clinical	 phase	 of	 sporadic	 AD	 has	 been	 limited	 (Tentolouris-

Piperas	 et	 al.	 2017).	 However,	 there	 is	 evidence	 for	 atrophy	 of	 the	

amygdala	and	thalamus	in	AD	once	symptoms	have	emerged	(Liu	et	al.	

2010;	Yi	et	al.	2016;	Madsen	et	al.	2010;	Dukart	et	al.	2013;	H.	Zhao	et	al.	

2015;	Poulin	et	al.	2011),	as	well	as	evidence	of	lower	thalamic	volumes	

in	 asymptomatic	 individuals	 carrying	 autosomal	 dominantly	 inherited	

mutations	that	cause	AD	(Lee	et	al.	2012;	Ryan	et	al.	2013),	suggesting	

these	 findings	 are	 biologically	 plausible.	 Furthermore,	 from	 a	

neuropathological	 standpoint,	 both	 structures	 are	 associated	with	 tau	

deposition	and	neuronal	 loss	 in	AD,	again	supporting	the	notion	these	

regions	may	be	prominent	sights	of	atrophy	(Scott	et	al.	1991;	Scott	et	al.	

1992;	Braak	&	Braak	1991;	Xuereb	et	al.	1991).	

	

Aβ-associated	 findings	 in	 the	 amygdala	 were	 restricted	 to	 the	 left	

hemisphere	and	although	not	statistically	significant,	there	was	evidence	

of	 trend	 level	 associations	 between	 the	 laterality	 index	 and	 Aβ	

deposition.	This	is	consistent	with	recent	literature	revealing	evidence,	

that	in	addition	to	the	hippocampus,	the	amygdala	may	also	demonstrate	
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subtle	 asymmetrical	 structural	 change	 in	 AD	 (Wachinger	 et	 al.	 2016;	

Wachinger	et	al.	2018).	

	

In	the	familial	AD	literature	there	is	also	evidence	that	changes	in	caudate	

and	putamen	volume	occur	prior	to	symptoms	(Lee	et	al.	2012;	Ryan	et	

al.	 2013;	 Fortea	 et	 al.	 2010).	 By	 contrast,	 in	 this	 large	 sample	 of	

cognitively	 normal	 older	 adults,	 cerebral	 Aβ	 deposition	 was	 not	

associated	with	volumetric	differences	in	these	regions	suggesting	that	

they	may	 not	 be	 prominent	 sites	 of	 volume	 loss	 at	 this	 stage	 of	 pre-

clinical	sporadic	late-onset	AD.	Familial	AD	is	more	likely	to	present	with	

motor	symptoms	at	an	earlier	stage	(Ryan	et	al.	2016)	and	it	is	possible	

that	 the	 volumetric	 changes	 observed	 in	 these	 regions,	 which	 are	

important	in	terms	of	motor	function,	may	be	a	reflection	of	this.	Insight	

46	involves	detailed	motor	assessment	(Lane	et	al.	2017)	and	a	focus	for	

future	 work	 will	 be	 to	 investigate	 the	 relationship	 between	 motor	

function	and	grey	matter	structure,	as	well	as	exploring	to	what	extent	

AD	pathology	influences	these	relationships.			

	

In	a	similar	manner	to	the	associations	observed	between	Aβ-deposition	

and	 hippocampal/hippocampal	 subfield	 volume	 (chapter	 3	 and	 4),	

associations	with	cortical	SUVR	were	limited.	Again,	it	is	possible	that	the	

extent	of	subcortical	AD	pathology	is	not	linearly	related	to	cortical	Aβ-

deposition	and	binary	classification	may	capture	other	unaccounted	for	

pathological	processes.	Specifically	relevant	 to	subcortical	grey	matter	

regions,	 three	 stage	 modelling	 approaches	 have	 been	 utilised	 that	

demonstrate	 Aβ	 deposition	 occurs	 first	 in	 cortical	 regions	 and	 then	
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spreads	to	the	putamen,	caudate	nucleus,	and	amygdala	(Cho	et	al.	2018).	

Furthermore,	Aβ	accumulation	in	these	subcortical	regions	was	found	to	

predict	longitudinal	cognitive	decline.		It	is	possible	that	Aβ	accumulation	

in	these	subcortical	regions	is	more	relevant	to	subcortical	volume	loss	

than	the	extent	of	cortical	deposition	and	is	an	interesting	area	of	future	

study.	Furthermore,	equating	this	with	in	vivo	measures	of	tau	deposition	

using	 radiotracers	 designed	 to	 bind	 tau-containing	 neurofibrillary	

tangles	will	also	be	of	interest	(Johnson	et	al.	2016).	

	

In	terms	of	ageing	effects	there	was	strong	evidence	of	volume	loss	in	the	

amygdala	associated	with	increasing	age.	In	an	identical	manner	to	the	

associations	 observed	 between	 age	 and	 hippocampal/hippocampal	

subfield	 volumes	 in	 chapter	 3	 and	 4,	 these	 observations	 may	 be	

confounded	by	the	fact	that	age	at	time	of	scanning	also	reflects	the	order	

in	 which	 participants	 underwent	 assessment.	 As	 previously	 noted	

scanner	 drift	 has	 been	 excluded	 as	 an	 explanation	 for	 these	 effects.	

Furthermore,	 as	 was	 the	 case	 when	 considering	

hippocampal/hippocampal	subfield	volumes,	this	relationship	remained	

statistically	 significant,	 when	 adjusting	 for	 a	 wide	 range	 of	 potential	

confounders	making	 recruitment	bias	an	unlikely	explanation	 for	age-

related	effects	(See	Appendix	A).		

	

Compared	 to	 the	 hippocampal	 atrophy	 rates,	 detailed	 literature	

investigating	 atrophy	 rates	 associated	 with	 normal	 ageing	 in	 the	

amygdala	 is	 limited.	 However,	 given	 the	 lack	 of	 an	 association	 in	 the	

other	 subcortical	 ROIs,	 the	 data	 presented	 in	 this	 chapter,	 as	 well	 as	
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chapter	 3	 and	 4,	 suggest	 that	 medial	 temporal	 lobe	 structures	 are	

particularly	 sensitive	 area	 to	 volume	 loss	 with	 increasing	 age	 in	

cognitively	 normal	 older	 adults.	 This	 would	 be	 consistent	 with	 the	

finding	that	primary	age-related	tauopathy,	a	pathological	entity	where	

age-related	neurofibrillary	tangle	deposition	is	observed	in	the	absence	

of	 Aβ	 deposition,	 is	 largely	 restricted	 to	medical	 temporal	 lobe	 areas	

(Crary	et	al.	2014).	

	

As	was	 the	case	 for	chapter	3	and	4,	 the	very	narrow	age	range,	 large	

sample	size	and	the	fact	 that	both	Aβ	PET	imaging	and	structural	MRI	

data	were	collected	at	the	same	time	are	strengths	of	this	analysis.	 	 In	

terms	of	limitations,	unlike	the	hippocampus,	extensive	study	validating	

automated	 segmentation	 tools	 and	 how	 they	 compare	 to	 manually	

derived	measures	for	other	subcortical	grey	matter	regions	(Pini	et	al.	

2016;	Cardoso	et	al.	2013)	is	relatively	limited.	The	GIF	parcellation	was	

selected	as	 it	has	been	shown	to	be	a	reliable	parcellation	tool,	having	

demonstrated	 highly	 statistically	 significant	 improvements	 when	

compared	 to	 other	 state-of-the-art	 segmentation	 methodologies	

(Cardoso	 et	 al.	 2015).	 Furthermore,	 although	 considered	 “gold-

standard”,	 when	 investigating	 a	 wide	 range	 of	 subcortical	 regions	 in	

large	 datasets,	 as	 was	 the	 case	 in	 this	 analysis,	 manually	 derived	

measurements	are	unlikely	to	be	practical.		

	

Just	 like	 the	hippocampus,	both	 the	amygdala	and	 thalamus	represent	

grey	 matter	 regions	 with	 anatomically	 and	 functionally	 distinct	 sub-

regions.	Similar	methodologies	for	automated	sub-segmentation	of	both	
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the	amygdala	(Saygin	et	al.	2017)	and	thalamus	(Iglesias	et	al.	2018)	have	

been	recently	developed,	and	application	of	,	as	well	as	further	validation	

of	these	techniques,	may	provide	insights	into	whether	selective	atrophy	

of	individual	sub-regions	of	the	thalamus	and	amygdala	are	associated	

with	Aβ	deposition	in	cognitively	normal	adults.	

	

Again,	the	cross-sectional	nature	of	the	data	in	this	chapter	is	a	limitation	

and	longitudinal	data	focusing	on	volume	changes	in	the	thalamus	and	

amygdala	throughout	the	course	of	the	pre-clinical	phase	of	AD,	and	how	

these	 regional	 volumes	 and	 atrophy	 rates	 relate	 to	 cognition	 and	

cognitive	decline	will	also	be	of	importance.	
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5.5 Conclusion	

	

The	data	in	this	chapter	presents	evidence	that	subcortical	grey	matter	

volume	 loss	 in	 the	 thalamus	 and	 amygdala	 is	 associated	 with	 Aβ	

deposition,	 whilst	 amygdala	 volume	 also	 demonstrated	 a	 strong	

relationship	with	increasing	age	(independent	of	Aβ	deposition).	Overall,	

this	 supports	 a	 view	 that	 subcortical	 grey	 matter	 volume	 loss	 is	 not	

restricted	 to	 the	 hippocampus	 in	 the	 early	 stages	 of	 the	

pathophysiological	continuum	of	AD	and	further	study	of	atrophy	across	

subcortical	grey	matter	is	warranted.	
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6 Chapter	6:	Cortical	microstructure	in	young	

onset	Alzheimer’s	disease	using	NODDI	–	a	

proof	of	concept	study	

	

6.1 Introduction	

	

So	far,	 this	thesis	has	 focussed	on	subcortical	grey	matter	volume	loss	

associated	 with	 cerebral	 Aβ	 deposition	 in	 cognitively	 healthy	 older	

adults.	

	

Beyond	 the	 subcortical	 grey	 matter,	 the	 cerebral	 cortex	 represents	 a	

major	area	of	neuropathological	change	in	AD	and	an	extensive	body	of	

literature	 utilizing	 volumetric	 T1-weighted	 MRI	 has	 highlighted	 that	

widespread	cortical	atrophy	occurs	in	multiple	brain	regions	affected	by	

AD	pathology	(Dickerson	et	al.	2001;	Fox	et	al.	2001;	Thompson	et	al.	

2003;	 Lerch	 et	 al.	 2004;	 Singh	 et	 al.	 2006;	 Apostolova	 et	 al.	 2007;	

Whitwell	et	al.	2008;	Dickerson	et	al.	2009;	Frisoni	et	al.	2009;	Bourgeat	

et	al.	2010;	Becker	et	al.	2011;	Prestia	et	al.	2011;	Chetelat	et	al.	2012;	

Whitwell	et	al.	2013;	Jack	et	al.	2015;	Harper	et	al.	2017;	LaPoint	et	al.	

2017;	Xia	et	al.	2017).		

	

In	 addition	 to	macrostructural	measures	 of	 grey	matter,	 there	 is	 also	

considerable	interest	in	quantifying	microstructural	alterations	in	grey	

matter	associated	with	AD,	as	decreased	dendritic	arborisation,	loss	of	
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dendritic	 spines	 and	 loss	 of	 synapses	 have	 been	 all	 been	 observed	 in	

neuropathological	studies	of	AD	and	have	been	shown	to	be	associated	

with	cognitive	deficits	(Davies	et	al.	1987;	Masliah	et	al.	1989;	DeKosky	

&	Scheff	1990;	Terry	et	al.	1991;	Scheff	&	Price	1993;	Scheff	et	al.	2006;	

Scheff	et	al.	2007;	Baloyannis	et	al.	2011;	Scheff	et	al.	2011).	However,	

research	into	imaging	techniques	that	have	the	potential	to	identify	these	

AD-related	changes	in	cortical	microstructure	in	vivo	has	been	relatively	

limited.	Advanced	diffusion	MRI	analysis	techniques	such	as	NODDI	have	

been	applied	to	white	matter	in	AD	(Slattery	et	al.	2017),	but	there	have	

been	little	attempts	to	apply	NODDI	to	grey	matter	in	AD.		

	

Widely-used	 surface-based	 analysis	 techniques	 of	 structural	 MRI,	 not	

only	enables	delineation	of	the	cortical	ribbon	and	estimates	of	cortical	

thickness,	but	it	also,	after	image	registration,	represents	an	opportunity	

to	sample	voxel	values	from	other	imaging	modalities	(e.g.	diffusion	MRI)	

at	 the	 cortical	midpoint.	 This	 is	 important	 in	 the	 context	 of	 diffusion	

imaging	studies,	as	it	reduces	the	risk	of	partial	volume	effects	and	is	now	

becoming	a	commonly	applied	methodology	for	investigating	diffusion	

MRI	metrics	in	the	cortical	grey	matter	(Montal	et	al.	2017;	Fukutomi	et	

al.	2018;	Granberg	et	al.	2017;	Genç	et	al.	2018).	This	chapter	details	a	

proof	of	concept	analysis	using	a	cross-sectional,	surface-based	approach	

to	 estimate	 macrostructural	 (cortical	 thickness)	 and	 microstructural	

(cortical	NODDI	metrics)	in	a	population	of	patients	with	young	onset	AD	

(YOAD	-	defined	as	symptom	onset	<	65	years),	as	well	as	age-matched	

healthy	controls.	
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Within	the	wide	clinical	spectrum	of	AD,	YOAD	represents	an	interesting	

and	relatively	understudied	patient	group.	Although	less	prevalent	than	

in	older	age	ranges,	AD	represents	the	most	common	cause	of	dementia	

before	 the	 age	 of	 65	 (Harvey	 et	 al.	 2003)	 and	 often	 poses	 a	 difficult	

diagnostic	challenge	(Rossor	et	al.	2010).	An	advantage	of	studying	such	

patients	 is	 they	 often	 have	 fewer	 age-related	 co-morbidities	 than	

patients	 with	 later	 onset	 disease,	 where	 co-existing	 pathologies	 can	

confound	analyses	of	brain	 structure.	 Studies	 specifically	 focussing	on	

grey	matter	atrophy	in	YOAD	have	revealed	extensive	cortical	atrophy	

compared	to	healthy	controls	(Ishii	et	al.	2005;	Frisoni	et	al.	2007;	Möller	

et	 al.	 2013;	 Cho	 et	 al.	 2013;	 Ossenkoppele,	 Cohn-Sheehy,	 et	 al.	 2015;	

Harper	et	al.	2017;	Fiford	et	al.	2018).	Similarly,	recent	data	from	tau	PET	

imaging	studies	have	provided	evidence	of	diffuse	neurofibrillary	tangle	

deposition	 in	 the	 cerebral	 cortex	 in	YOAD	(Ossenkoppele	et	 al.	2016).	

However,	 data	 relevant	 to	 alterations	 in	 cortical	 microstructure	 is	

limited.	

	

The	 overarching	 aim	 of	 this	 analysis	 is	 to	 establish	 whether	 cortical	

NODDI	metrics	can	provide	information	relevant	to	AD	and	in	doing	so	

present	 a	 prima	 facie	 case	 for	 applying	 cortical	 NODDI	 metrics	 to	

populations	with	evidence	of	pre-clinical	AD	(i.e.	the	Insight	46	cohort).		

	

The	specific	aims	of	this	chapter	are	to:	

	

1) Develop	a	surface-based	cortical	grey	matter	analysis	pipeline	to	

derive	cortical	NODDI	metrics		
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2) Test	the	hypothesis	that	differences	in	NODDI	metrics	mirror	

patterns	of	macroscopic	atrophy	in	regions	known	to	undergo	

AD-related	pathological	change	

3) Test	the	hypothesis	that	NODDI	metrics	provide	distinct	

information	regarding	AD-related	pathology	above	and	beyond	

measures	of	cortical	thickness	

4) Test	the	hypothesis	that	cortical	NODDI	metrics	are	associated	

with	MMSE	score	(an	indicator	of	disease	severity)	
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6.2 Methods	

	

6.2.1 Participants	

	

A	 total	 of	 45	 patients	 meeting	 consensus	 criteria	 for	 probable	 AD	

(McKhann	 et	 al.	 2011)	 with	 symptom	 onset	 less	 than	 65	 years	 were	

recruited	prospectively	 from	2013	 to	2015	 from	a	 specialist	 cognitive	

disorders	clinic	(Slattery	et	al.	2017;	Parker	et	al.	2018).	All	participants	

underwent	detailed	clinical	and	cognitive	assessment.	Data	used	for	the	

purposes	 of	 these	 analyses	 included:	 age;	 gender;	 years	 of	 education;	

documentation	 of	 the	 age	 at	 symptom	 onset;	 presenting	 cognitive	

symptom	 and	 MMSE	 score	 (Folstein	 et	 al.	 1975).	 Twenty-four	

participants	 with	 no	 history	 of	 cognitive	 concerns	 were	 recruited	 as	

healthy	controls	matched	for	age	and	gender	and	were	predominantly	

spouses	of	 the	YOAD	patients.	Ethical	approval	was	obtained	from	the	

National	 Hospital	 for	 Neurology	 and	 Neurosurgery	 Research	 Ethics	

Committee	 and	 written	 informed	 consent	 was	 obtained	 from	 all	 the	

participants.		

	

	

6.2.2 MRI	Acquisition	

	

All	 participants	 were	 scanned	 on	 the	 same	 Siemens	 Magnetom	 Trio	

(Siemens,	Erlangen,	Germany)	3	Tesla	MRI	scanner	using	a	32-channel	

phased	 array	 receiver	 head	 coil.	 Sequences	 utilized	 for	 this	 analysis	
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included	sagittal	3D	MPRAGE	T1-weighted	volumetric	MRI	(TE/TI/TR	=	

2.9/900/2200	ms,	matrix	size	256	x	256	x	208,	voxel	size	1.1	x	1.1	x	1.1	

mm3),	B0	field	mapping	(TE1,2/TR	=	4.92,7.38/688	ms,	matrix	size	64	x	

64	x	55,	voxel	size	3		x	3	x	3	mm3),	and	a	three	shell	diffusion	sequence	

optimized	 for	 NODDI	 processing	 (Slattery	 et	 al.	 2017)	 (64,	 32,	 and	 8	

diffusion-weighted	 directions	 at	 b	 =	 2000,	 700,	 and	 300	 s/mm2;	 14	

interleaved	b	=	0	images;	55	slices;	voxel	size	2.5	×	2.5	×	2.5	mm;	TE/TR	

=	92/7000	ms).	A	 twice-refocused	spin	echo	was	utilized	 to	minimize	

distortion	effects	 from	eddy-currents.	All	scans	were	visually	assessed	

for	quality	control	purposes,	based	on	coverage	and	movement	artefact.	

	

6.2.3 Cortical	reconstruction	of	structural	imaging	

	

Automated	 surface-based	 reconstructions	 of	 T1-weighted	 volumetric	

images	 were	 performed	 using	 Freesurfer	 version	 6.0	

(http://surfer.nmr.mgh.harvard.edu/).	 This	 validated	 procedure	 is	

widely	used	(Dale	et	al.	1999;	Fischl	&	Dale	2000)	and	image	processing	

involves:	intensity	normalisation;	skull	stripping;	segmentation	of	white	

matter;	and	tessellation	of	the	grey/white	matter	boundary.	This	surface	

is	then	used	as	the	starting	point	for	a	deformable	surface	algorithm	to	

find	 the	 grey	 matter/white	 matter	 and	 grey	 matter/CSF	 surfaces.	 All	

cortical	segmentations	were	visually	inspected	slice	by	slice	for	accuracy.	

Freesurfer	was	selected	as	it	provides	estimates	of	cortical	thickness	and	

represents	an	opportunity	to	sample	voxel	values	from	NODDI	maps	at	

the	cortical	midpoint.	
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6.2.4 Cortical	thickness	estimation	

	

Cortical	 thickness	 estimates	 were	 obtained	 using	 Freesurfer	 by	

calculating	 the	mean	distance	 between	 grey	matter/white	matter	 and	

grey	matter/CSF	surfaces	at	each	vertex	across	the	cortical	mantle	(Dale	

et	al.	1999;	Fischl	&	Dale	2000).	These	 thickness	measures	were	 then	

mapped	to	the	inflated	surface	of	each	participant’s	reconstructed	brain.		

	

6.2.5 YOAD	study	diffusion-weighted	MRI	processing		

	

Images	 were	 confirmed	 by	 visual	 inspection	 to	 have	 minimal	 eddy-

current	distortion	and	were	corrected	for	motion	by	rigidly	registering	

each	diffusion-weighted	image	to	the	first	b=0	image	from	the	b=2000	

s/mm2	 series	 using	 FLIRT	 (Jenkinson	 &	 Smith	 2001;	 Jenkinson	 et	 al.	

2002).	 ODI	 and	 NDI	 maps	 were	 estimated	 using	 the	 NODDI	 Matlab	

toolbox	 (http://www.nitrc.org/projects/noddi_toolbox).	 The	 acquired	

field	 maps	 were	 then	 registered	 to	 the	 first	 b=0	 image,	 and	 used	 to	

correct	the	ODI	and	NDI	maps	for	EPI	distortion	(Daga	et	al.	2014).	To	

provide	 a	 mask	 for	 field	 map	 processing	 a	 total	 intracranial	 mask	

(Malone	 et	 al.	 2015)	 generated	 from	 SPM12	 segmentation	 was	

propagated	from	the	T1	to	diffusion	volumes	by	a	union	of	direct	affine	

transformation	 and	 non-linear	 transformation	 to	 provide	 maximal	

coverage	 before	 and	 after	 susceptibility	 correction.	 Structural	 T1	 to	

diffusion	 b=0	 and	 diffusion	 to	 field	 map	 magnitude	 registration	 was	

carried	 out	 using	 Niftyreg	 (Modat	 et	 al.	 2014).	 All	 registrations	 were	

visually	inspected	for	accuracy.	ODI	and	NDI	values	were	then	sampled	
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from	the	midpoint	of	the	cortical	ribbon	(i.e.	50%	of	the	cortical	thickness	

along	 the	 surface	 normal	 to	 the	 grey	matter/white	matter	 surface	 to	

reduce	the	risks	of	partial	volume	effects)	and	subsequently	projected	to	

an	 inflated	 surface	 to	 create	 ODI	 and	 NDI	 surface	 maps	 using	 the	

mri_vol2surf	function	in	Freesurfer	(see	Figure	35).		

	

	

Figure	35.	Steps	involved	in	surface-based	cortical	analysis	of	NODDI	maps	including:		

reconstruction	of	structural	imaging	(top	row);	NODDI	maps	registered	to	structural	

imaging	(middle	row);	and	cortical	midpoint	values	from	ODI/NDI	maps	projected	to	

inflated	surface	(bottom	row).	Key:	GM=	grey	matter,	WM	=	white	matter,	CSF	=	

cerebrospinal	fluid,	ODI	=	orientation	dispersion	index,	NDI	=	neurite	density	index	-	

reproduced	and	modified	via	Creative	Commons	Attribution	License	(Parker	et	al.	2018)	
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6.2.6 Cortical	ROIs		

	

Mean	 cortical	 thickness,	NDI	 and	ODI	 values	 for	 a	 number	 of	a	 priori	

cortical	 ROIs	 were	 extracted	 from	 Freesurfer's	 gyral	 based	 Desikan	

parcellation	using	the	mris_anatomical_stats	function	in	Freesurfer.	Five	

of	 the	 ROIs	 were	 chosen	 on	 the	 basis	 of	 being	 early	 sites	 of	

neuropathological	change	in	AD.	These	included	four	regions	that	make	

up	the	Mayo	Clinic	cortical	signature	of	AD	(entorhinal	cortex,	 inferior	

temporal	gyrus,	middle	temporal	gyrus	and	fusiform	gyrus)	(Jack	et	al.	

2015;	 Schwarz	 et	 al.	 2016),	 all	 of	 which	 have	 been	 implicated	 as	

undergoing	grey	matter	atrophy	at	a	relatively	early	stage	of	AD	(Braak	

&	Braak	1991;	Dickerson	et	al.	2011;	Petersen	et	al.	2016;	Weston	et	al.	

2016;	Jack	et	al.	2017)	and	the	precuneus,	which	has	been	reported	to	

undergo	more	pronounced	atrophy	in	YOAD	patients	(Ishii	et	al.	2005;	

Karas	et	al.	2007;	Möller	et	al.	2013).	In	order	to	investigate	if	cortical	

NODDI	metrics	are	potentially	a	more	sensitive	marker	of	AD	pathology	

than	 cortical	 macrostructural	 metrics,	 the	 precentral	 gyrus	 (primary	

motor	cortex)	was	included	as	a	ROI.	The	precentral	gyrus	is	relatively	

spared	from	atrophy	in	YOAD	(Frisoni	et	al.	2007),	but	there	is	evidence	

from	 neuropathological	 studies	 that	 the	 primary	 motor	 cortex	 is	

vulnerable	to	significant	levels	of	AD	related	pathology	(Braak	&	Braak	

1991;	 Suvà	 et	 al.	 1999;	 Horoupian	 &	 Wasserstein	 1999;	 Buchman	 &	

Bennett	2011;	Albers	et	al.	2015),	which	potentially	make	it	a	relevant	

ROI	in	AD.	
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6.2.7 Exclusions	

	

One	 patient	 with	 YOAD	 was	 found	 to	 have	 an	 autosomal	 dominant	

genetic	cause	of	dementia	(Beck	et	al.	2014)	and	was	excluded	from	the	

analysis.	 YOAD	 patients	with	 language-led	 or	 behavioural	 phenotypes	

were	not	included	in	the	analysis	due	to	limited	numbers	(n=2	and	n=1	

respectively).	 One	 YOAD	 patient	 failed	 Freesurfer	 processing.	 	 Three	

YOAD	patients	and	two	healthy	control	participants	were	excluded	on	

the	basis	of	severe	motion	artefact	identified	during	visual	inspection	of	

the	diffusion	weighted	MRI	images.		

	

6.2.8 Statistical	analysis	

	

Sixty	 participants	 (thirty-eight	 YOAD,	 twenty-two	 controls)	 were	

included	in	the	analysis.	Demographics	and	clinical	characteristics	were	

compared	 between	 each	 group.	 For	 continuous	 characteristics	 two-

sample	t-tests	were	used,	or	where	there	was	a	material	departure	from	

a	normal	distribution,	a	Wilcoxon	rank	sum	test	was	used.	Categorical	

characteristics	were	compared	between	groups	using	Fisher’s	exact	test	

due	to	the	relatively	small	numbers	in	each	group.		

	

Unadjusted	 comparisons	 of	 cortical	 thickness,	 ODI	 and	 NDI	 between	

patient	 groups	 for	 each	 ROI	was	 performed	 using	 two-sample	 t-tests,	

with	 Satterthwaite's	 approximation	 to	 allow	 for	 unequal	 variances.	

Given	 the	 large	 voxel	 size	 of	 diffusion-weighted	 MRI	 images	 and	 the	
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consequent	increased	risk	of	contamination	of	the	cortical	ribbon	with	

non-grey	 matter	 voxels	 with	 cortical	 thinning,	 linear	 regression	

comparing	mean	ODI	and	NDI	values	between	groups	after	adjustment	

for	mean	 cortical	 thickness	 values	 in	 each	 ROI	 (with	 robust	 standard	

errors	to	allow	for	heteroscedasticity)	was	also	performed.	The	NODDI	

model,	 by	 construction,	 treats	 NDI	 and	 ODI	 as	 two	 independent	

measures	 that	 quantify	 distinct,	 but	 complementary	 aspects	 of	

microstructure.	To	investigate	whether	YOAD-related	differences	in	ODI	

or	 NDI	 occurred	 independent	 of	 each	 other	 we	 performed	 linear	

regression	models	in	each	ROI	(with	robust	standard	errors	to	allow	for	

heteroscedasticity)	where	NDI	and	ODI	were	corrected	for	each	other,	as	

well	 as	 cortical	 thickness.	The	 association	 between	 cortical	 thickness,	

ODI	and	NDI	values	for	each	ROI	with	MMSE	score	was	assessed	using	

Spearman's	correlation	coefficient	in	the	YOAD	group	alone.		

	

In	order	for	cortical	grey	matter	NODDI	metrics	to	be	a	considered	as	a	

potential	biomarker	in	AD,	robust	evidence	that	it	can	provide	relevant	

information	 is	 of	 clear	 importance.	 This	 is	 particularly	 the	 case	 in	

clinically	 established	 disease,	 where	 effect	 sizes	 are	 anticipated	 to	 be	

large.	With	this	in	mind,	in	order	to	preserve	a	family-wise	error	rate	of	

5%	 to	 detect	 differences	 in	 cortical	 thickness,	 ODI	 and	 NDI,	 a	 strict	

Bonferroni	 corrected	 statistical	 threshold	 of	 p<0.008	 for	 formal	

significance	was	used	for	comparison	across	the	6	ROIs.	
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6.3 Results	

	

6.3.1 YOAD	vs	healthy	controls	

	

6.3.1.1 Demographics	and	clinical	characteristics	

	

Basic	 demographic	 and	 clinical	 data	 are	 displayed	 in	 Table	 18.	 There	

were	no	significant	differences	in	age,	gender	or	years	of	education	when	

comparing	 healthy	 controls	 with	 YOAD	 patients.	 As	 expected,	 MMSE	

scores	were	significantly	lower	in	YOAD	patients	compared	to	controls.		

	

Table	18.	Demographics,	clinical	and	genetic	characteristics	in	the	YOAD	study.	All	data	

are	mean	(SD)	unless	stated	otherwise.	Key:	aTwo-tailed	t-test;	bTwo-sided	Fisher’s	exact;	
cWilcoxon	rank	sum;	MMSE	=	Mini-Mental	State	Examination;	SD	=	standard	deviation;	

YOAD	=	Young	Onset	Alzheimer’s	Disease.	

	

Twenty-seven	patients	had	a	typical	amnestic	presentation	and	eleven	

had	an	atypical	visual-led	posterior	cortical	atrophy	presentation.	CSF	

neurodegenerative	 markers	 were	 available	 for	 33/38	 patients.	 All	

patients	 with	 CSF	 available	 had	 profiles	 consistent	 with	 Alzheimer	

pathology	 (mean	 Aβ42=404±52	 ng/l;	 tau:Aβ42	 ratio=2.20±	 1.41)	

	 Healthy	Controls	
(n=22)	

YOAD		
(n=38)	 p-value	

Age	(years)	 60.6	(5.6)	 61.1	(4.9)	 0.71a	

%	Female	 54.5	%	 60.5%	 0.79b	

Age	at	onset	(years)	 n/a	 56.3	(4.4)	 n/a	

Disease	Duration	 n/a	 4.8	(2.6)	 n/a	

MMSE	score	 29.5	(0.7)	 21.2	(4.6)	 <0.0001c	

Years	of	education	 16.5	(3.3)	 15.5	(2.4)	 0.15a	
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(Weston,	 Paterson,	 et	 al.	 2015),	 therefore	 fulfilling	 NIA	 and	 IWG-2	

criteria	for	AD	(Sperling	et	al.	2011;	Dubois	et	al.	2014;	McKhann	et	al.	

2011).	 No	 patients	 had	 prominent	 pyramidal/extrapyramidal	 motor	

signs	 or	 visual	 hallucinations	 to	 suggest	 underlying	 cortico-basal	

degeneration	or	Lewy	body	pathology.	

	

6.3.1.2 Direct	comparisons	of	cortical	thickness,	ODI	and	NDI	values	in	

ROIs	between	patient	groups	

	

Mean	values	for	cortical	thickness,	NDI	and	ODI	for	each	ROI	and	their	

statistical	comparisons	by	participant	group	are	detailed	in	Table	19	and	

Figure	36.	For	all	ROIs	investigated,	NDI	was	significantly	lower	in	YOAD	

patients	compared	to	healthy	controls	(p<0.008	-	Bonferroni	corrected	

threshold).	Cortical	thickness	was	significantly	lower	in	YOAD	patients	

compared	 to	 healthy	 controls	 in	 all	 the	 ROIs	 associated	 with	 early	

atrophy	in	AD	(entorhinal,	inferior	temporal,	middle	temporal,	fusiform	

and	precuneus)	(p<0.008	-	Bonferroni	corrected	threshold),	with	some	

evidence	of	lower	cortical	thickness	in	YOAD	patients	in	the	precentral	

ROI,	although	this	did	not	reach	significance	using	a	Bonferroni	corrected	

statistical	threshold	(p=0.01).	ODI	was	lower	in	YOAD	patients	compared	

to	 healthy	 controls	 in	 the	 ROIs	 associated	 with	 early	 atrophy	 in	 AD	

(inferior	temporal,	middle	temporal,	fusiform	and	precuneus	(p<0.008	-	

Bonferroni	corrected	threshold),	except	the	entorhinal	cortex	where	no	

statistically	significant	difference	was	observed.	 	There	was	also	some	

evidence	of	lower	ODI	in	YOAD	patients	in	the	precentral	ROI,	although	
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this	did	not	 reach	 significance	using	 a	Bonferroni	 corrected	 statistical	

threshold	(p=0.026).		

	

	

ROI	
Healthy	
Controls	
(n=22)	

YOAD		
(n=38)	 p-value	

Entorhinal	

Cortical	thickness	
(mm)	 3.48	(0.24)	 2.92	(0.36)	 2	x	10-9**	

NDI	 0.359	(0.028)	 0.267	(0.075)	 1	x	10-8**	

ODI	 0.494	(0.022)	 0.490	(0.035)	 0.6	

Inferior	
Temporal	

Cortical	thickness	
(mm)	 2.81	(0.11)	 2.55	(0.19)	 7	x	10-9**	

NDI	 0.383	(0.013)	 0.295	(0.062)	 1	x	10-10**	

ODI	 0.499	(0.024)	 0.464	(0.035)	 3	x	10-5**	

Middle	
Temporal	

Cortical	thickness	
(mm)	 2.87	(0.12)	 2.55	(0.21)	 5	x	10-10**	

NDI	 0.393	(0.014)	 0.273	(0.064)	 8	x	10-13**	

ODI	 0.543	(0.019)	 0.511	(0.020)	 2	x	10-7**	

Fusiform	

Cortical	thickness	
(mm)	 2.76	(0.097)	 2.41	(0.24)	 5	x	10-11**	

NDI	 0.389	(0.016)	 0.309	(0.057)	 1	x	10-10**	

ODI	 0.525	(0.014)	 0.476	(0.029)	 7	x	10-12**	

Precuneus	
	

Cortical	thickness	
(mm)	 2.37	(0.10)	 2.01	(0.17)	 4	x	10-14**	

NDI	 0.357	(0.025)	 0.249	(0.068)	 7	x	10-12**	

ODI	 0.507	(0.013)	 0.483	(0.030)	 8	x	10-5**	

Precentral	

Cortical	thickness	
(mm)	 2.51	(0.16)	 2.40	(0.19)	 0.018*	

NDI	 0.346	(0.031)	 0.276	(0.064)	 4	x	10-7**	

ODI	 0.498	(0.019)	 0.484	(0.026)	 0.026*	

Table	19.	Comparisons	of	cortical	thickness,	NDI	and	ODI	for	each	ROI	by	participant	

group	in	the	YOAD	study.	All	data	are	mean	(SD)	unless	stated	otherwise.	Key:	HC	=	

Healthy	Controls;	AD	=	Alzheimer’s	Disease;	n	=	number,	NDI	=	neurite	density	index;	ODI	

=	Orientation	Dispersion	Index;	ROI=region	of	interest;	SD	=	standard	deviation.	*	p<0.05	

**p<0.008	Bonferroni	corrected	threshold	–	p=0.05	divided	by	6	(total	number	of	ROIs)	
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Figure	36.	Box	plots	-	Cortical	Thickness,	Neurite	Density	Index	Orientation	Dispersion	

Index	in	healthy	controls	and	young	onset	Alzheimer’s	disease	in	a	priori	cortical	

regions-of-interest.	Key:	*p<0.05	**p<0.008	Bonferroni	corrected	threshold	–	p=0.05	

divided	by	6	(total	number	of	regions	of	interest)	-	reproduced	via	Creative	Commons	

Attribution	License	(Parker	et	al.	2018)	
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6.3.1.3 NODDI	metrics	adjusted	for	cortical	thickness	

	

Differences	 in	 mean	 ODI	 and	 NDI	 values	 adjusted	 for	 mean	 	 cortical	

thickness	 values	 in	 each	ROI	 between	 healthy	 controls	 and	 YOAD	 are	

displayed	in	Table	20.	Following	adjustment	for	cortical	thickness,	NDI	

was	still	significantly	lower	in	YOAD	patients	compared	to	controls	in	the	

inferior	temporal,	middle	temporal	and	precentral	ROIs.	There	was	also	

a	 trend	 towards	 lower	NDI	 in	 patients	 in	 the	 entorhinal	 and	 fusiform	

regions	 (using	 a	 standard	 statistical	 threshold	 of	 p<0.05),	 with	 no	

statistically	significant	differences	observed	in	the	precuneus.	Following	

adjustment	 for	 cortical	 thickness	 mean	 ODI	 for	 all	 ROIs	 except	 the	

entorhinal	cortex	was	lower	in	YOAD	patients	compared	to	controls.	

	

ROI	 Δ	Healthy	controls	vs	YOAD		
(p-value)	

Entorhinal	
NDIadjusted	for	cortical	thickness	 -0.048	(0.022*)	

ODIadjusted	for	cortical	thickness	 0.003	(0.73)	

Inferior	Temporal	
NDIadjusted	for	cortical	thickness	 -0.038	(0.002**)	

ODIadjusted	for	cortical	thickness	 -0.03	(0.006**)	

Middle	Temporal	
NDIadjusted	for	cortical	thickness	 -0.05	(0.0003**)	

ODIadjusted	for	cortical	thickness	 -0.032	(7	x	10-6**)	

Fusiform	
NDIadjusted	for	cortical	thickness	 -0.027	(0.011*)	

ODIadjusted	for	cortical	thickness	 -0.03	(0.0003**)	

Precuneus	
NDIadjusted	for	cortical	thickness	 -0.026	(0.16)	

ODIadjusted	for	cortical	thickness	 -0.032	(0.0002**)	

Precentral	
NDIadjusted	for	cortical	thickness	 -0.055	(2	x	10-5**)	

ODIadjusted	for	cortical	thickness	 -0.019	(0.004**)	
Table	20.	Comparisons	of	cortical	thickness	adjusted-NDI	and	cortical	thickness	

adjusted-ODI	for	each	ROI	by	participant	group.	Key:	Δ	=	mean	difference;	NDI	=	neurite	

density	index,	ODI	=	Orientation	Dispersion	Index,	ROI=region	of	interest;	SD	=	standard	

deviation;	YOAD	=	Young	onset	Alzheimer’s	disease	*	p<0.05	**p<0.008	Bonferroni	

corrected	threshold	–	p=0.05	divided	by	6	(total	number	of	regions	of	interest)	
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6.3.1.4 NODDI	metrics	adjusted	for	each	other	and	cortical	thickness	

	

Comparisons	between	YOAD	patients	and	healthy	controls	of	mean	NDI	

adjusted	for	mean	cortical	thickness	and	mean	ODI,	as	well	as	mean	ODI	

adjusted	 for	mean	 cortical	 thickness	 and	mean	NDI,	 for	 each	 ROI	 are	

displayed	in	Table	21.	Following	adjustment	for	mean	cortical	thickness	

and	mean	ODI,	mean	NDI	was	still	significantly	lower	in	YOAD	patients	

compared	 to	 controls	 in	 the	 inferior	 temporal,	 middle	 temporal	 and	

precentral	ROIs.	There	was	also	a	trend	towards	lower	NDI	in	patients	in	

the	 entorhinal,	 fusiform	and	precuneus	 regions.	 Following	adjustment	

for	cortical	 thickness	and	mean	NDI,	mean	ODI	 for	all	ROIs	except	 the	

entorhinal	cortex	was	lower	in	YOAD	patients	compared	to	controls.	

	

ROI	 Δ	Healthy	controls	vs	YOAD		
(p-value)	

Entorhinal	
NDIadjusted	for	cortical	thickness	&	ODI	 -0.048	(0.022*)	
ODIadjusted	for	cortical	thickness	&	NDI	 0.003	(0.8)	

Inferior	Temporal	
NDIadjusted	for	cortical	thickness	&	ODI	 -0.039	(0.003**)	
ODIadjusted	for	cortical	thickness	&	NDI	 -0.031	(0.007**)	

Middle	Temporal	
NDIadjusted	for	cortical	thickness	&	ODI	 -0.055	(0.001**)	
ODIadjusted	for	cortical	thickness	&	NDI	 -0.034	(7	x	10-5**)	

Fusiform	
NDIadjusted	for	cortical	thickness	&	ODI	 -0.013	(0.27)	
ODIadjusted	for	cortical	thickness	&	NDI	 -0.025	(0.001**)	

Precuneus	
NDIadjusted	for	cortical	thickness	&	ODI	 -0.042	(0.022*)	
ODIadjusted	for	cortical	thickness	&	NDI	 -0.036	(0.0002**)	

Precentral	
NDIadjusted	for	cortical	thickness	&	ODI	 -0.076	(6	x	10-8**)	
ODIadjusted	for	cortical	thickness	&	NDI	 -0.032	(4	x	10-6**)	

Table	21.	Comparisons	between	YOAD	patients	and	healthy	controls	of	NDI	adjusted	for	

cortical	thickness	and	ODI,	as	well	as	ODI	adjusted	for	cortical	thickness	and	NDI,	for	

each	region	of	interest.	Key:	Δ	=	mean	difference;	NDI	=	neurite	density	index,	ODI	=	

Orientation	Dispersion	Index,	ROI=region	of	interest;	SD	=	standard	deviation;	YOAD	=	

Young	onset	Alzheimer’s	disease	*	p<0.05	**p<0.008	Bonferroni	corrected	threshold	–	

p=0.05	divided	by	6	(total	number	of	regions	of	interest)	
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6.3.2 Association	with	MMSE	within	YOAD	patient	group	

	

Association	of	mean	NDI,	ODI	and	cortical	thickness	for	each	ROI	with	

MMSE	 scores	 in	 YOAD	 patients	 only	 is	 displayed	 in	 Table	 22.	 In	

unadjusted	models,	there	was	evidence	that	lower	MMSE	was	associated	

with	 lower	 NDI	 and	 reduced	 cortical	 thickness	 with	 the	 strongest	

associations	 in	 the	 precuneus,	 inferior	 temporal	 and	middle	 temporal	

ROIs.	No	associations	were	observed	between	MMSE	and	ROI	values	for	

ODI.		

	

ROI	
Association	with	MMSE	score		

Spearman’s	rho		
All	YOAD	(n=38)	

Entorhinal	
Cortical	thickness	(mm)	 0.36	(p=0.028*)	

NDI	 0.33	(p=0.045*)	
ODI	 -0.15	(p=0.38)	

Inferior	
Temporal	

Cortical	thickness	(mm)	 0.47	(p=0.003**)	
NDI	 0.49	(p=0.0019**)	
ODI	 -0.08	(p=0.64)	

Middle	
Temporal	

Cortical	thickness	(mm)	 0.49	(p=0.0018**)	
NDI	 0.57	(p=0.0002**)	
ODI	 -0.11	(p=0.53)	

Fusiform	
Cortical	thickness	(mm)	 0.35	(p=0.029*)	

NDI	 0.33	(p=0.044*)	
ODI	 0.09	(p=0.58)	

Precuneus	
	

Cortical	thickness	(mm)	 0.60	(p=0.0001**)	
NDI	 0.50	(p=0.0013**)	
ODI	 -0.20	(p=0.23)	

Precentral	
Cortical	thickness	(mm)	 0.13	(p=0.42)	

NDI	 0.32	(p=0.054)	
ODI	 -0.076	(p=0.65)	

Table	22.	Association	between	ROI	metrics	(cortical	thickness,	NDI	and	ODI	with	MMSE)	

in	the	YOAD	study.	Key:	YOAD	=	Young	Onset	Alzheimer’s	disease,	n	=	number,	NDI	=	

neurite	density	index,	ODI	=	Orientation	Dispersion	Index;	ROI=region	of	interest.		

*p<0.05	**p<0.008	Bonferroni	corrected	threshold	–	p=0.05	divided	by	6	(total	number	

of	regions	of	interest)	
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6.4 Discussion	

	

This	 chapter	 details	 evidence	 of	 widespread	 alterations	 in	 cortical	

microstructure	 in	 YOAD,	 with	 reductions	 in	 NDI	 in	 YOAD	 patients	

compared	 to	 healthy	 controls	 in	 all	 AD	 related	 ROIs	 investigated	

(entorhinal,	 middle	 temporal,	 inferior	 temporal,	 fusiform,	 precuneus,	

precentral)	and	reductions	in	ODI	in	YOAD	patients	compared	to	healthy	

controls	in	inferior	temporal,	middle	temporal,	fusiform	and	precuneus	

ROIs.		

	

In	 ROIs	 associated	 with	 early	 atrophy	 in	 AD	 (entorhinal,	 inferior	

temporal,	middle	temporal,	fusiform	and	precuneus)	both	mean	NODDI	

metrics	(except	entorhinal	ODI)	and	cortical	thickness	differed	between	

healthy	 controls	 and	 those	 with	 YOAD.	 Associations	 between	 cortical	

thickness	 and	 diffusion	 imaging	 metrics	 have	 been	 reported	 in	 brain	

regions	associated	with	atrophy	 in	AD	previously	 (Jacobs	et	al.	2013).	

One	 potential	 interpretation	 of	 such	 results	 is	 that	 the	 decreases	 in	

cortical	thickness	may	result	in	decreases	in	diffusion	metrics	because	of	

partial	volume	effects	rather	than	a	purely	biological	association	(Henf	

et	al.	2017;	Jeon	et	al.	2012).	This	has	been	a	longstanding	criticism	of	

diffusion	 MRI	 studies	 focusing	 on	 the	 cerebral	 cortex	 in	

neurodegenerative	disease	(Weston,	Simpson,	et	al.	2015)	given	the	thin	

nature	 of	 cortex	 and	 the	 limited	 spatial	 resolution	 of	 diffusion	 MRI	

acquisition	 sequences	 (2.5	mm	 x	 2.5	mm	 x	 2.5	mm	 voxel	 size	 in	 this	

study)	leading	to	increased	risk	of	contamination	with	non-grey	matter	
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voxels.	The	NODDI	model	does	attempt	to	account	for	this	by	modelling	

the	 fraction	of	 free	water,	with	 the	 aim	of	 reducing	 the	 risk	of	partial	

volume	effects	from	CSF.	However,	in	the	context	of	atrophy	there	is	still	

a	risk	of	partial	volume	effects	from	adjacent	white	matter,	which	is	not	

explicitly	accounted	for	in	the	NODDI	model.	

	

To	 explore	 the	 impact	 of	 cortical	 thinning	 further,	mean	NDI	 and	ODI	

values	were	also	adjusted	for	mean	cortical	thickness	values	in	each	ROI	

using	regression	models.	After	adjustment,	the	results	still	demonstrated	

statistically	significant	reductions	in	NDI	and	ODI	when	comparing	YOAD	

patients	and	healthy	controls	in	the	majority	of	the	ROIs	examined.	These	

results	 suggest	 that	 these	 microstructural	 metrics	 do	 provide	

information	 regarding	 cortical	 structure	 above	 and	 beyond	 cortical	

atrophy	 alone.	 Furthermore,	 it	 suggests	 that	 differences	 in	 NODDI	

metrics	are	unlikely	to	be	due	to	contamination	from	non-grey	matter	

voxels.	Findings	in	the	study	by	Nazeri	and	colleagues	(Nazeri	et	al.	2015)	

describing	 ODI	 associations	 with	 increasing	 age	 also	 survived	

adjustment	for	cortical	thickness,	providing	further	evidence	that	NODDI	

metrics	provide	information	beyond	cortical	macrostructure.		

	

The	difference	 in	precuneus	NDI	between	YOAD	patients	and	controls	

did	not	survive	adjustment	for	cortical	thickness,	although	differences	in	

ODI	did.	The	precuneus	is	one	of	the	earliest	brain	regions	to	undergo	

volume	loss	in	the	course	of	YOAD	(Ishii	et	al.	2005;	Karas	et	al.	2007;	

Möller	 et	 al.	 2013).	 Recent	 longitudinal	 data	 from	 individuals	 with	

autosomal	dominant	 forms	of	AD	have	shown	that	cortical	 thinning	 in	
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the	precuneus	occurs	as	long	as	13	years	before	expected	symptomatic	

onset	 (Gordon	 et	 al.	 2018).	 In	 this	 study	 however,	 all	 the	 patients	

included	had	established	disease	(mean	symptom	duration	=	4.8	years).	

This	 finding	 is	 consistent	with	 the	 hypothesis	 that	whilst	 neurite	 loss	

may	be	an	early	feature	of	the	disease,	by	the	time	the	disease	becomes	

more	 advanced	 a	 likely	 inherent	 pathophysiological	 relationship	

between	NDI	and	cortical	thickness	becomes	more	apparent.	However,	

the	possibility	that	cortical	NDI	is	more	susceptible	than	ODI	to	partial	

volume	effects	from	adjacent	subcortical	white	matter	cannot	be	ruled	

out	entirely.	

	

There	was	also	evidence	that	the	majority	of	YOAD-related	differences	in	

ODI	 and	 NDI	 survive	 correction	 for	 each	 other,	 as	 well	 as	 cortical	

thickness.	 The	 NODDI	 model	 proposes	 that	 ODI	 estimates	 neurite	

dispersion,	which	in	the	context	of	grey	matter	may	reflect	the	degree	of	

complexity	 of	 dendritic	 trees,	 whilst	 NDI	 is	 an	 estimate	 of	 neurite	

density.	 Although,	 this	 requires	 histopathological	 confirmation,	 these	

data	support	the	notion	that	ODI	and	NDI	provide	estimates	of	distinct	

microstructural	 properties,	 and	 they	may	 be	 differentially	 affected	 in	

YOAD.		

	

It	is	notable	that	there	was	significantly	decreased	NDI	in	the	precentral	

gyrus	in	YOAD	patients	compared	to	healthy	controls,	while	there	was	

only	relatively	weaker	evidence	that	these	groups	differed	on	a	measure	

of	 cortical	macrostructure	 (cortical	 thickness).	 This	 is	 a	 region	 that	 is	

relatively	spared	from	atrophy	in	YOAD	(Frisoni	et	al.	2007),	however	
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there	is	evidence	from	neuropathological	studies	that	it	can	be	is	a	site	of	

AD-related	pathology	(Braak	&	Braak	1991;	Suvà	et	al.	1999;	Horoupian	

&	 Wasserstein	 1999;	 Buchman	 &	 Bennett	 2011;	 Albers	 et	 al.	 2015).	

Although	limited	by	the	cross-sectional	nature	of	the	study,	these	data	

raise	 the	 possibility	 that	 such	 decreases	 in	 NDI	 may	 precede	

macroscopically	detectable	differences	in	cortical	structure	and	may	be	

a	more	sensitive	marker	of	AD	pathology.		

	

There	was	 also	 evidence	 that	 cortical	NDI	was	 associated	with	MMSE	

score,	highlighting	its	potential	to	provide	information	regarding	disease	

severity.	 The	 capacity	 of	 cortical	 NODDI	 to	 provide	 information	

regarding	 cognitive	 status	 is	 further	 supported	 by	 the	 fact	 that	

associations	 between	 cortical	 differences	 in	 NODDI	 metrics	 and	

cognition	have	also	been	demonstrated	by	Nazeri	and	colleagues	in	the	

context	 of	 normal	 ageing	 and	major	psychotic	 disorders	 (Nazeri	 et	 al.	

2015;	Nazeri	et	al.	2016).		

	

Colgan	 et	 al	 have	 published	 evidence	 that	 murine	 models	 of	 AD	 tau	

pathology	(rTg4510	transgenic	mice)	have	lower	cortical	ODI	compared	

to	wild	type	mice	but	increased	cortical	NDI.	Increased	cortical	NDI	was	

also	associated	with	an	 increased	percentage	of	 tau	 immunoreactivity	

(Colgan	et	al.	2016).	The	increases	in	NDI	are	discordant	with	our	data,	

which	 demonstrated	 consistent	 decreases	 in	 NDI	 in	 AD	 patients.	

However,	 the	mean	 symptom	duration	of	YOAD	patients	 in	 this	 study	

was	approximately	4.8	years,	which	according	to	hypothetical	models	of	

pathophysiological	 change	 in	 AD	 is	 likely	 to	 be	 decades	 after	 initial	
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deposition	of	hyperphosphorylated	tau	(Jack	et	al.	2010;	Jack	et	al.	2013)	

making	direct	comparison	to	such	mouse	models	difficult.		

	

Limitations	 of	 this	 study	 include	 the	 fact	 that	 five	 participants	 were	

excluded	 due	 to	 diffusion	 imaging	 movement	 artefacts.	 Furthermore,	

there	was	a	sole	focus	on	AD	patients	with	a	young	onset	and	replication	

in	 those	with	 later	 onset	 AD	will	 be	 required	 in	 the	 future	 to	 further	

validate	the	findings	of	this	study.	Compared	to	the	other	ROIs,	there	was	

weaker	evidence	for	significant	AD	related	differences	in	NODDI	metrics	

in	the	entorhinal	cortex.	This	may	reflect	the	fact	that	precise	localisation	

of	 this	 comparatively	 small	 region	 is	 difficult	 and	 combined	 with	

relatively	large	voxels	used	in	diffusion	MRI	make	it	more	prone	to	noise.	

A	further	limitation	is	the	study’s	cross-sectional	nature	and	longitudinal	

datasets	 comprising	 participants	 at	 different	 stages	 of	 the	 AD	

pathological	 continuum	 (including	 pre-symptomatic	 cohorts)	 will	 be	

required	 to	 further	 tease	 out	 the	 temporal	 progression	 of	 cortical	

microstructural	change	in	AD.		

	

In	more	general	terms,	application	of	NODDI	to	grey	matter	is	currently	

limited	by	the	lack	of	histopathological	evidence	to	specifically	validate	

cortical	 NODDI	 metrics.	 However,	 NODDI-derived	 indices	 have	 been	

shown	 to	 closely	 correlate	 with	 histological	 counterparts	 on	 post-

mortem	 examination	 in	 the	 context	 of	 multiple	 sclerosis	 spinal	 cord	

lesions	(Grussu	et	al.	2017).	In	addition,	some	discrepancies	between	the	

NODDI	model	and	emerging	multi-shell	diffusion	techniques	that	utilize	

linear	and	spherical	tensor	encoding	(as	opposed	to	the	single	diffusion	
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encoding	 approach	 of	 NODDI)	 have	 been	 reported	 (Lampinen	 et	 al.	

2017).	 Refinement	 of	 multi-shell	 diffusion	 analysis	 techniques	 is	 an	

important	avenue	of	research	and	may	enable	further	insights	into	grey	

matter	microstructure	 in	 AD	 in	 the	 future.	 Furthermore,	 how	 cortical	

NODDI	metrics	correlate	with	emerging	PET-based	measures	of	synaptic	

density	(Chen	et	al.	2018)	will	also	be	of	interest.	
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6.5 Conclusion	

	

These	data	provide	in	vivo	evidence	of	differences	in	the	NODDI	density	

and	 dispersion	 indices	 of	 neurites	 in	 the	 cortex	 of	 YOAD	 patients	

compared	to	age-match	controls,	which	persisted	in	the	majority	of	ROIs	

following	 adjustment	 for	 cortical	 thickness.	 Differences	 in	 NDI	 were	

present	in	brain	regions	known	to	undergo	early	atrophy	in	AD,	but	also	

in	 a	 region	 typically	 spared	 of	 significant	 atrophy	 (precentral	 gyrus).	

Furthermore,	there	was	also	evidence	that	cortical	NDI	was	associated	

with	 MMSE	 performance.	 These	 data	 suggest	 cortical	 NODDI	 metrics	

provide	information	regarding	AD-related	pathology	above	and	beyond	

that	of	cortical	thinning	alone	and	support	the	potential	utility	of	cortical	

NODDI	metrics	as	sensitive	early	biomarkers	of	cortical	pathology	in	AD,	

paving	the	way	for	their	investigation	in	preclinical	AD.	
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7 Chapter	7:	The	relationship	between	cerebral	

Aβ	deposition	and	cortical	grey	matter	

microstructure	in	Insight	46	

	

7.1 Introduction	

	

Chapter	6	(Parker	et	al.	2018)	presented	evidence	that	NODDI	derived	

estimates	of	cortical	neurite	density	(NDI)	and	neuritic	dispersion	(ODI	

–	likely	reflecting	dendritic	tree	complexity	and	the	extent	of	dendritic	

arborisation)	 provide	 information	 regarding	 clinically	 established	 AD	

independent	 of	 cortical	 thickness,	 and	 independent	 of	 each	 other,	

providing	 a	 strong	 case	 for	 applying	 cortical	 NODDI	 metrics	 to	 the	

investigation	 of	 grey	 matter	 change	 in	 pre-clinical	 AD.	 Furthermore,	

although	 large	 scale	 investigation	of	 the	 relationship	between	 cortical	

thickness,	NDI	and	ODI	has	been	performed	in	young	adults	(Fukutomi	

et	al.	2018),	such	investigation	has	not	been	performed	in	older	adults.	

	

Building	on	these	findings,	the	specific	aims	of	the	chapter	are	to	

investigate:	

	

1) the	hypothesis	that	global	estimates	of	cortical	thickness,	NDI	

and	ODI	are	related	to	each	other	in	a	large	sample	of	healthy	

older	adults		
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2) the	hypothesis	that	there	is	a	relationship	between	increasing	

age	and	cortical	thickness,	NDI	and	ODI		

3) the	hypothesis	that	there	is	a	relationship	between	Aβ	

status/SUVR	and	cortical	thickness,	NDI	and	ODI	
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7.2 Methods	

	

7.2.1 Participants	

	

The	 cognitively	 normal	 sub-sample	 comprised	 of	 participants	 with	

complete	 Aβ	 PET,	 structural	 MRI	 and	 multi-shell	 diffusion	 MRI	 data	

(n=375)	 were	 utilized	 for	 analyses	 in	 this	 chapter	 (see	 Figure	 25	 in	

chapter	2).	Basic	demographic	variables	and	their	associations	with	Aβ	

deposition	 were	 assessed	 to	 characterise	 the	 sample.	 As	 for	 the	 sub-

sample	 used	 for	 subcortical	 volumetric	 analyses,	 these	 included:	

educational	 attainment	 -	 dichotomized	 into	 those	 with	 advanced	 (’A	

level’,	 taken	during	 the	 final	year	of	 secondary/high	school)	or	higher	

(university	or	 equivalent)	qualifications,	 versus	 those	below	 this	 level		

(Alexander	 1972)	 and	 socioeconomic	 position	 -	 dichotomized	 into	

manual	 or	 non-manual	 based	 on	 occupation	 at	 53	 years	 (or	 earlier	 if	

missing)	(Guralnik	et	al.	2006).	Genotyping	of	rs439358	and	rs7412:	the	

two	 single	 nucleotide	 polymorphisms	 that	 determine	APOE	 genotype,	

was	also	available	(Rawle	et	al.	2017).	Furthermore,	the	association	of	

Aβ	 deposition	 with	 participant	 cognitive	 performance	 (MMSE,	 matrix	

reasoning,	 delayed	 recall	 and	 digit	 symbol	 substitution),	 participant	

subjective	 cognitive	 complaints;	 and	 informant	 concern	 regarding	

cognition	were	assessed.		
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7.2.2 Surface-based	processing	of	structural	MRI	and	NODDI	data	

	

As	was	the	case	in	the	YOAD	analysis	detailed	in	section	6.2.3,	automated	

surface-based	reconstruction	of	structural	imaging	was	performed	using	

Freesurfer	version	6.0	(Dale	et	al.	1999;	Fischl	&	Dale	2000).		For	Insight	

46	 analysis	 two	 modifications	 to	 the	 automated	 pipeline	 were	

performed:	a	locally	generated	manually	edited	brain	mask	was	used	to	

improve	skull	stripping	accuracy,	as	well	as	using	both	T1-weighted	and	

T2-weighted	 images	 as	 inputs	 to	 improve	 segmentation	 accuracy	

(https://surfer.nmr.mgh.harvard.edu/fswiki/recon-

all#UsingT2orFLAIRdatatoimprovepialsurfaces).	

	

7.2.3 Cortical	thickness	estimation	

	

As	outlined	in	chapter	6,	automated	estimates	of	cortical	thickness	were	

obtained	using	Freesurfer	by	calculating	the	mean	distance	between	grey	

matter/white	matter	and	grey	matter/CSF	surfaces	at	each	vertex	across	

the	cortical	mantle	(Dale	et	al.	1999;	Fischl	&	Dale	2000).	

	

7.2.4 Insight	46	multi-shell	diffusion	image	processing	

	

Diffusion	weighted	images	were	corrected	for	motion	and	eddy	current	

distortion	using	the	FSL	Eddy	tool	(Andersson	&	Sotiropoulos	2016).	EPI	

susceptibility	distortion	using	field	maps	to	the	structural	T1	was	then	

performed	 (Daga	 et	 al.	 2014),	 as	 well	 as	 phase-encode	 direction	

constrained	non-linear	registration	to	the	structural	T1,	with	modulation	
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based	on	the	Jacobian	determinants	using	Niftyreg	(Modat	et	al.	2014).	

Multi-shell	diffusion	data	was	then	used	to	estimate	NODDI	metric	maps	

(including	NDI	and	ODI)	using	the	NODDI	Matlab	toolbox	(Zhang	et	al.	

2012)	(http://www.nitrc.org/projects/noddi_toolbox).			

	

ODI	and	NDI	values	were	then	sampled	from	the	midpoint	of	the	cortical	

ribbon	(i.e.	50%	of	the	cortical	thickness	along	the	surface	normal	to	the	

grey	matter/white	matter	surface)	and	projected	to	an	inflated	surface	

to	create	ODI	and	NDI	surface	maps	using	the	mri_vol2surf	function	in	

Freesurfer	(see	Figure	35	from	chapter	6).	

	

7.2.5 Global	estimates	of	mean	cortical	thickness,	NDI	and	ODI		

	

Mean	values	for	cortical	thickness,	NDI	and	ODI	were	extracted	for	each	

cerebral	 hemisphere	 using	 the	 mris_anatomical_stats	 function	 in	

Freesurfer.	Following	this,	global	measures	of	mean	cortical	 thickness,	

NDI	and	ODI	were	calculated	by	dividing	 the	sum	of	 the	 left	and	right	

hemisphere	values	for	each	metric	by	two.	

	

7.2.6 Cortical	ROIs		

	

Using	an	 identical	approach	to	chapter	6,	mean	cortical	 thickness,	ODI	

and	NDI	values	for:	entorhinal	cortex,	 inferior	temporal	cortex,	middle	

temporal	 cortex,	 fusiform	 cortex,	 precuneus	 and	 the	 precentral	 gyrus	

were	extracted	from	Freesurfer's	gyral	based	Desikan	parcellation	using	

the	mris_anatomical_stats	function	in	Freesurfer.	
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7.2.7 Whole-cortex	surface-based	general	linear	modelling		

	

In	 addition	 to	 ROI	 analysis,	 an	 unbiased	 vertex-wise	 general	 linear	

modelling	approach	was	also	utilized	to	investigate	cortical	grey	matter	

structure	in	Insight	46.	Individual	surfaces	of	cortical	thickness,	NDI	and	

ODI	were	registered	 to	a	common	template	surface	(fsaverage)	with	a	

smoothing	 kernel	 of	 15	 mm	 full-width	 at	 half-maximum	 to	 enable	

unbiased	whole-cortex	general	linear	model	vertex-wise	analyses	across	

the	entire	sample.	To	reduce	the	probability	of	 false	positive	results,	a	

Monte	Carlo	null-z	simulation	with	10,000	repeats	was	implemented	in	

Freesurfer	 using	 a	 familywise	 error	 statistical	 threshold	 of	 p<0.05	

(Hagler	et	al.	2006).	An	arbitrary	cluster	forming	threshold	of	p=0.05	was	

selected	 based	 on	 a	 recently	 published	 surface-based	 analysis	

investigating	 grey	 matter	 structure	 across	 the	 pathophysiological	

continuum	of	AD	 that	used	 the	same	parameters	 (Montal	et	al.	2017).	

Specific	statistical	models	are	detailed	below.	

	

7.2.8 Statistical	approach	

	

7.2.8.1 Demographics,	clinical	and	cognitive	data	

	

In	order	to	compare	Aβ-positive	and	Aβ-negative	groups	for	continuous	

characteristics	 two-sample	 t-tests	 were	 used,	 or	 where	 there	 was	 a	

material	departure	from	a	normal	distribution,	a	Wilcoxon	rank	sum	test	

was	 used.	 Categorical	 characteristics	were	 compared	 between	 groups	
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using	 logistic	 regression.	 Associations	 between	 continuous	

characteristics	 and	 SUVR	 were	 assessed	 using	 unadjusted	 linear	

regression	 models,	 or	 where	 there	 was	 a	 material	 departure	 from	 a	

normal	distribution,	a	Spearman's	correlation	coefficient	was	utilized.	To	

test	 the	 association	 between	 SUVR	 and	 binary	 characteristics	 two-

sample	t-tests	were	used.	

	

7.2.8.2 Relationships	between	cortical	thickness	NDI	and	ODI	

	

Unadjusted	relationships	between	mean	NDI,	ODI	and	cortical	thickness	

were	 assessed	 using	 linear	 regression	 models	 (with	 robust	 standard	

errors	to	allow	for	heteroscedasticity).	

	

7.2.8.3 The	relationship	between	age	at	time	of	scanning	and	mean	

cortical	NDI/cortical	ODI/cortical	thickness		

	

In	 order	 to	 investigate	 the	 relationship	 between	 age	 and	 cortical	

thickness/cortical	NODDI	metrics	linear	regression	models	(with	robust	

standard	errors	to	allow	for	heteroscedasticity)	were	performed	testing	

the	 association	 between	 global	 estimates	 of	 mean	 cortical	

thickness/NDI/ODI	 and	 age	 at	 time	 of	 scanning	 with	 gender	 and	 Aβ	

status	as	co-variates	(with	and	without	additional	adjustment	for	cortical	

thickness	for	NODDI	metrics).	
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Furthermore,	 vertex-wise	 general	 linear	 model	 analyses	 across	 the	

whole	cortex	were	performed.	Age	at	time	of	scanning	was	the	primary	

predictor	variable	with	gender	and	Aβ	status	as	co-variates.	To	account	

for	the	possible	influence	of	partial	volume	effects	caused	by	atrophy,	the	

surface-based	 general	 linear	 models	 with	 NODDI	 metrics	 were	

performed	with	and	without	correction	 for	 the	cortical	 thickness	on	a	

per-vertex	basis.	

	

7.2.8.4 The	relationship	between	Aβ	status/SUVR	and	cortical	

thickness,	NDI	and	ODI	

	

7.2.8.4.1 Experiment	1:	A	priori	cortical	ROIs	

	

In	 order	 to	 investigate	 the	 associations	 between	Aβ	 status/increasing	

SUVR	 and	 ROI	 estimates	 of	 cortical	 NDI,	 ODI	 and	 thickness,	 linear	

regression	 models	 (with	 robust	 standard	 errors	 to	 allow	 for	

heteroscedasticity)	adjusted	for	age	at	time	of	scanning	and	gender	were	

performed.	 Cortical	 NODDI	metric	 analysis	were	 also	 performed	with	

and	without	adjustment	for	mean-centred	cortical	thickness.	In	order	to	

account	for	the	potential	impact	of	using	imputed	SUVR	values,	multiple	

imputation	 modelling	 in	 the	 context	 of	 complete	 linear	 regression	

models	(rather	than	just	the	relationship	between	pseudo-CT	and	UTE	

derived	 SUVR	 values	 alone)	 was	 performed.	 A	 strict	 Bonferroni	

correction	 (as	 was	 the	 case	 in	 chapter	 6)	 was	 considered	 overly	

conservative	and	not	utilized	in	this	ROI	analysis.	
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7.2.8.4.2 Experiment	2:	global	estimates	of	mean	cortical	NDI/cortical	

ODI/cortical	thickness		

	

The	 associations	 between	 Aβ	 status/increasing	 SUVR	 and	 global	

measure	of	mean	cortical	thickness,	NDI	and	ODI	were	also	investigated	

using	linear	regression	models	(with	robust	standard	errors	to	allow	for	

heteroscedasticity),	 again	 adjusting	 for	 age	 at	 time	 of	 scanning	 and	

gender.	Again,	cortical	NODDI	metric	analyses	were	also	performed	with	

and	without	 adjustment	 for	mean-centred	 cortical	 thickness.	Multiple	

imputation	models	in	the	context	of	complete	linear	regression	models	

were	 performed	 to	 account	 for	 the	 potential	 impact	 of	 using	 imputed	

SUVR	values.	

	

7.2.8.4.3 Experiment	3:	Whole-cortex	vertex-wise	surface-based	

general	linear	modelling	

	

Whole-cortex	 vertex-wise	 surface-based	 general	 linear	modelling	was	

performed	to	investigate	the	spatial	relationship	of	each	cortical	metric	

with	 increasing	 SUVR	 (adjusting	 for	 age	 and	 gender)	 and	 group	

comparisons	 between	 Aβ-negative	 and	 Aβ-positive	 individuals	

(adjusting	for	age	and	gender).	Again,	in	order	to	account	for	the	possible	

influence	of	partial	volume	effects	caused	by	atrophy,	the	surface-based	

general	linear	model	analyses	with	NODDI	metrics	were	performed	with	

and	without	correction	for	cortical	thickness	at	each	vertex.	In	the	event	
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that	 the	 whole-cortex	 vertex-wise	 surface-based	 general	 linear	

modelling	identified	associations	between	cortical	thickness	or	cortical	

NODDI	metrics	and	Aβ	deposition	in	regions	not	previously	tested,	mean	

values	 of	 the	 relevant	metric	 were	 extracted	 from	 the	 corresponding	

region	 from	 Freesurfer's	 gyral	 based	 Desikan	 parcellation.	 Linear	

regression	 modelling	 (with	 robust	 standard	 errors)	 using	 a	 multiple	

imputation	 approach	 adjusting	 for	 age,	 gender	 (with	 and	 without	

additional	adjustment	for	cortical	thickness	of	the	ROI	in	question)	was	

performed	to	verify	these	findings.	

	

7.2.8.4.4 Experiment	4	–	assessing	non-linearity	in	cortical	ODI	with	

restricted	cubic	spline	modelling	

	

Results	 from	 experiments	 1	 -	 3	 revealed	 evidence	 that	 cortical	 ODI	

potentially	 increases	with	cerebral	Aβ	deposition	(see	results).	As	 this	

was	in	the	opposite	direction	to	that	seen	in	clinically	established	AD	(see	

chapter	6),	it	raised	the	possibility	that	ODI	may	change	in	a	non-linear	

manner	across	the	pathophysiological	continuum	of	AD.	To	explore	this	

further,	restricted	cubic	spline	modelling	was	performed	to	test	for	non-

linear	relationships	between	cortical	ODI	values	and	increasing	SUVR.		

	

Restricted	 cubic	 spline	 modelling	 involves	 data	 being	 modelled	 as	

piecewise	cubic	polynomial	functions	between	adjacent	knot	points	and	

thereby	producing	curved	function	that	are	continuous	at	these	merging	

knot	points	(see	Figure	37	for	basic	schematic).		
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Figure	37.	Schematic	of	restricted	cubic	spline	modelling	used	to	investigate	non-

linearity.	Key:	β1	and	β2	=	spline	coefficients 

	

In	this	analysis,	the	Aβ-positivity	SUVR	threshold	was	used	as	the	main	

knot	point,	 in	addition	to	 the	5th	percentile	and	95th	percentile	SUVR	

values.	The	Aβ-positivity	threshold	was	selected	as	the	main	knot	point,	

as	this	was	the	most	biologically	relevant	point	that	could	be	defined	in	

this	cross-sectional	dataset	(i.e.	 transition	from	relatively	 low	levels	of	

Aβ	deposition	to	relatively	higher	levels	of	Aβ	deposition).	However,	it	is	

important	to	note	that	a	limitation	of	such	cut-points	is	that	relevant	Aβ	

deposition	 is	 likely	 to	 occur	 before	 thresholds	 of	 Aβ-positivity	 are	

reached	 (Mormino	et	 al.	 2012;	Villeneuve	 et	 al.	 2015;	Palmqvist	 et	 al.	

2017;	 Grothe	 et	 al.	 2017;	 Gonneaud	 et	 al.	 2017;	 Leal	 et	 al.	 2018).	 An	

advantage	of	 using	 restricted	 cubic	 spline	modelling	 in	 this	 context	 is	

that	it	allows	smoother	data	characterizations,	and	thereby	avoid	sharp	

bends	 at	 individual	 knot	 points	 and	 should	 negate	 the	 somewhat	

artificial	nature	of	the	Aβ-positivity	cut-point.	
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Restricted	 cubic	 spline	 functions	 generated	 from	 the	 SUVR	 data	were	

applied	 to	 regression	models	 with	 robust	 standard	 errors,	 as	 well	 as	

whole-cortex	 vertex-wise	 surface-based	 general	 linear	 models,	 with	

cortical	ODI	as	the	dependent	variable	and	age	and	gender	as	co-variates	

(with	 and	without	 additional	 adjustment	 for	 cortical	 thickness).	 Non-

linearity	was	defined	on	the	basis	of	F-test	values	<	0.05	(testing	the	null	

hypothesis	that	the	spline	coefficients	were	equal	to	zero).		
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7.3 Results	

	

7.3.1 Demographics,	clinical	and	cognitive	data	

	

Demographic	 and	 cognitive	 data,	 as	 well	 as	 their	 associations	 with	

cerebral	Aβ	deposition	as	measured	by	florbetapir	PET	(using	a	binary	

classification	 of	 Aβ	 status	 and	 SUVR	 across	 the	 whole	 cohort	 as	 a	

continuous	 measure)	 for	 the	 cognitively	 normal	 multi-shell	 diffusion	

MRI	sub-sample	are	shown	in	Table	23.	Overall	results	were	similar	to	

those	 reported	 in	 chapter	 3	 (see	Table	 5).	 There	were	no	 statistically	

significant	 associations	 between	 Aβ	 status/SUVR	 with	 age,	 gender,	

educational	attainment,	socioeconomic	position	or	participant	concern	

regarding	 their	 cognition.	 Participants	 with	 an	 AD8	 score	 ≥	 2	 were	

statistically	more	likely	to	be	defined	as	Aβ-positive	and	have	a	greater	

SUVR.	 Compared	 to	 Aβ-negative	 participants,	 Aβ-positive	 participants	

had	 marginally	 lower	 MMSE	 scores,	 but	 no	 significantly	 significant	

association	 was	 seen	 between	 increasing	 SUVR	 and	 MMSE	 score.	 No	

statistically	significant	associations	were	seen	between	Aβ	status/SUVR	

with	 matrix	 reasoning,	 delayed	 recall	 or	 digit	 symbol	 substitution.	

Possession	 of	 an	 APOE	 ε4	 allele	 was	 strongly	 associated	 with	 both	

increasing	SUVR	and	Aβ-positivity.		
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Table	23.	Demographics	and	cognitive	characteristics	of	the	diffusion	MRI	sub-sample	

used	in	the	analysis.	Key:	*APOE	genotype	data	available	for	373/375	participants	–	

both	were	classified	as	Aβ-negative	and	had	non-imputed	SUVR	data;	aWilcoxon	rank	

sum	test;	bSpearman’s	rank	correlation;	cFisher’s	exact;	dt-test;	elinear	regression;	Aβ	-

ve=β-amyloid	negative;	Aβ	+ve=β-amyloid	positive;	Δ=	mean	difference;	DSST=digit	

symbol	substitution;		IQR	=	interquartile	range;	MMSE=mini-mental	state	examination;	

OR=odd’s	ratio;	ρ=	Spearman’s	rho;	SD	=	standard	deviation;	SUVR	=	standard	uptake	

value	ratio	

	

	

	 Aβ	-ve	
(n=308)	

Aβ	+ve	
(n=67)	

Aβ	-ve	cf.	
Aβ	+ve	

Association	with	
SUVR	(n=375)	

Age,	years,	
median	(IQR)		 70.7	(1.2)	 70.7	(1.1)	 p=0.90a	 ρ=-0.0087;		

p=0.87b	

Male	gender,	
	n	(%)	 150	(48.7%)	 36	(53.7%)	 p=0.5c	 R2=0.003;		

p=0.30e	
Advanced	level	
of	education,	

	n	(%)	
167	(54.2%)	 34	(50.7%)	 p=0.69c	 R2=0.0001;		

p=0.83e	

Manual	
occupation	-
adulthood,	
n	(%)	

46	(14.3%)	 9	(16.3%)	 p=0.85c	 R2=0.004;		
p=0.22e	

Cognitive	
difficulties	
greater	than	

peers,	
	n	(%)	

3	(0.97%)	 2	(3.0%)	 p=0.16c	 R2=0.008;		
p=0.09e	

Would	seek	
medical	

attention	for	
cognitive	
difficulties,	
	n	(%)	

10	(3.2%)	 5	(7.4%)	 p=0.22c	 R2=0.004;		
p=0.22e	

AD8	≥	2,	
	n	(%)	 6	(1.9%)	 5	(7.4%)	 p=0.03c	 R2=0.013;		

p=0.027e		

MMSE,	median	
(IQR)	 30	(1)	 29	(2)	 p=0.02a	 ρ=-0.077;		

p=0.14b	
Matrix	

reasoning,	
median	(IQR)	

26	(4)	 25	(3)	 p=0.11a	 ρ=-0.013;		
p=0.80b	

Delayed	recall,	
mean	(SD)	 11.73	(3.58)	 11.25	

(3.64)	 p=0.33d	 R2=0.0044;		
p=0.20e	

DSST,	
mean	(SD)	 49.3	(10.2)	 47.37	(9.7)	 p=0.14d	 R2=0.0038;		

p=0.30e	
APOE	ε4*	

possession,	n	
(%)	

68	(22.1%)	 41	(61.2%)	 p<0.001c	 R2=0.12;		
P<0.001e	
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7.3.2 Global	estimates	of	mean	cortical	thickness,	NDI	and	ODI:	

associations	with	each	other	

	

There	was	evidence	of	a	negative	association	between	NDI	and	ODI;	no	

evidence	 of	 an	 association	 between	 NDI	 and	 cortical	 thickness;	 and	

evidence	 of	 a	 positive	 association	between	ODI	 and	 cortical	 thickness	

(see	Figure	38).	

	

	

Figure	38.	Unadjusted	relationships	between	NDI,	ODI	and	cortical	thickness.	Key:	

NDI=neurite	density	index;	ODI	=	orientation	dispersion	index	
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7.3.3 The	relationship	between	age	at	time	of	scanning	with	cortical	

thickness,	NDI	and	ODI	

	

There	was	evidence	that	global	estimates	of	both	cortical	thickness	and	

ODI	decreased	with	increasing	age	(see	for	Figure	39	and	Table	24).	The	

global	estimate	of	mean	cortical	NDI	were	not	associated	with	age	in	a	

statistically	significant	manner.	

	

The	 observed	 relationships	 between	 age	 with	 both	 ODI,	 and	 cortical	

thickness,	 remained	 statistically	 significant	 following	 additional	

adjustment	 for	 each	 other	 (p=0.017	 and	 p=0.015	 respectively).	

Furthermore,	there	was	no	evidence	of	an	interaction	between	the	ODI	

and	cortical	thickness	(p=0.5)	in	terms	of	their	relationship	with	age	at	

time	of	scanning.			

	

Vertex-wise	 whole-cortex	 general	 linear	 model	 analysis	 results	 are	

displayed	 in	 Figure	 40.	 There	 was	 evidence	 that	 increasing	 age	 was	

associated	with	decreased	 cortical	 thickness	 in	 a	 cluster	 spanning	 the	

right	frontal	and	parietal	lobes	[area	=	4206	mm2;	cluster	peak	MNI	co-

ordinates	 -19,	 1.8,	 60.0	 (superior	 frontal	 cortex);	 cluster-wise	 p-

value<0.0001)],	as	well	as	a	cluster	in	the	left	parietal	lobe	[area	=	1455	

mm2;	cluster	peak	MNI	co-ordinates	-43.1,	-60.3,	41.7	(inferior	parietal	

cortex);	cluster-wise	p-value=0.029)].	

	

There	 was	 also	 evidence	 that	 increasing	 age	 was	 associated	 with	

decreased	cortical	NDI	in	a	cluster	primarily	spanning	the	right	frontal	
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lobe	[area	=	1528	mm2;	cluster	peak	MNI	co-ordinates	-4.9,	-10.6,	36.9	

(precentral	gyrus);	cluster-wise	p-value=0.047)],	although	this	was	only	

significant	 when	 performing	 vertex-wise	 correction	 for	 cortical	

thickness.	

	

There	was	evidence	that	increasing	age	was	associated	with	decreased	

ODI	 in	a	cluster	spanning	the	right	parietal	and	occipital	 lobes	[area	=	

3789	mm2;	 cluster	 peak	MNI	 co-ordinates	 -31.3,	 -39.9,	 51.9	 (superior	

parietal	cortex);	cluster-wise	p-value<0.0001)],	as	well	as	three	clusters	

spanning	the	left	temporal,	parietal	and	occipital	lobes	[cluster	1:	area	=	

2202	 mm2,	 cluster	 peak	 MNI	 co-ordinates	 -10.7,	 -76.1,	 13.2	

(pericalcarine	 cortex),	 cluster-wise	 p-value=0.0011;	 cluster	 2:	 area	 =	

1857	 mm2,	 cluster	 peak	 MNI	 co-ordinates	 -51.0,	 -48.6,	 41.0	

(supramarginal	gyrus),	cluster-wise	p-value=0.00048;	cluster	3:	area	=	

1764	 mm2,	 cluster	 peak	 MNI	 co-ordinates	 -40.1,	 -65.7,	 33.7	 (inferior	

parietal	cortex),	cluster-wise	p-value=0.0073].		

	

Per-vertex	 correction	of	 cortical	ODI	 for	 cortical	 thickness	 resulted	 in	

similar	results,	with	decreased	ODI	associated	with	increasing	age	in	a	

smaller	 cluster	 spanning	 the	 right	 parietal	 lobes	 [area	 =	 1408	 mm2,	

cluster	peak	MNI	co-ordinates	-41.8,	-65.7,	16.2	(inferior	parietal	cortex),	

cluster-wise	p-value=0.036],	as	well	as	three	clusters	spanning	the	left	

temporal,	parietal	and	occipital	lobes	[cluster	1:	area	=	1970	mm2,	cluster	

peak	MNI	co-ordinates	-11.1,	-75.5,	13.1	(pericalcarine	cortex),	cluster-

wise	p-value=0.0031;	cluster	2:	area	=	1813	mm2,	cluster	peak	MNI	co-

ordinates	 -63.6,	 -38.5,	 7.3	 (banks	 of	 the	 superior	 temporal	 sulcus),	
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cluster-wise	p-value=0.0057;	cluster	3:	area	=	1444	mm2,	cluster	peak	

MNI	co-ordinates	-40.1,	-66.1,	33.9	(inferior	parietal	cortex),	cluster-wise	

p-value=0.033].	

	

	

Figure	39.	Surface-based	estimates	of	ODI	and	cortical	thickness	are	related	to	age.	Key:	

NDI=neurite	density	index;	ODI	=	orientation	dispersion	index;	TIV	=	total	intracranial	

volume		
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	 Association	with	age	
β-coefficient	(95%	CIs)	 p-value	 Estimated	%	change	

per	year	

Mean	cortical	
thickness	(mm)	

-0.016	
(-0.027,	-0.004)	 0.007*	 -0.6%	(-1.0%,	-0.2%)	

Mean	cortical	NDI	 -0.0008	
(-0.0033,	0.0017)	 0.52	 -0.2	%	(-0.7%,	0.4%)	

Mean	cortical	
NDIadjusted	for	thickness	

-0.001	
(-0.0035,	0.0015)	 0.42	 -0.2%	(-0.8%,	0.3%)	

Mean	cortical	ODI	 -0.0025	
(-0.0042,	-0.0007)	 0.007*	 -0.5%	(-0.8%,	-0.1%)	

Mean	cortical	
ODIadjusted	for		thickness	

-0.0022	
(-0.0039,	-0.0004)	 0.016*	 -0.4%	(-0.8%,	-0.1%)	

Table	24.	Relationship	between	NDI,	ODI	and	cortical	thickness	at	age	at	time	of	

scanning.	Estimated	%	change	per	year	=	β-coefficient	expressed	as	percentage	of	mean	

value	for	metric	of	interest.		Key:	CI	=	confidence	intervals;	NDI=neurite	density	index;	

ODI	=	orientation	dispersion	index;	SD	=	standard	deviation	
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Figure	40.	Vertex-wise	whole-cortex	general	linear	model	analysis	investigating	

association	between	cortical	grey	matter	structure	and	age	at	time	of	scanning	in	

Insight	46	(adjusted	for	gender	and	Aβ	status).	Clusters	of	vertices	were	thresholded	at	

p<0.05,	with	a	cluster-wise	correction	for	multiple	comparisons	using	10,000	instances	

of	a	Monte	Carlo	null-z	simulation.	Key:	NDI	=	neurite	density	index;	ODI	=	orientation	

dispersion	index	
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7.3.4 The	relationship	between	Aβ	status/SUVR	and	cortical	

thickness,	NDI	and	ODI	

	

7.3.4.1 Experiment	1	-	relationship	between	Aβ	status/SUVR	and	

mean	cortical	NDI/cortical	ODI/cortical	thickness	in	a	priori	

ROIs	

	

Full	 results	of	 the	binary	comparisons	of	mean	cortical	 thickness,	NDI	

and	 ODI	 between	 Aβ-positive	 and	 Aβ-negative	 cognitively	 normal	

participants	in	the	a	priori	cortical	ROIs	are	detailed	in	Table	26,	whilst	

analyses	 testing	 the	 linear	 association	 between	 increasing	 SUVR	 and	

mean	 cortical	 thickness,	 NDI	 and	 ODI	 in	 the	 a	 priori	 cortical	 ROIs	 is	

detailed	in	Table	28,	and	Figure	41,	Figure	42	and	Figure	43.	

	

In	regions	known	to	undergo	grey	matter	atrophy	at	a	relatively	early	

stage	of	AD,	 there	was	 limited	evidence	that	cortical	 thickness,	NDI	or	

ODI	 differed	 between	 Aβ-positive	 and	Aβ-negative	 cognitively	 normal	

participants	or	were	associated	with	increasing	SUVR.	The	one	exception	

being	entorhinal	cortex	NDI,	which	was	lower	in	Aβ-positive	participants	

compared	 to	Aβ-negative	participants	 following	correction	 for	cortical	

thickness.	However,	this	was	a	relatively	weak	association	with	a	p-value	

of	0.047,	which	increased	to	0.098	in	a	post-hoc	analysis	which	excluded	

three	potential	outliers	in	the	Aβ-negative	group.	

	

In	 the	 precentral	 gyrus	 (a	 region	 typically	 thought	 to	 be	 spared	 from	

atrophy	in	established	AD),	there	was	no	evidence	that	cortical	thickness	
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differed	 between	 Aβ-positive	 and	 Aβ-negative	 participants	 or	 was	

associated	 with	 increasing	 SUVR.	 However,	 there	 was	 some	 evidence	

that	precentral	NDI	was	lower	in	Aβ-positive	individuals	and	decreased	

as	SUVR	increased	(with	and	without	correction	for	cortical	thickness).	

Furthermore,	 there	was	relatively	strong	evidence	that	precentral	ODI	

was	 higher	 in	 Aβ-positive	 individuals	 and	 increased	 with	 increasing	

SUVR	(with	and	without	correction	for	cortical	thickness).	
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ROI	
Mean		
Aβ	-ve	
(SD)	

Mean		
Aβ	+ve	(SD)	 p	 p	-	adjusted	for		

cortical	thickness	

Entorhinal	

Cortical	
thickness	
(mm)	

3.47		
(0.23)	

3.45	
(0.24)	 0.44	 n/a	

NDI	 0.441		
(0.028)	

0.435	
(0.025)	 0.072	 0.047*	

ODI	 0.515		
(0.023)	

0.516		
(0.02)	 0.84	 0.68	

Inferior	
Temporal	

Cortical	
thickness	
(mm)	

2.87		
(0.11)	

2.88	
(0.10)	 0.36	 n/a	

NDI	 0.430		
(0.015)	

0.430	
(0.017)	 0.87	 0.81	

ODI	 0.533		
(0.014)	

0.531	
(0.018)	 0.27	 0.28	

Middle	
Temporal	

Cortical	
thickness	
(mm)	

2.89		
(0.12)	

2.90	
	(0.21)	 0.31	 n/a	

NDI	 0.414		
(0.016)	

0.413	
(0.016)	 0.41	 0.43	

ODI	 0.551	
(0.013)	

0.551		
(0.013)	 0.77	 0.79	

Fusiform	

Cortical	
thickness	
(mm)	

2.84	
(0.11)	

2.84		
(0.10)	 0.96	 n/a	

NDI	 0.447	
(0.015)	

0.446	
(0.016)	 0.73	 0.72	

ODI	 0.538	
(0.012)	

0.538	
(0.015)	 0.87	 0.87	

Precuneus	
	

Cortical	
thickness	
(mm)	

2.51	
(0.10)	

2.51	
(0.11)	 0.91	 n/a	

NDI	 0.426	
(0.022)	

0.428	
(0.022)	 0.41	 0.37	

ODI	 0.507	
(0.017)	

0.506	
(0.026)	 0.65	 0.65	

Precentral	

Cortical	
thickness	
(mm)	

2.78	
(0.14)	

2.78	
(0.14)	 0.87	 n/a	

NDI	 0.478	
(0.030)	

0.471	
(0.023)	 0.035*	 0.036*	

ODI	 0.478	
(0.018)	

0.485	
(0.015)	 0.001*	 0.001*	

Table	25.	Binary	comparison	of	global	estimates	of	mean	cortical	NDI,	ODI	and	cortical	

thickness	between	Aβ	-ve	and	Aβ	+ve	participants.	Key:	Aβ	-ve=β-amyloid	negative;	Aβ	

+ve=β-amyloid	positive;	n/a=	not	applicable	where	cortical	thickness	is	the	dependent	

variable;	ROI=region	of	interest	*	p<0.05	
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Figure	41.	Linear	association	between	increasing	SUVR	and	cortical	thickness	in	a	priori	

ROIs.	Vertical	dashed	line	on	graphs	represents	SUVR	cut-point	for	Aβ	positivity.	Key:	

ROI=region	of	interest;	SUVR=standard	uptake	value	ratio	
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Figure	42.	Linear	association	between	increasing	SUVR	and	cortical	NDI	in	a	priori	ROIs.	

Vertical	dashed	line	on	graphs	represents	SUVR	cut-point	for	Aβ	positivity.	Key:	

ROI=region	of	interest;	NDI=neurite	density	index;	*	p<0.05;	SUVR=standard	uptake	

value	ratio	
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Figure	43.	Linear	association	between	increasing	SUVR	and	cortical	ODI	in	a	priori	ROIs.	

Vertical	dashed	line	on	graphs	represents	SUVR	cut-point	for	Aβ	positivity.	Key:	

ROI=region	of	interest;	NDI=orientation	dispersion	index;	*	p<0.05;	SUVR=standard	

uptake	value	ratio	



	
217	

Table	26.	Linear	association	between	SUVR	and	mean	cortical	NDI,	ODI	and	cortical	

thickness	in	a	priori	cortical	regions	of	interest	Key:	NDI=neurite	density	index;	

ODI=orientation	dispersion	index;	ROI=region	of	interest;	*	p<0.05;	SUVR=standard	

uptake	value	ratio	

	

ROI	 SUVR	β-coefficient	
(95%	CI)	 p-value	

Increase	in	
standard	

error	due	to	
imputed	

SUVR	values	

Entorhinal	

Thickness	-	mm	 -0.09	(-0.42,	0.25)	 0.61	 0.04%	

NDI	 -0.030	(-0.068,	0.009)	 0.13	 0.03%	

NDIadjusted	for	thickness	 -0.031	(-0.071,	008)	 0.12	 0.02%	

ODI	 0.004	(-0.025,	0.033)	 0.77	 0.05%	

ODIadjusted	for	thickness	 0.006	(-0.022,	0.034)	 0.66	 0.05%	

Inferior	
Temporal	

Thickness	-	mm	 -0.06	(-0.21,	0.09)	 0.43	 0.03%	

NDI	 -0.006	(-0.030,	0.019)	 0.65	 0.04%	

NDIadjusted	for	thickness	 -0.005	(-0.029,	0.019)		 0.70	 0.04%	

ODI	 -0.011	(-0.033,	0.011)	 0.32	 0.05%	

ODIadjusted	for	thickness	 -0.01	(-0.034,	0.011)	 0.31	 0.06%	

Middle	
Temporal	

Thickness	-	mm	 -0.04	(-0.19,	0.11)	 0.58	 0.05%	

NDI	 -0.018	(-0.040,	0.004)	 0.11	 0.08%	

NDIadjusted	for	thickness	 -0.018	(-0.040,	0.004)		 0.11	 0.08%	

ODI	 0.002	(-0.016,	0.020)	 0.85	 0.07%	

ODIadjusted	for	thickness	 0.002	(-0.016,	0.020)	 0.85	 0.07%	

Fusiform	

Thickness	-	mm	 -0.08	(-0.24,	0.09)	 0.35	 0.02%	

NDI	 -0.008	(-0.032,	0.016)	 0.52	 0.04%	

NDIadjusted	for	thickness	 -0.009	(-0.033,	0.014)		 0.44	 0.06%	

ODI	 -0.002	(-0.021,	0.017)	 0.84	 0.06%	

ODIadjusted	for	thickness	 -0.001	(0-0.020,	0.18)	 0.91	 0.05%	

Precuneus	
	

Thickness	-	mm	 -0.03	(-0.19,	0.13)	 0.72	 0.07%	

NDI	 -0.009	(-0.039,	0.022)	 0.59	 0.05%	

NDIadjusted	for	thickness	 -0.010	(-0.039,	0.018)	 0.48	 0.06%	

ODI	 0.007	(-0.016,	0.030)	 0.55	 0.11%	

ODIadjusted	for	thickness	 0.008	(-0.015,	0.030)	 0.52	 0.11%	

Precentral	

Thickness	-	mm	 -0.12	(-0.34,	0.1)	 0.29	 0.05%	

NDI	 -0.043	(-0.079,	0.007)	 0.018*	 0.07%	

NDIadjusted	for	thickness	 -0.043	(-0.079,	0.007)	 0.019*	 0.06%	

ODI	 0.053	(0.029,	0.078)	 <0.001*	 0.06%	

ODIadjusted	for	thickness	 0.056	(0.032,	0.081)	 <0.001*	 0.07%	
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7.3.4.2 Experiment	2	-	relationship	between	Aβ	status/SUVR	and	

global	estimates	of	mean	cortical	NDI/cortical	ODI/cortical	

thickness		

	

There	was	no	evidence	that	global	estimates	of	cortical	thickness,	NDI	or	

ODI	 differed	 between	 Aβ-positive	 and	Aβ-negative	 cognitively	 normal	

participants	(see	Table	27).	There	was	also	no	evidence	for	associations	

between	increasing	SUVR	and	global	mean	cortical	thickness,	but	there	

were	trends	for	decreased	global	mean	cortical	NDI,	and	increased	global	

mean	cortical	ODI,	as	SUVR	increased	(see	Table	28	and	Figure	44).	

	

	 Mean		
Aβ	-ve	(SD)	

Mean		
Aβ	+ve	(SD)	 p-value	

p-value	
(following	

adjustment	for	
thickness)	

Mean	cortical	
thickness	(mm)	 2.63	(0.07)	 2.64	(0.08)	 0.83	 -	

Mean	cortical	NDI	 0.446	(0.016)	 0.445	(0.017)	 0.49	 0.50	

Mean	cortical	ODI	 0.502	(0.012)	 0.502	(0.012)	 0.66	 0.68	

Table	27.	Binary	comparison	of	global	estimates	of	mean	cortical	NDI,	ODI	and	cortical	

thickness	between	Aβ	-ve	and	Aβ	+ve	participants.	Key:	Aβ	-ve=β-amyloid	negative;	Aβ	

+ve=β-amyloid	positive		

	

Table	28.	Linear	association	between	SUVR	and	global	estimates	of	mean	cortical	

thickness,	NDI	and	ODI.	NDI	and	ODI	analyses	were	performed	with	and	without	

correction	for	cortical	thickness.	Key:	CI=confidence	intervals;	SUVR=standard	uptake	

value	ratio	

	 SUVR	β-coefficient	
(95%	CI)	 p-value	

Increase	in	standard	
error	due	to	imputed	

SUVR	values	
Mean	cortical	thickness	

(mm)	
-0.06		

(-0.18,	0.05)	 0.27	 0.05%	

Mean	cortical	NDI	 -0.022		
(-0.047,	0.004)	 0.093	 0.06%	

Mean	cortical	NDIadjusted	for	
thickness	

-0.023		
(-0.048,	0.003)	 0.077	 0.07%	

Mean	corticalODI	 0.015		
(-0.003,	0.034)	 0.097	 0.06%	

Mean	cortical	ODIadjusted	for	
thickness	

0.017		
(-0.001,	0.035)	 0.067	 0.06%	
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Figure	44.	Linear	association	between	SUVR	and	global	estimates	of	mean	cortical	

thickness,	NDI	and	ODI.	NDI	and	ODI	analyses	were	performed	with	(right)	and	without	

(left)	correction	for	cortical	thickness.	Vertical	dashed	line	on	graphs	represents	SUVR	

cut-point	for	Aβ	positivity.	Key:	SUVR=standard	uptake	value	ratio	
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7.3.4.3 Experiment	3	-	whole-cortex	vertex-wise	surface-based	general	

linear	modelling	

	

Results	 of	 whole-cortex	 vertex-wise	 general	 linear	 model	 analysis	

investigating	 the	 association	 between	 cerebral	 Aβ	 deposition	 and	

cortical	thickness/NODDI	metrics	are	displayed	in	Figure	45	with	post-

hoc	analyses	using	the	corresponding	regions	from	Freesurfer’s	Desikan	

parcellation	to	verify	these	findings	detailed	in	Figure	46.		

	

Direct	comparison	of	Aβ-positive	and	Aβ-negative	individuals	showed	no	

evidence	 of	 statistically	 significant	 differences	 in	 cortical	 thickness.	

Treating	 SUVR	 as	 a	 continuous	 variable	 demonstrated	 evidence	 that	

increasing	global	SUVR	was	associated	with	decreased	cortical	thickness	

in	 the	 right	 occipital	 lobe	 [area	 =	 1572	 mm2,	 cluster	 peak	 MNI	 co-

ordinates	3.3,	-73.1,	15.5	(cuneus),	cluster-wise	p-value=0.019].	

	

As	was	the	case	for	cortical	thickness,	direct	comparison	of	Aβ-positive	

and	 Aβ-negative	 individuals	 revealed	 no	 evidence	 of	 statistically	

significant	 differences	 in	 cortical	 NDI.	 Treating	 SUVR	 as	 a	 continuous	

variable	 however,	 revealed	 evidence	 that	 increasing	 global	 SUVR	was	

associated	with	decreased	NDI	within	prefrontal	regions	bilaterally	[left	

hemisphere:	area	=	2051	mm2,	cluster	peak	MNI	co-ordinates	-38.7,	49.3,	

7.1	 (rostral	 middle	 frontal	 gyrus),	 cluster-wise	 p-value=0.0055;	 right	

hemisphere:	area	=	4154	mm2,	cluster	peak	MNI	co-ordinates	39.4,	48.9,	

-0.5	 (rostral	 middle	 frontal	 gyrus),	 cluster-wise	 p-value<0.0001],	 and	

within	the	right	temporal	lobe	[area	=	2227	mm2,	cluster	peak	MNI	co-
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ordinates	 63.9,	 -18.1,	 -14.8	 (middle	 temporal	 cortex),	 cluster-wise	 p-

value=0.0056].		

	

Per-vertex	correction	for	cortical	thickness	made	very	limited	difference	

to	the	associations	observed	between	increasing	SUVR	and	cortical	NDI.	

Again,	 statistically	 significant	 clusters	 within	 prefrontal	 regions	 were	

evident	bilaterally	[left	hemisphere:	area	=	2163	mm2,	cluster	peak	MNI	

co-ordinates	-38.7,	49.3,	7.1	(rostral	middle	frontal	gyrus),	cluster-wise	

p-value=0.0037;	right	hemisphere:	area	=	4858	mm2,	cluster	peak	MNI	

co-ordinates	39.5,	49.0,	-1.0	(rostral	middle	frontal	gyrus),	cluster-wise	

p-value<0.0001],	and	within	the	right	temporal	lobe	[area	=	2358	mm2,	

cluster	 peak	 MNI	 co-ordinates	 63.9,	 -18.1,	 -14.8	 (middle	 temporal	

cortex),	cluster-wise	p-value=0.0029].	

	

Direct	comparison	of	Aβ-positive	and	Aβ-negative	individuals	revealed	

evidence	of	increased	ODI	within	the	right	primary	sensorimotor	cortex	

in	 Aβ-positive	 participants	 [area	 =	 1779	 mm2,	 cluster	 peak	 MNI	 co-

ordinates	 39.1,	 -20.2,	 41.5	 (postcentral	 gyrus),	 cluster-wise	 p-

value=0.0086].	Per-vertex	correction	for	cortical	thickness	made	limited	

difference	to	the	result	obtained	[area	=	1669	mm2,	cluster	peak	MNI	co-

ordinates	 49.3,	 -13.6,	 30.7	 (postcentral	 gyrus),	 cluster-wise	 p-

value=0.012].	Treating	SUVR	as	a	continuous	variable	revealed	evidence	

that	increasing	global	SUVR	was	associated	with	increasing	ODI	within	

the	primary	 sensorimotor	 cortices	bilaterally	 [left	 hemisphere:	 area	=	

4116	mm2,	cluster	peak	MNI	co-ordinates	-41.5,	-21.0,	45.5	(postcentral	

gyrus),	 cluster-wise	 p-value<0.0001;	 right	 hemisphere:	 area	 =	 5670	
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mm2,	cluster	peak	MNI	co-ordinates	46.5,	-11.9,	27.9	(postcentral	gyrus),	

cluster-wise	p-value<0.0001].	 	Again,	per-vertex	correction	for	cortical	

thickness	 made	 limited	 difference	 to	 the	 result	 obtained	 [left	

hemisphere:	 area	=	4516	mm2,	 cluster	 peak	MNI	 co-ordinates	 -42.2,	 -

20.8,	 46.1	 (postcentral	 gyrus),	 cluster-wise	 p-value<0.0001;	 right	

hemisphere:	area	=	6058	mm2,	cluster	peak	MNI	co-ordinates	46.5,	-11.9,	

27.9	(postcentral	gyrus),	cluster-wise	p-value<0.0001].			
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Figure	45.		Whole-cortex	vertex-wise	general	linear	model	analysis	investigating	the	

association	between	Aβ	deposition	and	cortical	thickness/NODDI	metrics.	Key:	Aβ	-ve=β-

amyloid	negative;	Aβ	+ve=β-amyloid	positive;	NDI	=	neurite	density	index;	NODDI	=	

neurite	orientation	dispersion	and	density	imaging;	ODI	=	orientation	dispersion	index;	

SUVR	=	standard	uptake	value	ratio	
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Figure	46.	Post	hoc	ROI	analysis	of	regions	from	Freesurfer’s	Desikan	parcellation	

corresponding	to	statistically	significant	clusters	from	the	whole-cortex	vertex-wise	

general	linear	model	analysis.	Vertical	dashed	line	on	graphs	represents	SUVR	cut-point	

for	Aβ	positivity.	Key:	NDI	=	neurite	density	index;	ODI	=	orientation	dispersion	index;	

SUVR	=	standard	uptake	value	ratio	
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7.3.4.4 Experiment	4	–	assessing	non-linearity	in	cortical	ODI		

	

To	further	explore	the	results	from	experiments	1	–	3,	where	there	was	

evidence	 that	 cortical	 ODI	 potentially	 increases	 with	 cerebral	 Aβ	

deposition	 (i.e.	 the	 opposite	 to	 the	 effect	 seen	 in	 established	 AD	 as	

detailed	in	chapter	6),	restricted	cubic	spline	modelling	was	performed.	

Using	 this	 approach,	 there	 was	 strong	 evidence	 that	 the	 relationship	

between	mean	global	estimates	of	cortical	ODI	and	SUVR	was	non-linear,	

with	a	 trend	 for	 increased	cortical	ODI	before	 the	SUVR	cut-point	and	

decreased	 cortical	 ODI	 after	 the	 SUVR	 cut-point	 with	 and	 without	

correction	 for	 cortical	 thickness	 (Figure	 47).	 Results	 following	

incorporation	of	the	restricted	cubic	spline	functions	into	whole-cortex	

vertex-wise	 modelling	 (using	 an	 F-test	 to	 test	 identify	 vertices	

demonstrating	a	positive	association	with	SUVR	before	the	cut-point,	and	

a	negative	association	with	SUVR	after	 the	 cut-point)	are	displayed	 in	

Figure	 48.	 There	 was	 evidence	 of	 non-linear	 association	 between	

increasing	SUVR	and	cortical	ODI	present	in	frontal,	parietal	and	occipital	

regions	 [left	 hemisphere:	 area	 =	 14210	 mm2,	 cluster	 peak	 MNI	 co-

ordinates	-33.5,	-53.8,	61.4	(superior	parietal),	maximum	F-value	=	6.52,	

p<0.0001;	right	hemisphere	cluster	1:	area	=	15479	mm2,	cluster	peak	

MNI	co-ordinates	-20.6,	-64.2,	55.1	(superior	parietal),	maximum	F-value	

=	5.88,	p<0.0001;	right	hemisphere	cluster	2:	area	=	1953	mm2,	cluster	

peak	 MNI	 co-ordinates	 -6.0,	 29.4,	 -6.0	 (rostral	 anterior	 cingulate),	

maximum	F-value	=3.67,	cluster-wise	p=0.0032].		Correction	for	cortical	

thickness,	 resulted	 in	 smaller	 clusters	 of	 significance,	 primarily	 in	 the	

primary	 sensorimotor	 cortices	 and	 posterior	 parietal	 regions	 [left	
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hemisphere:	area	=	10601	mm2,	cluster	peak	MNI	co-ordinates	-44.6,	-

20.1,	 47.8	 (postcentral),	 maximum	 F-value	 =	 5.07,	 cluster-wise	

p<0.0001,	right	hemisphere	cluster	1:	area	=	12377	mm2,	cluster	peak	

MNI	 co-ordinates	 -10.5,	 -18.5,	 72.4	 (precentral),	 maximum	 F-value	 =	

5.11,	 cluster-wise	 p-value<0.0001;	 right	 hemisphere	 cluster	 2:	 area	 =	

2219	mm2,	cluster	peak	MNI	co-ordinates	-6.1,	-67.1	40.2	(precuneus),	

maximum	F-value	=	5.14,	 cluster-wise	p-value=0.0011].	 	 Post-hoc	ROI	

analyses	 using	 mean	 precentral,	 postcentral	 and	 superior	 parietal	

cortical	 ODI	 extracted	 from	 the	 Freesurfer’s	 Desikan	 parcellation	

verified	these	findings	(Figure	49).	

	

	
Figure	47.	Assessing	non-linear	association	between	global	SUVR	and	global	estimates	

cortical	ODI	with	restricted	cubic	spline	modelling.	F-statistic	(with	numerator	and	

denominator	degrees	of	freedom	in	brackets)	and	associated	p-value	shown	below	each	

graph.		Analyses	adjusted	for	age	and	gender	only	are	on	the	left.	Analyses	adjusted	for	

cortical	thickness,	as	well	as	age	and	gender,	are	on	the	right.	Vertical	dashed	line	on	

graphs	represents	SUVR	cut-point	for	Aβ	positivity.	Key:	ODI=orientation	dispersion	

index;	SUVR=standard	value	uptake	ratio	
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Figure	48.	Assessing	non-linear	association	between	global	SUVR	and	cortical	ODI	with	

restricted	cubic	spline	modelling	using	whole-cortex	vertex-wise	general	linear	model	

analysis.	Analyses	adjusted	for	age	and	gender	only	are	on	the	left.	Analyses	adjusted	for	

cortical	thickness,	as	well	as	age	and	gender,	are	on	the	right.	Vertical	dashed	line	on	

graphs	represents	SUVR	cut-point	for	Aβ	positivity.	Key:	ODI=orientation	dispersion	

index;	SUVR=standard	value	uptake	ratio	
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Figure	49.	Post-hoc	analysis	assessing	non-linear	association	between	global	SUVR	and	

cortical	ODI	with	restricted	cubic	spline	modelling	in	regions	identified	by	whole-cortex	

vertex-wise	general	linear	model	analysis.	Analyses	adjusted	for	age	and	gender	only	are	

on	the	left.	Analyses	adjusted	for	cortical	thickness,	as	well	as	age	and	gender,	are	on	the	

right.	Vertical	dashed	line	on	graphs	represents	SUVR	cut-point	for	Aβ	positivity.	Key:	

ODI=orientation	dispersion	index;	SUVR=standard	value	uptake	ratio	
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7.4 Discussion	

	

7.4.1 The	influence	of	cerebral	Aβ	deposition	

	

One	of	the	main	aims	of	this	chapter	was	to	perform	a	comprehensive	

investigation	 of	 the	 relationship	 between	 cerebral	 Aβ	 deposition	 and	

cortical	 grey	 matter	 macrostructure	 (namely	 cortical	 thickness)	 and	

cortical	grey	matter	neuritic	structure	(using	cortical	NODDI	metrics	–	

NDI	and	ODI).	The	first	part	of	the	discussion	will	aim	to	discuss	the	main	

findings	 in	 terms	of	 their	 relationship	with	cerebral	Aβ	deposition	 for	

each	metric	in	turn.	

	

7.4.1.1 Cortical	thickness	and	cerebral	Aβ	deposition	

	

There	 was	 limited	 evidence	 to	 suggest	 that	 cortical	 thickness	 was	

associated	 with	 either	 binary	 or	 continuous	measures	 of	 cerebral	 Aβ	

deposition	in	regions	previously	identified	as	areas	that	undergo	early	

atrophy	in	AD	(entorhinal,	inferior	temporal,	middle	temporal,	fusiform	

and	 precuneus)	 –	 the	 majority	 of	 which	 did	 show	 clear	 decreases	 in	

YOAD	compared	to	controls	in	chapter	6).		Decreased	cortical	thickness	

in	these	regions	has	been	proposed	as	a	biomarker	of	neurodegeneration	

across	the	pathophysiological	continuum	of	AD	(Jack	et	al.	2015;	Jack	et	

al.	 2017;	 Gordon	 et	 al.	 2018).	 These	 data	 suggest	 that	 significant	

neurodegeneration	 (as	manifested	 by	 decreased	 cortical	 thickness)	 in	

these	cortical	regions	on	a	macrostructural	level	is	not	related	to	cerebral	
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Aβ	deposition	in	cognitively	normal	adults	aged	approximately	70	years	

old	–	at	least	on	a	cross-sectional	basis.		

	

Beyond	 these	 core	 cortical	 signature	 regions	 of	 AD,	 there	 was	 also	

limited	 evidence	 that	 a	 global	 estimate	 of	 cortical	 thickness	 was	

associated	 with	 cerebral	 Aβ	 deposition	 in	 this	 dataset.	 Whole-cortex	

vertex-wise	general	linear	modelling	did	reveal	an	association	between	

increasing	SUVR	and	decreasing	cortical	 thickness	 in	 the	right	cuneus,	

although	this	was	a	small	cluster	in	one	cerebral	hemisphere	only.	Whilst	

in	 relatively	 close	 proximity	 to	 the	 precuneus/the	 posterior	 parietal	

cortex	area,	which	is	seen	as	core	hub	of	neurodegeneration	in	AD,	the	

cuneus	itself	is	not	a	region	typically	associated	with	early	atrophy	in	AD,	

and	post-hoc	ROI	based	analysis	revealed	this	association	to	be	relatively	

weak	(p=0.049)	making	it	unclear	to	what	extent	this	association	reflects	

early	AD-related	neurodegeneration	(as	opposed	to	a	chance	finding).		

	

7.4.1.2 NDI	and	cerebral	Aβ	deposition	

	

In	 experiment	 1,	 there	 was	 limited	 evidence	 that	 cortical	 NDI	 was	

associated	 with	 either	 binary	 or	 continuous	measures	 of	 cerebral	 Aβ	

deposition	in	regions	previously	identified	as	areas	that	undergo	early	

atrophy	in	AD	(entorhinal,	inferior	temporal,	middle	temporal,	fusiform	

and	 precuneus).	 	 The	 exception	 to	 this	 was	 a	 borderline	 statistically	

significant	 result	 of	 lower	 entorhinal	 cortex	 NDI	 in	 Aβ-positive	

participants	 compared	 to	Aβ-negative	 individuals	 following	correction	



	
231	

for	cortical	thickness.	The	entorhinal	cortex	is	one	of	the	earliest	areas	of	

tau	deposition	and	atrophy	in	the	cerebral	cortex	in	AD	(Braak	&	Braak	

1991;	Gómez-Isla	et	al.	1996;	Price	et	al.	2001;	Dickerson	et	al.	2001)	

making	this	result	plausible	and	potentially	lending	credence	to	the	view	

that	 NDI	may	 be	 a	more	 sensitive	marker	 of	 neurodegeneration	 than	

cortical	 thickness	 (Weston,	Simpson,	et	al.	2015).	Visual	 review	of	 the	

raw	 individual	 data	 points	 revealed	 there	 to	 be	 three	 outliers	 with	

relatively	 high	NDI	 values	 that	were	 all	 in	 the	Aβ-negative	 group	 and	

exclusion	of	these	three	individuals	from	the	analysis	resulted	in	the	p-

value	increasing	from	0.047	to	0.098.	However,	the	fact	that	a	trend	was	

still	 evident	despite	 removing	 the	 three	highest	entorhinal	NDI	values	

from	 the	 Aβ-negative	 group	 would	 suggest	 this	 may	 be	 biologically	

relevant.	However,	it	may	also	reflect,	as	was	suggested	in	the	discussion	

of	 the	 YOAD	 analysis	 (chapter	 6),	 that	 precise	 localisation	 of	 this	

comparatively	small	region	is	difficult	and	combined	with	relatively	large	

voxels	used	in	diffusion	MRI	make	it	more	prone	to	noise.	

	

Somewhat	 unexpectedly	 in	 experiment	 1,	 there	 was	 evidence	 that	

cortical	NDI	in	the	primary	motor	cortex	(precentral	gyrus)	decreased	

with	increasing	levels	of	cerebral	Aβ	deposition.	Although	known	to	be	

vulnerable	to	AD	pathology,	typically	the	primary	sensorimotor	cortex	is	

relatively	 spared	 of	 changes	 in	 conventional	 measures	 of	

neurodegeneration	 (e.g.	 atrophy	 and	 glucose	 hypometabolism)	 in	 AD	

(Braak	&	Braak	1991;	Suvà	et	al.	1999;	Horoupian	&	Wasserstein	1999;	

Buchman	&	Bennett	2011;	Albers	et	al.	2015;	Frisoni	et	al.	2007;	Jagust	

et	al.	2007)	and	how	these	data	fits	in	with	established	views	regarding	
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the	 involvement	 of	 the	 primary	 sensorimotor	 cortex	 in	AD	 is	 unclear.	

Although	 the	 precentral	 gyrus	 is	 spared	 from	 atrophy	 later	 on	 in	 the	

disease,	Aβ	deposition	across	the	cerebral	cortex	is	a	fairly	distributed	

process	(Braak	&	Braak	1991;	Thal	et	al.	2002).	As	a	result,	the	precentral	

gyrus	is	likely	to	be	exposed	to	Aβ	oligomers	from	an	early	stage.	Data	

from	young	healthy	 adults	 suggests	 that	 baseline	 cortical	 grey	matter	

NDI	is	higher	in	primary	motor	areas	relative	to	the	rest	of	the	cortex	in	

healthy	 individuals	 (Fukutomi	 et	 al.	 2018)	 and	 this	 is	 consistent	with	

mean	values	observed	in	the	current	dataset,	which	show	precentral	NDI	

to	be	approximately	10%	higher	than	in	all	other	regions	(Table	25).	One	

possibility	 is	 that,	 even	 though	 early	 neurite	 loss	 may	 occur	 in	 the	

primary	sensorimotor	cortices,	 the	high	 levels	of	baseline	NDI	may	be	

protective	against	subsequent	macrostructural	atrophy.	An	alternative	

possibility	is	that	a	much	higher	density	of	neurites	may	make	a	region	

more	vulnerable	to	direct	toxic	effects	of	Aβ	deposition	(Shankar	et	al.	

2007;	Shankar	et	al.	2008)	leading	to	neurite	loss.	However,	this	process	

may	 be	 distinct	 from	 neuronal	 cell	 death	 (a	 primary	 driver	 of	

macrostructural	 atrophy	 (Serrano-Pozo	 et	 al.	 2011)),	 which	 may	 be	

more	 related	 to	 intraneuronal	 accumulation	 of	 tau-containing	

neurofibrillary	tangles,	which	is	a	more	focal	process	and	occurs	in	the	

primary	motor	cortex	at	much	later	stage	of	the	disease	(Braak	&	Braak	

1991).	

	

Whole-cortex	 vertex-wise	 general	 linear	modelling	 provided	 evidence	

that	 cerebral	Aβ	deposition	 is	 related	 to	 decreased	NDI	 in	 cognitively	

normal	 adults	 in	 the	 prefrontal	 cortex	 (specifically	 the	 rostral	middle	
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frontal	cortex)	bilaterally.	The	bilateral	nature	of	this	association,	the	fact	

that	the	prefrontal	cortex	is	an	early	site	of	Aβ	deposition	(Mormino	et	al.	

2012;	Villeneuve	et	al.	2015;	Palmqvist	et	al.	2017;	Grothe	et	al.	2017;	

Thal	et	al.	2002),	as	well	as	being	previously	implicated	as	an	early	area	

of	Aβ-associated	grey	matter	change	in	the	early	phases	of	Alzheimer’s	

disease	pathology	 (Becker	et	al.	2011;	Oh	et	al.	2011;	Dickerson	et	al.	

2009),	support	the	notion	this	is	a	region	of	early	Aβ-associated	neurite	

loss	in	cognitively	normal	adults.	The	right	middle	temporal	gyrus	was	

also	 implicated	 as	 a	 site	 of	 Ab-related	 NDI	 loss	 using	 whole-cortex	

vertex-wise	 general	 linear	 modelling,	 although	 this	 finding	 was	 not	

consistent	 across	 both	 hemispheres	 (as	 detailed	 in	 experiment	 1).	

However,	given	its	status	as	a	core	cortical	signature	region	of	AD	(Jack	

et	al.	2015;	Schwarz	et	al.	2016),	this	too	remains	a	plausible	region	of	

early	Aβ-associated	neurite	loss	in	cognitively	normal	adults.	

	

7.4.1.3 ODI	and	cerebral	Aβ	deposition	

	

In	 contrast	 to	 cortical	 NDI,	which,	 as	 expected,	 showed	 evidence	 of	 a	

negative	 association	 with	 increasing	 SUVR,	 there	 was	 evidence	 of	 a	

positive	association	between	SUVR	and	cortical	ODI.	This	was	evident	

bilaterally	 in	 the	 precentral	 gyrus	 in	 experiment	 1,	with	 a	 trend	 level	

association	between	increasing	SUVR	and	increasing	global	cortical	ODI	

in	experiment	2.	Whole-cortex	vertex-wise	general	 linear	modelling	 in	

experiment	3	also	provided	evidence	that	cortical	ODI	in	the	precentral	
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gyrus,	 as	well	 as	 the	postcentral	gyrus,	was	associated	with	 increased	

levels	of	cortical	Aβ	deposition.		

	

Data	in	chapter	6	revealed	evidence	of	decreased	ODI	(i.e.	more	coherent	

and	less	distributed	neuritic	structure)	in	a	number	of	cortical	regions	in	

patients	 with	 YOAD	 compared	 to	 controls,	 making	 this	 finding	 of	

apparent	 increased	 ODI	 (i.e.	 increased	 dendritic	

arborisation/complexity)	 somewhat	 unexpected.	 One	 potential	

interpretation	of	 this	discrepancy	 is	 that	cortical	ODI	may	change	 in	a	

non-linear	 manner	 across	 the	 pathophysiological	 spectrum	 of	 AD.	 To	

explore	 this	 possibility,	 restricted	 cubic	 spline	modelling	was	 utilized	

and	provided	evidence	that	the	relationship	between	SUVR	and	cortical	

ODI	 was	 indeed	 non-linear,	 with	 evidence	 for	 increased	 cortical	 ODI	

before	the	Aβ-positivity	SUVR	cut-point	followed	by	decreased	cortical	

ODI	after	the	threshold	for	Aβ-positivity	had	been	reached.	On	a	regional	

basis,	 the	 strongest	 evidence	 for	 this	 relationship	was	 in	 the	 primary	

sensorimotor	and	posterior	parietal	cortices.			

	

A	potential	 implication	of	 this	non-linear	association	 is	 that	processes	

distinct	from	neurodegeneration	may	occur	in	response	to	Aβ	deposition	

in	cognitively	normal	older	adults.	Evidence	for	non-linear	relationships	

between	 AD	 pathology	 and	 grey	 matter	 macrostructure	 have	 been	

reported	previously		(Chételat	et	al.	2010;	Fortea	et	al.	2011;	Montal	et	

al.	 2017;	 Fortea	 et	 al.	 2014)	 and	 it	 is	 possible	 that	 this	 non-linear	

association	 between	 SUVR	 and	 cortical	 ODI	 is	 reflective	 of	 a	 similar	

process.	 Possible	 mechanisms	 that	 could	 mediate	 these	 non-linear	
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associations	include	changes	in	grey	matter	connectivity	(Schultz	et	al.	

2017)	 and/or	 neuroinflammation	 (Fan	 et	 al.	 2017).	 In	 support	 of	 the	

latter,	data	 from	PET	 imaging	studies	 focussing	on	specific	markers	of	

neuroinflammation	 have	 suggested	 that	 early	 Aβ-related	 microglial	

activation	 may	 be	 protective	 in	 nature	 (Fan	 et	 al.	 2017).	 If	 this	

phenomenon	 is	 truly	 related	 to	 an	 active	 process	 in	 response	 to	 Ab	

deposition,	 a	 further	 question	 is	 what	 influence	 this	 process	 has	 on	

subsequent	 disease	 progression?	 Given	 that	 increases	 in	 ODI	 were	

predominantly	evident	 in	 individuals	with	SUVR	values	below	the	cut-

point	 for	Ab	 positivity,	 it	 is	 possible	 that	 this	may	 reflect	 a	protective	

mechanism	that	somehow	limits	cerebral	Aβ	deposition.	Adding	further	

credence	to	this	notion	is	the	fact	that	this	effect	was	most	evident	in	the	

primary	 sensorimotor	 cortex,	 which	 as	 highlighted	 earlier	 in	 the	

discussion,	 is	relatively	spared	from	subsequent	atrophy	in	AD;	this	 in	

turn	 might	 help	 explain	 why	 the	 primary	 sensorimotor	 cortices	 are	

seemingly	spared	from	atrophy	in	clinically	established	disease.		

	

7.4.2 The	influence	of	ageing	

	

A	further	aim	of	this	analysis	was	to	investigate	to	what	extent	age	at	time	

of	 scanning	 influenced	 cortical	 grey	 matter	 structural	 properties.	

Perhaps	 surprisingly	 given	 the	 very	 small	 age	 range	 of	 the	 study	

participants	which	was	influenced	only	by	the	fact	that	it	took	2	to	3	years	

for	 all	 participants	 to	be	 scanned	 there	was	 evidence	of	 a	 statistically	

significant	 relationship	 between	 decreasing	 mean	 global	 cortical	
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thickness	and	 increasing	age	at	 time	of	 scanning.	Noting	 that	 this	was	

based	 on	 cross-sectional	 rather	 than	within-subject	 longitudinal	 data,	

the	estimated	rate	of	cortical	thinning	was	approximately	0.6%	per	year,	

which	is	similar	to	rates	of	cortical	atrophy	estimated	using	longitudinal	

data	 from	 healthy	 older	 adults	 who	 have	 undergone	 multiple	 T1-

weighted	 structural	MRI	 scans	over	a	 short	period	of	 time	 (Fjell	 et	 al.	

2009;	Cash	et	al.	2015).		

	

As	well	 as	 changes	 in	 cortical	 thickness,	 there	was	 also	 evidence	 of	 a	

similar	magnitude	negative	 relationship	between	mean	global	 cortical	

ODI	 and	 increasing	 age.	 Significant	 age-related	deficits	 in	 cortical	ODI	

have	been	reported	in	healthy	individuals	across	the	adult	lifespan	in	a	

previous	cross-sectional	study	by	Nazeri	and	colleagues	although	with	a	

smaller	sample	size	(n=45)	and	a	considerably	wider	age	range	(21–84	

years)	(Nazeri	et	al.	2015).	The	relationship	between	increasing	age	and	

ODI,	in	this	analysis,	and	in	the	study	performed	by	Nazeri	and	colleagues	

remained	significant	following	correction	for	macrostructural	measures	

of	grey	matter	-	suggesting	that	ODI	may	provide	information	regarding	

structural	 changes	 in	 ageing	 above	 and	 beyond	 macroscopic	 cortical	

atrophy	 alone,	 and	 provides	 strong	 evidence	 that	 these	 associations	

cannot	be	explained	by	partial	volume	effects	alone.		

	

As	all	participants	were	born	in	the	same	week,	and	as	for	the	findings	

reported	for	subcortical	grey	matter	volumes	(chapters	3,	4	and	5),	these	

observations	 might	 be	 confounded	 by	 the	 fact	 that	 age	 at	 time	 of	

scanning	 also	 reflects	 the	 order	 in	 which	 participants	 underwent	
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assessment.	 However,	 as	 was	 the	 case	 in	 the	 larger	 sample	 used	 for	

subcortical	grey	matter	volumetric	analyses	no	relationship	between	TIV	

and	 age	 was	 observed	 making	 scanner	 drift	 an	 unlikely	 explanation.	

Furthermore,	these	associations	survived	adjustment	for	a	wide	range	of	

potential	 confounders	 including	 socioeconomic	 status	 and	 education	

(see	Appendix	A	for	details)	suggesting	this	was	not	a	result	of	a	major	

recruitment	bias.		

	

No	 statistically	 significant	 associations	 between	 age	 and	 global	 mean	

cortical	 NDI	 were	 observed,	 suggesting	 that	 at	 least	 over	 a	 2-3	 year	

interval,	significant	neurite	loss	is	not	a	major	feature	of	Ab-independent	

normal	ageing.	This	was	supported	by	whole-cortex	general	linear	model	

analysis	where	evidence	of	regional	associations	between	cortical	NDI	

and	 increasing	 age	 were	 limited	 to	 the	 right	 prefrontal	 cortex	 (the	

significance	 of	 which	 was	 dependent	 on	 correction	 for	 cortical	

thickness).	 In	 the	 aforementioned	 study	 by	 Nazeri	 and	 colleagues	

(Nazeri	et	al.	2015),	changes	in	NDI	were	not	reported,	making	it	difficult	

to	directly	 compare	 the	 results	 from	 this	analysis.	However,	 given	 the	

YOAD-related	 differences	 in	 cortical	 NDI	 reported	 in	 chapter	 6	 were	

seemingly	more	widespread	than	those	of	cortical	thickness	and	ODI,	this	

could	 suggest	 decreases	 in	 cortical	 NDI	 may	 reflect	 specific	

neurodegenerative	processes.	A	further	question	this	observation	raises,	

is	to	what	extent	age-related	decreases	in	macrostructural	measures	of	

grey	matter	 actually	 reflect	 loss	 of	 neuronal	 tissue?	 For	 example,	 it	 is	

possible	that	decreases	in	turgidity	of	grey	matter	may	also	occur	with	

increasing	 age,	which	may	 lead	 to	 decreases	 in	 cortical	 thickness	 and	
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decreases	 in	 the	 extent	 of	 dendritic	 dispersion	 without	 necessarily	

reducing	the	concentration	of	dendrites	and	axons	per	se.	

	

A	further	piece	of	evidence	from	this	analysis	that	supports	the	concept	

that	 NDI,	 ODI	 and	 cortical	 thickness	 undergo	 distinct	 and	 separable	

changes	in	association	with	ageing	is	their	associations	with	each	other.	

Fukutomi	and	colleagues	demonstrated	a	positive	correlation	between	

NDI	and	ODI	in	healthy	adults	22-35	years	(n=502),	as	well	as	negative	

correlations	between	cortical	thickness	and	both	NDI	and	ODI,	using	data	

from	the	Human	Connectome	Project	(Fukutomi	et	al.	2018).	In	Insight	

46	however,	 the	 associations	were	notably	different.	 	Whilst	 this	may	

reflect	 methodological	 differences	 (e.g.	 higher	 resolution	 imaging	

utilized	 in	 the	 Human	 Connectome	 Project	 and	 a	 different	 analysis	

pipeline),	 it	may	also	provide	 insights	 into	 the	changes	 in	grey	matter	

structure	that	occur	between	early	and	late	adulthood.	In	Insight	46,	NDI	

and	ODI	were	negatively	associated,	whilst	ODI	and	cortical	 thickness	

were	 positively	 associated	 (i.e.	 both	 relationships	 in	 the	 opposite	

direction	 to	 the	 ones	 observed	 in	 younger	 adults	 participating	 in	 the	

Human	 Connectome	 Project),	 whilst	 no	 statistically	 significant	

association	between	NDI	and	cortical	thickness	was	observed.	Again,	this	

discrepancy	may	 reflect	 age-associated	decreases	 in	 cortical	 thickness	

and	 ODI,	 with	 relative	 preservation	 of	 global	 NDI	 in	 healthy	 (Ab-

negative)	 ageing.	 The	 concept	 that	 relationships	 between	 cortical	

macrostructure	and	microstructure	may	be	distinct	at	different	stages	of	

the	life	course	is	further	supported	by	data	from	neonates,	where	cortical	

ODI	and	grey	matter	volume	demonstrate	a	strongly	positive	association	
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before	a	postmenstrual	age	(gestational	age	plus	chronological	age)	of	38	

weeks.	However,	this	became	significantly	attenuated	after	38	weeks.	By	

contrast,	cortical	NDI	and	grey	matter	volume	demonstrated	a	strongly	

negative	 association	 before	 a	 postmenstrual	 age	 of	 38	 weeks,	 which	

became	positive	after	38	weeks	(Batalle	et	al.	2018).	

	

7.4.3 Strengths	and	limitations	

	

This	analysis	has	a	range	of	strengths	and	limitations.	MRI	and	PET	data	

were	 collected	 simultaneously	 on	 a	 single	 scanner,	 again	 limiting	

potential	confounds	that	can	result	from	separate	scanning	sessions	and	

multiple	sites.	

	

Is	 it	 important	 to	 note	 the	 vast	 majority	 of	 statistically	 significant	

associations	described	 in	 this	 analysis	were	evident	when	 treating	Aβ	

load	as	a	continuous	rather	than	a	binary	variable.	This	is	in	contrast	to	

the	results	in	chapters	3,	4	and	5,	where	associations	between	subcortical	

grey	matter	volumes	and	Aβ	classification	were	only	evident	in	binary	

Ab	classification.	This	could	potentially	be	due	to	the	fact	the	observed	

associations	 in	 cortical	 grey	 matter	 structural	 properties	 are	 more	

closely	 and	 directly	 related	 to	 Aβ	 accumulation	per	 se,	 rather	 than	 to	

other	 pathological	 processes	 which	 may	 only	 come	 into	 play	 once	 a	

threshold	level	of	Ab	accumulation	is	reached.	 	This	may	also	be	more	

likely	when	 cortical	 as	 opposed	 to	 subcortical	 structure	 are	 assessed,	

noting	that	the	SUVR	values	estimated	in	Insight	46	were	derived	from	
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tracer	uptake	in	the	cortex.	Cut-points	for	Aβ	biomarkers	form	the	basis	

for	emerging	research	frameworks	in	AD	(Jack	et	al.	2018),	but	may	limit	

investigation	 of	 subtle	 and	 non-linear	 relationships	 between	 Aβ	

deposition	 and	 other	 variables.	 This	 is	 supported	 by	 aforementioned	

work	that	has	demonstrated	biologically	relevant	Aβ	deposition	before	

thresholds	 for	 Aβ-positivity	 are	 reached	 (Mormino	 et	 al.	 2012;	

Villeneuve	 et	 al.	 2015;	 Palmqvist	 et	 al.	 2017;	 Grothe	 et	 al.	 2017;	

Gonneaud	et	al.	2017;	Leal	et	al.	2018).		

	

A	 further	 limitation	 of	 this	 analysis	 is	 its	 cross-sectional	 nature.	

Longitudinal	 data	 detailing	 the	 trajectory	 of	 cortical	 NODDI	 metrics	

across	the	pathophysiological	continuum	of	AD	in	this	cohort	and	others	

is	 required.	 Specifically,	 whether	 changes	 in	 cortical	 NODDI	 metrics	

predict	 changes	 in	 cognition	 or	 downstream	macrostructural	 atrophy	

will	 be	of	 interest.	 In	 addition,	 this	 analysis	 is	 limited	by	 the	 fact	 that	

measurements	 of	 other	 key	 pathological	 processes	 in	 AD	 are	 not	

available	in	this	dataset.	In	particular,	this	limits	the	ability	to	make	firm	

conclusions	about	any	observed	associations	being	due	to	a	direct	effect	

of	 Aβ.	 Future	 studies	 utilizing	 tau	 PET	 (Johnson	 et	 al.	 2016)	 in	

combination	with	cortical	NODDI	and	Aβ	PET	will	be	helpful	to	further	

disentangle	 this	 question.	 Integration	 of	 advanced	 diffusion	 weighted	

MRI	 into	 human	 drug	 trials	 testing	 anti-Aβ	 drugs	 that	 exhibit	 target	

engagement	 with	 Aβ	 (Sevigny	 et	 al.	 2016)	 may	 also	 provide	 further	

insights.	 Furthermore,	 methodologies	 that	 provide	 information	

regarding	neuroinflammation	(Fan	et	al.	2017)	and/or	changes	in	grey	

matter	 connectivity	 (Schultz	 et	 al.	 2017)	 may	 be	 helpful	 to	 further	
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investigate	the	non-linear	relationships	between	SUVR	and	cortical	ODI	

observed	in	this	dataset.	

	

Loss	 of	 data	 secondary	 to	 failed	 diffusion	MRI	 acquisition/movement	

artefact	 is	 a	 further	 limitation.	 	 As	 is	 the	 lack	 of	 histopathological	

validation	of	NODDI-based	measures	of	grey	matter	neuritic	structure,	

as	well	as	inconsistencies	between	NODDI	and	other	multi-shell	diffusion	

techniques	(Lampinen	et	al.	2017).	Furthermore,	large	voxel	sizes	of	both	

diffusion	weighted	MRI	and	PET	make	both	modalities	prone	to	partial	

volume	effects,	particularly	in	the	context	of	a	thin	and	highly	convoluted	

structure	such	as	the	human	cerebral	cortex.	The	NODDI	model	explicitly	

accounts	 for	 CSF	 contamination,	 which	 is	 an	 advantage	 compared	 to	

standard	 DTI	 metrics,	 but	 not	 for	 white	 matter	 contamination.	 To	

address	 this	 issue	 all	 NODDI	 analyses	 were	 corrected	 for	 cortical	

thickness	 in	order	 to	reduce	 the	possibility	of	atrophy	 induced	partial	

volume	 effects.	 A	 potential	 disadvantage	 of	 correcting	 for	 cortical	

thickness	is	that	Aβ-related	differences	in	cortical	NODDI	metrics	may	be	

underestimated	 due	 to	 inherent	 pathophysiological	 relationships	

between	 cortical	 NODDI	 metrics	 and	 cortical	 thickness.	 However,	 in	

keeping	 with	 data	 presented	 in	 chapter	 6,	 correcting	 for	 cortical	

thickness	 made	 very	 little	 difference	 to	 the	 results	 obtained,	 again	

suggesting	the	associations	observed	are	unlikely	to	be	due	to	atrophy-

induced	partial	volume	effects.	

	



	
242	

7.5 Conclusion	

	

These	data	provide	evidence	for	an	association	between	Aβ	deposition	

and	 lower	 estimates	 of	 cortical	 neurite	 density	 in	 cognitively	 normal	

adults	 aged	 approximately	 70	 years	 old.	 Furthermore,	 they	 provide	

evidence	for	non-linear	associations	between	Aβ	deposition	and	neurite	

orientation	dispersion.	Both	these	effects	were	independent	of	cortical	

thickness	 and	 highlight	 the	 potential	 for	 advanced	 diffusion	 MRI	

techniques,	 such	 as	 NODDI,	 to	 provide	 insights	 regarding	 the	

relationship	between	Aβ	deposition	and	grey	matter	structure	above	and	

beyond	conventional	metrics	of	grey	matter	macrostructure.	
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8 Chapter	8:	General	discussion	

	

8.1 The	Insight	46	study		

	

The	 overarching	 aim	of	 this	 thesis	was	 to	 investigate	 the	 relationship	

between	grey	matter	structure	and	cerebral	Aβ-deposition	in	cognitively	

normal	 adults.	 In	 order	 to	 achieve	 this	 aim,	 a	 large	 and	 well-

characterised	 sample	 of	 cognitively	 normal	 older	 individuals	 with	

relevant	imaging	data	was	required.	With	this	goal	in	mind,	the	majority	

of	the	analyses	in	this	thesis	utilized	data	from	the	Insight	46	study.		

	

As	described	in	chapter	2,	Insight	46	is	a	clinical	neuroscience	sub-study	

of	 the	 NSHD,	 one	 of	 the	 longest	 running	 birth	 cohorts	 in	 the	 world,	

originally	comprised	of	5,362	individuals	born	in	England,	Scotland	and	

Wales	between	3rd	–	9th	March	1946	(Wadsworth	et	al.	2006).	Individuals	

are	now	in	their	8th	decade	of	life,	and	are	uniquely	positioned	to	help	

investigate	 the	 pre-clinical	 phase	 of	 sporadic	 AD.	 Following	 detailed	

clinical	 characterisation,	412	cognitively	normal	 individuals	with	both	

structural	MRI	and	Aβ	PET	data	were	identified,	whilst	375	cognitively	

normal	individuals	with	structural	MRI,	Aβ	PET	and	multi-shell	diffusion	

MRI	 data	 were	 identified.	 Both	 sub-samples	 represent	 large	 datasets,	

which	 is	 an	 advantage	 compared	 to	 other	 studies	 with	 similar	 aims,	

where	sample	sizes	have	often	been	below	100	participants	(Mormino	et	

al.	2008;	Dickerson	et	al.	2009;	Bourgeat	et	al.	2010;	Chételat	et	al.	2010;	

Becker	et	 al.	 2011;	Oh	et	 al.	 2011;	Wirth,	Madison,	 et	 al.	 2013;	Wirth,	
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Villeneuve,	et	al.	2013;	Andrews	et	al.	2013;	Doré	et	al.	2013;	Hsu	et	al.	

2015).	

	

Florbetapir	PET	imaging	revealed	the	rate	of	Aβ-positivity	observed	in	

Insight	46	 to	be	 consistent	with	 the	 established	 literature,	 supporting	

Insight	46	as	an	appropriate	dataset	 for	 investigating	 the	 relationship	

between	grey	matter	structure	and	cerebral	Aβ-deposition	in	cognitively	

normal	adults.	Using	 the	sub-sample	of	 cognitively	normal	 individuals	

with	Aβ	PET	and	structural	MRI	data	as	an	example,	18.2%	(95%	CI	=	

14.8%	 -	 22.2%)	 of	 individuals	 were	 defined	 as	 Aβ-positive.	 This	 was	

slightly	lower,	but	not	significantly	different	to	that	reported	in	a	large	

meta-analysis	of	(often	self-selected)	healthy	70-year-olds	(mean	23.1%,	

95%	CI	=	19.5%	-	27.2%)	(Jansen	et	al.	2015).	Furthermore,	as	would	be	

anticipated	from	the	existing	literature	(Corder	et	al.	1993;	Farrer	et	al.	

1997;	Bertram	et	al.	2007;	Corneveaux	et	al.	2010;	 Jansen	et	al.	2015;	

Hollands	 et	 al.	 2017),	 possession	 of	 an	 APOE	 ε4	 allele	 was	 strongly	

related	to	Aβ	deposition.		

	

As	highlighted	in	the	thesis	introduction,	many	studies	investigating	the	

relationship	between	Aβ	deposition	and	grey	matter	structure	use	data	

drawn	from	participants	with	wide	age	ranges;	and	in	some	cases	have	

Aβ-positive	and	Aβ-negative	groups	that	are	not	age-matched	(Bourgeat	

et	al.	2010;	Becker	et	al.	2011;	Andrews	et	al.	2013;	Doré	et	al.	2013;	

Doherty	et	al.	2015;	Petersen	et	al.	2016).		By	virtue	of	being	born	in	the	

same	week,	variance	 in	age	 in	 Insight	46	was	purely	a	 function	of	 the	

order	 in	which	participants	were	assessed	(range	69-72	years),	which	
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provides	 an	 unprecedented	 level	 of	 age-matching	 for	 a	 study	

investigating	 the	 relationship	between	Aβ	deposition	 and	 grey	matter	

structure	 in	 pre-clinical	 AD.	 In	 addition	 to	 age,	 Aβ-positive	 and	 Aβ-

negative	 groups	 were	 also	 well	 matched	 for	 gender,	 socioeconomic	

status	and	educational	attainment.	Furthermore,	the	MRI	and	PET	data	

were	 collected	 simultaneously	 on	 the	 same	 scanner,	 again	 limiting	

potential	confounds.	

	

Overall,	 the	 rate	 of	 participant	 concern	 regarding	 their	 own	 cognitive	

abilities	 (defined	 as	memory	 or	 cognitive	 difficulties	more	 than	 other	

people	 the	same	age,	or	 if	 they	 felt	 they	would	seek	medical	attention	

regarding	 their	 difficulties)	 or	 informant	 concern	 regarding	 the	

participant’s	 cognition	 (AD8	 score	 ≥	 2)	 was	 low	 (taken	 together	

approximately	7%	in	both	structural	MRI	and	diffusion	MRI	cognitively	

normal	 sub-samples).	 This	 is	 in	 direct	 contrast	 to	 some	 other	 studies	

using	 convenience	 sampling	 methods	 that	 have	 subjective	 cognitive	

complaint	rates	of	50%	and	greater	(Whitwell	et	al.	2013;	Chételat	et	al.	

2010).	This	highlights	a	major	benefit	of	a	population-sampling	approach	

of	Insight	46	compared	to	convenience	sampling	methodology	in	other	

studies,	which	are	more	likely	to	attract	people	with	subjective	memory	

complaints,	who	although	are	clearly	an	important	patient	group	from	a	

clinical	 perspective,	 are	 less	 likely	 to	 be	 representative	 of	 the	 general	

population	(Brodaty	et	al.	2014).	

	

Although	all	participants	in	the	sub-samples	used	in	this	analysis	were	

defined	as	cognitively	normal,	there	was	evidence	of	some	associations	
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between	Aβ	deposition	and	informant	reported	cognitive	status.	There	

was	 evidence	 that	 an	 elevated	 AD8	 score	 was	 associated	 with	 an	

increased	 probability	 of	 Aβ-positivity/SUVR,	 whereas	 no	 association	

between	Aβ	deposition	and	participant	cognitive	concerns	was	evident.	

This	could	potentially	reflect	a	very	early	manifestation	of	anosognosia	

(i.e.	lack	of	insight)	(Sunderaraman	&	Cosentino	2017)	and	is	consistent	

with	the	clinical	observation	that	an	 informant	history	may	be	a	more	

sensitive	marker	of	cognitive	decline	than	that	of	 the	 individual’s	own	

assessment	of	their	memory	(Rossor	et	al.	2010).	However,	this	should	

be	 interpreted	 with	 caution	 given	 the	 very	 small	 proportion	 of	

individuals	with	an	elevated	AD8	score.		

	

There	 was	 some	 evidence	 of	 associations	 between	 current	 cognitive	

performance	and	Aβ	deposition,	although	the	magnitude	of	such	changes	

were	small.	This	was	particularly	true	in	the	case	of	MMSE	where	median	

scores	between	Aβ-positive	and	negative	groups	differed	by	one	point	

only	 (30/30	 compared	 to	 29/30),	 which	 is	 of	 doubtful	 clinical	

significance.	 These	 results	 are	 consistent	 with	 the	 existing	 literature,	

where	meta-analyses	(Baker	et	al.	2017)	have	demonstrated	only	subtle	

evidence	 of	 Aβ-associated	 cognitive	 impairment	 using	 measures	 of:	

episodic	 memory,	 executive	 function,	 processing	 speed,	 visuospatial	

function,	and	global	cognition.	
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8.2 The	influence	of	Aβ	deposition	on	grey	matter	structure	

	

As	highlighted	in	the	thesis	introduction,	the	relationship	between	grey	

matter	damage	and	cerebral	Aβ-deposition	in	cognitively	normal	adults	

is	uncertain	(Jagust	2016;	Mormino	2014).	There	have	been	a	number	of	

MRI	 studies	 assessing	 the	 relationship	 between	 grey	 matter	

macrostructure	and	Aβ-deposition	in	the	pre-symptomatic	phase	of	late	

onset	 sporadic	 AD.	 Some	 studies	 have	 reported	 associations	 between	

cerebral	Aβ	deposition	and	cerebral	atrophy	in	cognitively	normal	older	

individuals	 in	 the	 hippocampus	 (Mormino	 et	 al.	 2008;	 Storandt	 et	 al.	

2009;	Rowe	et	al.	2010;	Bourgeat	et	al.	2010;	Doré	et	al.	2013;	Hsu	et	al.	

2015;	Petersen	et	al.	2016),	as	well	as	the	neocortex	(Storandt	et	al.	2009;	

Dickerson	et	al.	2009;	Bourgeat	et	al.	2010;	Rowe	et	al.	2010;	Becker	et	

al.	2011;	Oh	et	al.	2011;	Doré	et	al.	2013;	Doherty	et	al.	2015;	Montal	et	

al.	2017).	However,	other	studies	have	found	no	consistent	associations	

(Whitwell	et	al.	2013;	Wirth,	Madison,	et	al.	2013;	Wirth,	Villeneuve,	et	

al.	2013;	Andrews	et	al.	2013;	Mattsson,	Aisen,	et	al.	2015).		

	

In	this	thesis	chapters	3,	4	and	5	demonstrated	evidence	for	lower	grey	

matter	 volumes	 in	 Aβ-positive	 individuals	 in	 a	 number	 of	 subcortical	

regions,	 including	 the	 hippocampus,	 amygdala	 and	 thalamus.	

Hippocampal	 subfield	 analysis,	 which	 has	 not	 previously	 been	

undertaken	in	such	a	large	and	well	characterised	cohort	of	cognitively	

normal	older	adults	with	Aβ	PET	imaging,	revealed	evidence	for	selective	

hippocampal	subfield	atrophy	in	the	presubiculum,	an	area	with	a	high	
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degree	 of	 connectivity	 with	 other	 structures	 implicated	 in	 AD	

pathogenesis	(Ding	2013).		

	

In	 the	 neocortex,	 there	 was	 less	 evidence	 of	 a	 relationship	 between	

macrostructural	atrophy	and	Ab	deposition.	There	was	relatively	weak	

evidence	of	linear	association	between	increasing	SUVR	and	decreasing	

cortical	 thickness	 in	 the	 right	 cuneus	 only.	 However,	 using	 cortical	

NODDI	metrics	to	investigate	microstructural	properties	of	cortical	grey	

matter,	 there	was	evidence	 for	 linear	associations	between	 increasing	

SUVR	and	decreasing	cortical	NDI	 in	 the	bilateral	prefrontal	 and	 right	

temporal	 cortices,	 as	well	 as	 non-linear	 associations	 between	 cortical	

ODI	and	increasing	SUVR,	primarily	in	frontal	and	parietal	cortices.	

	

Overall,	the	presence	of	associations	between	PET	estimates	of	cerebral	

Aβ	deposition	and	grey	matter	microstructural	metrics	in	Insight	46	is	

consistent	 with	 the	 view	 that	 downstream	 changes	 in	 grey	 matter	

microstructure	occur	following	cerebral	Aβ	deposition,	but	before	clear	

clinical	 symptoms	 of	 AD	 emerge	 (Weston,	 Simpson,	 et	 al.	 2015).	

However,	 these	associations	were	not	widespread.	 In	particular,	 there	

was	limited	evidence	for	an	association	between	cerebral	Aβ	deposition	

and	structural	changes	in	a	number	of	cortical	regions	known	to	undergo	

atrophy	at	a	relatively	early	stage	of	AD	(e.g.	entorhinal	cortex,	inferior	

temporal	lobe,	fusiform	and	precuneus).	Given	the	age	of	the	Insight	46	

participants	 it	would	 be	 expected	 that	 the	majority	 of	 the	 individuals	

with	 biologically	 relevant	 Aβ	 deposition	 would	 still	 be	 at	 a	 relatively	

early	 stage	 of	 the	 pathophysiological	 continuum	 of	 AD	 however,	with	
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some	 being	 many	 years	 before	 symptoms	 might	 emerge.	 It	 is	 likely	

therefore	 that	 more	 consistent	 structural	 changes	 in	 these	 areas	 will	

become	more	apparent	over	the	coming	years	as	the	cohort	ages.			

	

By	 contrast,	 and	 somewhat	 unexpectedly,	 there	 was	 evidence	 for	

associations	between	 cerebral	Aβ	deposition	and	grey	matter	neuritic	

structure	in	regions	typically	spared	of	atrophy	in	AD,	and	in	particular	

the	 primary	 sensorimotor	 cortices.	 Here,	 increasing	 SUVR	 was	

associated	 both	 with	 decreases	 in	 cortical	 NDI,	 and	 with	 non-linear	

relationships	 with	 ODI.	 This	 suggests	 that	 rather	 than	 being	 simply	

spared	 from	 the	 pathophysiological	 changes	 underpinning	 AD,	 the	

primary	 sensorimotor	 cortices	 also	 undergoes	 active	 changes	 in	

response	 to	 cerebral	 Aβ	 deposition.	 The	 precise	 nature	 of	 this	

relationship,	 and	 how	 it	 influences	 disease	 progression	 is	 unclear.	

Potential	possibilities	are	discussed	in	chapter	7,	but	it	 is	clear	further	

investigation	 of	 the	 sensorimotor	 cortices	 throughout	 the	

pathophysiological	continuum	of	AD	is	warranted.		If	it	truly	is	spared	of	

atrophy,	despite	showing	changes	related	to	cerebral	Aβ	deposition	at	an	

early	 stage,	 understanding	 the	mechanisms	underpinning	 the	 changes	

observed	 in	 relation	 to	 Ab	 deposition	 may	 open	 avenues	 for	 novel	

neuroprotective	therapeutic	strategies.	

	

Aβ-associated	volume	loss	in	subcortical	grey	matter	regions	was	only	

evident	 when	 using	 a	 binary	 classification	 of	 Aβ-deposition.	 	 Using	 a	

methodological	approach	consistent	with	the	majority	of	the	established	

literature,	the	SUVR	values	in	this	study	were	derived	from	tracer	uptake	
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in	 the	 cerebral	 cortex.	 However,	 recent	 reports	 using	 multi-stage	

modelling	of	ADNI	Aβ	PET	data	has	revealed	evidence	that	subcortical	

Aβ	accumulation	occurs	later	than	cortical	deposition	(Cho	et	al.	2018;	

Grothe	 et	 al.	 2017).	 As	 highlighted	 in	 the	 discussion	 sections	 of	 the	

specific	 chapters,	 it	 is	 possible	 that	 the	 extent	 of	 subcortical	 AD	

pathology	 is	 related	 to	 cortical	Aβ-deposition	 in	 a	 non-linear	manner.	

Furthermore,	binary	classification	may	capture	otherwise	unaccounted	

for	pathological	processes,	for	instance	by	reaching	a	threshold	sufficient	

to	trigger	tau	deposition,	which	also	influences	subcortical	grey	matter	

volumes	(Jacobs	et	al.	2018;	Tardif	et	al.	2018).	The	subtle	differences	in	

cognitive	functioning	(i.e.	MMSE	and	matrix	reasoning)	observed	were	

also	 only	 present	 when	 using	 a	 binary	 classification	 of	 cerebral	 Aβ	

deposition,	 and	 in	 a	 similar	 manner	 to	 the	 subcortical	 grey	 matter	

volumes,	 may	 also	 be	 capturing	 an	 otherwise	 unaccounted	 for	

pathological	processes,	which	is	not	linearly	related	to	cortical	SUVR.	

	

In	contrast	to	chapters	3,	4	and	5,	when	assessing	cortical	grey	matter	

structure	 in	 chapter	 7,	 the	 vast	 majority	 of	 statistically	 significant	

associations	 observed	 were	 only	 evident	 when	 treating	 Aβ	 load	 as	 a	

continuous,	rather	than	a	binary	variable.	Again,	given	that	SUVR	values	

in	 this	 study	were	 derived	 from	 tracer	 uptake	 in	 the	 cerebral	 cortex,	

although	 difficult	 to	 definitively	 establish,	 the	 associations	 between	

cortical	grey	matter	structural	properties	and	SUVR	may	be	more	likely	

to	reflect	direct	effects	of	Aβ.	Furthermore,	it	is	possible	that	biologically	

significant	effects	of	cortical	Aβ	deposition	occur	in	both	Aβ-negative	and	

Aβ-positive	participants	and	may	cancel	each	other	out	when	performing	
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binary	 comparisons.	 Again,	 this	 is	 supported	 by	 work	 that	 has	

demonstrated	biologically	relevant	Aβ	deposition	before	thresholds	for	

Aβ-positivity	are	reached	(Mormino	et	al.	2012;	Villeneuve	et	al.	2015;	

Palmqvist	et	al.	2017;	Grothe	et	al.	2017;	Gonneaud	et	al.	2017;	Leal	et	al.	

2018).	As	detailed	above,	this	potential	cancelling	out	phenomenon	did	

not	occur	when	assessing	subcortical	grey	matter	volumes.	This	could	be	

related	 to	 the	 aforementioned	 observation	 that	 subcortical	 Aβ-

deposition	 occurs	 later	 than	 cortical	 Aβ-deposition	 (Cho	 et	 al.	 2018;	

Grothe	 et	 al.	 2017),	 which	 may	 mean	 that	 significant	 Aβ-associated	

effects	on	subcortical	grey	matter	structure,	in	contrast	to	cortical	grey	

matter,	are	less	likely	to	occur	in	“Aβ-negative”	participants.	

	

8.3 The	influence	of	increasing	age	on	grey	matter	structure	in	

cognitively	normal	adults	

	

In	 addition	 to	 the	 influence	 of	 cerebral	 Aβ-deposition	 on	 grey	matter	

structure,	despite	the	very	narrow	age	range	in	Insight	46,	there	was	also	

evidence	that	a	number	of	grey	matter	structural	properties	decreased	

with	 age.	 These	 included	 total	 hippocampal	 (as	 well	 as	 evidence	 of	

selective	effects	of	 increasing	age	 in	CA1,	CA4	and	GCMLDG	subfields)	

and	amygdala	volumes.	Furthermore,	there	was	evidence	of	decreases	in	

cortical	 thickness	 and	 cortical	 ODI	with	 increasing	 age.	 	 These	 effects	

were	 independent	 of	 gender	 and	 Aβ-deposition;	 and	 estimated	

percentage	rates	of	change	were	consistent	with	estimated	atrophy	rates	
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derived	 from	 short	 interval	 longitudinal	 imaging	 studies	 (Cash	 et	 al.	

2015;	Fjell	et	al.	2009).				

	

Although	requiring	confirmation	from	longitudinal	data,	the	implication	

of	 these	 findings	 is	 that	 increasing	 age,	 even	 over	 a	 comparatively	

narrow	time	window,	is	an	important	determinant	of	brain	structure	in	

older	adults	and	must	be	considered	whilst	investigating	ageing	cohorts.	

	

8.4 Cortical	NDI	–	a	potential	biomarker	for	AD	

	

As	 highlighted	 above,	 cortical	 NODDI	 provided	 new	 insights	 into	 the	

relationship	 between	 cortical	 Aβ-deposition/ageing	 and	 cortical	 grey	

matter	structure.	The	majority	of	the	findings	in	this	thesis	derived	from	

NDI	and	ODI	metrics	were	independent	of	cortical	thickness,	highlighting	

that	NODDI	metrics	provide	 structural	 information	above	and	beyond	

macrostructural	 measures	 alone.	 This	 was	 even	 the	 case	 in	 proof	 of	

concept	 analyses	 in	 YOAD	 described	 in	 chapter	 6,	 where	 despite	

evidence	of	extensive	atrophy	in	many	of	regions	investigated,	there	was	

still	 evidence	 that	 cortical	 ODI	 and	 NDI	 was	 reduced	 in	 patients	

compared	to	age-matched	controls.		

	

The	 data	 in	 Insight	 46	 suggest	 that	 cortical	 NDI	 in	 particular	 has	 the	

potential	 to	 be	 a	 biomarker	 of	 microstructural	 change	 in	 AD.	 Firstly,	

evidence	is	provided	that	cortical	NDI	may	be	a	more	sensitive	marker	of	

Aβ-associated	neurodegeneration	in	the	cortical	grey	matter	than	other	
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structural	properties.	This	was	highlighted	by	the	fact	that	evidence	of	

decreases	in	NDI	associated	with	increasing	SUVR	were	more	extensive	

than	 cortical	 thickness	 and	 cortical	 ODI.	 Furthermore,	 unlike	 cortical	

ODI,	cortical	NDI	appeared	to	be	relatively	spared	from	associations	with	

increasing	age.	This	may	suggest	neurite	loss	is	a	less	prominent	feature	

of	 “normal	 ageing”	 and	 more	 likely	 to	 reflect	 pathological	

neurodegeneration.	If	so,	this	implies	that	cortical	NDI	may	be	a	useful	

and	sensitive	outcome	measures	for	AD	clinical	trials.	Further	work	in	

independent	 cohorts	 to	 validate	 these	 findings	 is	 required,	 which	 is	

certainly	 feasible,	given	the	relatively	short	acquisition	times	required	

for	multi-shell	diffusion	MRI	sequences	that	enable	NODDI	analysis	and	

its	lack	of	radiation	exposure.		

	

8.5 Limitations	

	

Insight	46	has	a	range	of	 limitations.	 	Although	a	population-sampling	

based	 approach	was	 employed,	 the	 participants	 recruited	 represent	 a	

fraction	of	the	NSHD,	and	as	a	result,	are	vulnerable	to	recruitment	bias.	

In	 particular	 the	 sampling	 approach	 where	 a	 minimum	 dataset	 was	

required	(see	section	2.2),	as	well	as	the	logistics	involved	in	travelling	

to	 London	 and	 undergoing	 an	 intensive	 day	 of	 testing	 increases	 the	

likelihood	that	the	Insight	46	sub-sample	may	not	be	fully	representative	

of	the	original	NSHD	cohort.	This	has	been	borne	out	by	recent	analyses	

comparing	 Insight	 46	 to	 the	 entire	NSHD	 cohort,	where	 although	 key	

variables	 such	 as	 gender	 and	 APOE	 genotype	 were	 not	 predictors	 of	
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recruitment,	 Insight	 46	 participants	 did	 exhibit	 higher	 levels	 of	

educational	attainment,	higher	levels	of	prior	cognitive	performance	and	

were	 more	 likely	 to	 have	 a	 non-manual	 socio-economic	 position	

compared	to	the	wider	NSHD	cohort	(James	et	al.	2018).		

	

Beyond	the	recruitment	bias	of	an	intensive	study	such	as	Insight	46,	the	

wider	 NSHD	 cohort	 itself	 also	 has	 limitations	 that	 impact	 on	

generalisability,	 including	 the	 initial	 exclusion	 of	 multiple	 births	 and	

those	born	to	unmarried	mothers,	and	the	fact	that	the	vast	majority	of	

NSHD	study	members	are	of	white	ethnic	origin	(Stafford	et	al.	2013).	

	

A	further	limitation	of	Insight	46	is	loss	of	imaging	data.	Approximately	

5%	of	participants	enrolled	into	Insight	46	did	not	undergo	the	scanning	

protocol	due	to	claustrophobia.	This	is	consistent	with	current	literature,	

where	the	incidence	of	adult	claustrophobia	in	MRI	scanner	ranges	from	

1-15%	(Murphy	&	Brunberg	1997).	High	rates	of	 claustrophobia	have	

even	been	observed	in	studies	with	extensive	screening	processes	that	

excluded	claustrophobic	patients	on	an	a	priori	basis	(Katznelson	et	al.	

2008).	Furthermore,	MRI	acquisition	error	and	quality	 control	 failure,	

largely	due	to	movement	artefact	(particularly	in	the	case	of	diffusion-

weighted	 imaging)	 led	 to	 loss	 of	 imaging	 data.	 However,	 rates	 of	

structural	MRI	quality	control	failure	were	very	low	(3/471	T1-weighted	

images).	 This	 may	 be	 due	 to	 the	 capacity	 to	 repeat	 the	 T1-weighted	

sequences	 during	 scanning	 sessions	with	members	 of	 the	 study	 team	

trained	to	identify	quality	control	issues	specific	to	studies	of	structural	

MRI	present	 at	 the	 scanner.	 Furthermore,	 twenty-six	 participants	 had	
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incomplete	 Aβ	 PET	 list-mode	 data	 precluding	 pseudo-CT	 attenuation	

correction.	 Multiple	 imputation	 techniques	 were	 applied	 to	 generate	

imputed	 SUVR	values,	which	 limited	data	 loss,	 and	demonstrated	 this	

imputation	 methodology	 had	 limited	 impact	 on	 the	 reliability	 of	 the	

results	obtained,	particularly	in	the	context	of	binary	classification	of	Aβ	

deposition.	Where	possible,	a	multiple	 imputation	modelling	approach	

was	used	for	all	linear	regression	models	incorporating	SUVR	values	in	

this	 analysis.	 Increases	 in	 standard	 error	 due	 to	 the	 use	 of	 imputed	

values	were	 very	 low,	with	 no	material	 difference	 being	made	 to	 the	

results	obtained.		

	

A	major	development	 in	 the	AD	biomarker	 field	since	 the	 inception	of	

Insight	46	has	been	the	emergence	of	PET	radiotracers	designed	to	bind	

to	tau-containing	neurofibrillary	tangles	(Johnson	et	al.	2016),	and	given	

the	importance	of	tau	in	the	pathogenesis	of	AD	(Braak	&	Braak	1991)	its	

absence	 in	 this	 dataset	 is	 a	 limitation.	However,	 as	 highlighted	 in	 the	

introduction	 it	 is	 important	 to	 note	 that	 the	 current	 crop	 of	 tau	

radiotracers	 exhibit	 a	 number	 of	 technical	 limitations	 (Marquié	 et	 al.	

2015;	 Bevan-Jones	 et	 al.	 2017;	 Ng	 et	 al.	 2017;	 Wren	 et	 al.	 2018).	

Furthermore,	the	use	of	multiple	PET	radiotracers	has	significant	cost,	

radioactivity	 exposure	 and	 logistical	 implications.	 This	 is	 particularly	

relevant	in	the	context	of	a	large	birth	cohort	such	as	the	NSHD	where	

overall	research	aims	of	the	study	are	not	limited	to	the	investigation	of	

pre-clinical	AD.	Furthermore,	participant	retention	is	a	major	priority	of	

such	 studies	 and	 increasing	 the	 burden	 on	 individual	 participant	 by	
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increasing	 study	 visit	 days	 and	 scanning	 sessions	 is	 an	 important	

consideration.	

	

Although	this	thesis	highlights	the	promise	of	cortical	NODDI	metrics	as	

biomarkers	in	AD,	as	highlighted	in	the	relevant	chapters,	these	too	are	

subject	 to	 a	 number	 of	 limitations.	 Although	 white	 matter	 NODDI-

derived	indices	have	been	shown	to	closely	correlate	with	histology	in	

the	context	of	multiple	sclerosis	spinal	cord	lesions	(Grussu	et	al.	2017),	

there	is	no	histopathological	data	specifically	validating	the	use	of	NODDI	

in	cortical	grey	matter.	Furthermore,	discrepancies	between	the	NODDI	

model	and	other	multi-shell	diffusion	techniques	that	utilize	linear	and	

spherical	tensor	encoding	have	been	reported	(Lampinen	et	al.	2017).		A	

further	potential	difficulty	of	applying	the	NODDI	model	to	grey	matter	

is	that	there	are	reports	to	suggest	that	certain	parameters	that	make	up	

the	 NODDI	 biophysical	 model	 require	 specific	 optimisation	 for	 grey	

matter.	Specifically,	it	has	been	argued	that	the	intrinsic	free	diffusivity	

(one	of	the	a	priori	model	parameters	of	NODDI),	which	is	set	at	1.7	×	

10−3mm2s−1	 in	 the	 standard	NODDI	model	 should	be	modified	 to	1.1×	

10−3mm2s−1	(Guerrero	et	al.	2016).	This	was	not	performed	for	either	of	

the	 cortical	 NODDI	 analyses	 described	 in	 this	 thesis.	 However,	 recent	

cortical	 grey	 matter	 NODDI	 surface-based	 analyses	 performed	 with	

intrinsic	 free	 diffusivities	 of	 1.7	 ×	 10−3mm2s−1	 and	 1.1×	 10−3mm2s−1	

revealed	no	significant	differences	in	the	results	obtained	suggesting	this	

specific	modification	for	grey	matter	analyses	may	not	be	required	(Genç	

et	al.	2018).		
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A	 further	 consideration	 regarding	 NODDI	 is	 whether	 its	 in-built	

assumptions	are	more	or	less	applicable	depending	on	which	cohort	it	is	

applied	(i.e.	healthy	adults	as	opposed	to	patients	with	dementia).	For	

example,	it	is	not	known	to	what	extent	the	presence	of	extracellular	Aβ	

molecules	perturbs	the	model	and	further	work	of	the	NODDI	model	in	

different	cohorts	is	required	to	establish	this.	

	

Owing	 to	 large	 voxel	 sizes,	 estimates	 of	 grey	 matter	 uptake	 of	 PET	

radiotracers	 are	 vulnerable	 to	 partial	 volume	 effects	 due	 to	

contamination	 from	 CSF	 and	 adjacent	 white	 matter.	 Although	 the	

influence	of	atrophy	was	considered	in	cortical	NODDI	metric	analyses	

by	incorporating	estimates	of	cortical	thickness	into	regression	models,	

this	 direct	 approach	 was	 not	 possible	 when	 investigating	

macrostructural	structures	as	they	were	the	primary	variable	of	interest.		

	

There	are	a	number	of	partial	volume	correction	methods	available	for	

PET	data,	but	all	are	limited	by	the	fact	that	they	substantially	increase	

variance	(Villemagne	et	al.	2017).	Preliminary	analyses	performed	by	Dr	

David	Cash	revealed	the	variance	of	SUVR	values	increased	from	0.0056	

to	 0.0221	 after	 partial	 volume	 correction	 (utilizing	 an	 Iterative	 Yang	

approach	 (Thomas	 et	 al.	 2016)).	 Furthermore,	 in	 cognitively	 normal	

older	adults,	large	scale	atrophy	(as	seen	clinically	established	AD)	is	less	

likely,	and	consequently,	the	potential	impact	of	partial	volume	effects	in	

such	a	cohort	would	be	anticipated	to	be	low.	This	is	supported	by	data	

in	 this	 thesis	 where	 firstly,	 relationships	 between	 Aβ	 and	

macrostructural	 measures	 were	 subtle;	 and	 secondly,	 relationships	
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between	 cortical	 NODDI	 metrics	 and	 Aβ	 PET	 remained	 largely	

unchanged	 by	 correction	 for	 cortical	 thickness.	 On	 this	 basis,	 and	 in	

accordance	with	the	majority	of	literature	(including	clinical	trials	(Egan	

et	al.	2018))	Aβ	PET	data	without	partial	volume	correction	was	defined	

as	the	primary	metric	of	cerebral	Aβ	deposition	in	Insight	46.		

	

8.6 Future	work	

	

There	 are	 a	 number	 of	 interesting	 research	 areas,	 which	 although	

beyond	the	scope	of	the	primary	aims	of	this	thesis,	the	Insight	46	dataset	

is	well	suited	to	address	in	future	work.	One	particularly	important	area	

is	 the	 functional	 significance	 of	 the	 associations	 between	 cerebral	 Aβ	

deposition	 and	 grey	matter	metrics	 in	 cognitively	 normal	 individuals.	

Insight	46	data	collection	includes	a	wide	range	of	assessments	capturing	

various	aspects	of	higher	cortical	functions,	including	cognition,	auditory	

function,	 olfaction	 and	 motor	 function	 (Lane	 et	 al.	 2017).	 How	

performance	on	these	tests	relate	to	cerebral	Aβ	deposition,	as	well	as	

grey	 matter	 imaging	 metrics	 will	 be	 a	 key	 area	 of	 further	 study.	

Furthermore,	how	this	relates	to	functional	performance	across	the	life	

course	will	also	be	of	interest.	Insight	46	study	members	possess	a	wide	

range	 of	 cognitive	measures	 across	 the	 life	 course	 (Lane	 et	 al.	 2017),	

which	 enable	 estimates	 of	 cognitive	 trajectories	 prior	 to	 Insight	 46	

assessment	 and	 may	 act	 as	 a	 more	 sensitive	 marker	 of	 cognitive	

dysfunction	than	cross-sectional	assessments	alone.	
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Insight	46	 is	planned	as	 a	 two-time	point	 study	and	 longitudinal	data	

collection	 is	 ongoing	 (Lane	 et	 al.	 2017).	 Longitudinal	 data	 will	 be	

required	 to	 definitively	 establish	 the	 veracity	 of	 the	 findings	 in	 this	

thesis.	Furthermore,	how	both	Aβ	PET	data	and	grey	matter	structural	

metrics	relate	to	evidence	of	future	cognitive	decline	will	be	of	interest.	

		

Grey	 matter	 structural	 imaging	 metrics	 are	 largely	 seen	 as	 potential	

biomarkers	 of	 neurodegeneration	 in	 AD.	 However,	 exciting	 work	

focussing	on	CSF	and	blood	biomarkers	of	has	also	identified	potential	

neurodegenerative	 biomarkers.	 A	 key	 example	 being	 neurofilament	

light,	which	is	a	marker	of	neuronal	injury	and	has	shown	to	be	raised	in	

AD	and	other	neurodegenerative	diseases	(Mattsson	et	al.	2017;	Rohrer	

et	 al.	 2016).	How	 this	biomarker	 relates	 to	 the	grey	matter	 structural	

metrics	 across	 the	 pathophysiological	 continuum	 of	 AD	 will	 be	 of	

interest,	 particularly	 to	what	 extent	 they	 provide	 complementary	 and	

independent	 information	 as	 it	 is	 likely	 that	 imaging	 approaches	 and	

fluid-based	biomarkers	will	be	utilized	in	concert	in	future	clinical	trials,	

as	well	as	clinical	practice.		

	

Another	 key	 area	 of	 research	 in	 the	 dementia	 field	 that	 was	 not	

considered	 in	 this	 thesis	 was	 the	 impact	 of	 cerebrovascular	 disease.	

Cerebrovascular	 disease	 is	 the	 second	 largest	 independent	 cause	 of	

dementia	 accounting	 for	 15%	 of	 cases,	 and	 although	 the	 precise	

mechanisms	are	unclear,	there	is	also	evidence	relating	cerebrovascular	

disease	 with	 AD	 (O’Brien	 &	 Thomas	 2015).	 There	 is	 epidemiological	

evidence	 from	 the	 MRC	 Cognitive	 Function	 and	 Ageing	 Study	 that	
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dementia	prevalence	in	individuals	aged	65	and	over	decreased	in	a	two	

decade	period,	and	one	interpretation	of	this	data	was	that	this	could	be	

in	 part	 attributed	 to	 improved	 prevention	 of	 vascular	 morbidity	

(Matthews	et	al.	2013).	The	NSHD	has	a	rich	set	of	life	course	variables	

that	 detail	 cardiovascular	 risk,	 including	 but	 not	 limited	 to:	 blood	

pressure	 trajectories;	 diabetes	 history;	 cholesterol	 blood	 testing;	

detailed	smoking	history;	echocardiogram;	carotid	Doppler	ultrasound	

scanning;	 and	 measurements	 of	 physical	 activity	 (Lane	 et	 al.	 2017).	

Furthermore,	the	Insight	46	imaging	protocol	and	its	associated	imaging	

analysis	pipelines	also	enable	quantification	of	various	aspects	relevant	

to	cerebrovascular	disease	(e.g.	white	matter	hyperintensities,	cerebral	

microbleeds,	arterial	blood	flow)(Lane	et	al.	2017).	Work	is	ongoing	to	

investigate	the	relationship	between	risk	factors	and	imaging	markers	of	

vascular	disease,	and	how	they	integrate	with	cerebral	Aβ	deposition	and	

grey	matter	structural	imaging	metrics	will	be	of	interest.	

	

Furthermore,	 DNA	 from	 Insight	 46	 participants	 have	 also	 undergone	

detailed	genetic	analysis	(Lane	et	al.	2017).	Combing	neuroimaging	and	

genetic	 data	 is	 a	 rapidly	 evolving	 field	 (Scelsi	 et	 al.	 2018).	 Numerous	

studies	have	explored	the	relationship	between	APOE	status	and	imaging	

outcomes	(Y.	Liu	et	al.	2015)	and	 Insight	46	 is	also	well	positioned	 to	

investigate	this	relationship.	In	addition	to	APOE,	investigation	to	what	

extent	other	genetic	risk	factors	(as	well	as	polygenic	risk	scores	(Escott-

Price	et	al.	2015))	have	on	imaging	metrics	will	be	of	interest.		

	



	
261	

A	further	clear	avenue	for	investigation	is	rather	than	looking	at	cortical	

composite	 measures	 of	 cerebral	 Aβ	 deposition	 and	 its	 effect	 on	 grey	

matter	structure,	is	to	investigate	the	influence	of	regional	Aβ	deposition.	

In	 particular,	 given	 the	 lack	 of	 association	 between	 subcortical	 grey	

matter	volumes	and	cortical	SUVR,	it	will	be	interesting	to	investigate	if	

there	is	evidence	of	linear	associations	between	estimates	of	subcortical	

Aβ	deposition	and	grey	matter	structure.	

	

Furthermore,	there	are	a	wide	range	of	biological	and	technical	factors	

that	 influence	 quantification	 of	 the	 PET	 signal	 derived	 from	 Aβ	

radiotracers	that	contribute	to	the	accuracy	of	cerebral	Aβ	measurement	

(Schmidt	 et	 al.	 2014).	 These	 include,	 but	 are	 not	 limited	 to:	 partial	

volume	 effects,	 radiotracer	 delivery	 (e.g.	 blood	 flow),	 radiotracer	

clearance	(e.g.	metabolism),	scan	acquisition,	radiotracer	characteristics	

(e.g.	 dose,	 radioactivity),	 motion	 artefacts	 and	 selection	 of	 reference	

region	(Schmidt	et	al.	2014).	Further	work	investigating	these	factors	are	

of	key	importance	to	the	field	and	large	datasets	such	as	Insight	46	are	

well	placed	to	address	this	area	of	research.	

	

	

8.7 Final	conclusion	

	

Overall,	 this	 thesis	 provides	 evidence	 from	 a	 well-characterised	 and	

large	 dataset,	 that	 both	 β-amyloid	 deposition	 and	 ageing	 are	

independently	 and	 differentially	 associated	 with	 grey	 matter	
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macrostructural	 and	microstructural	 properties	 in	 cognitively	 normal	

older	adults.	Longitudinal	data,	which	will	be	available	from	Insight	46	

in	the	near	future	will	be	vital	for	future	exploration	and	confirmation	of	

these	 findings,	 and	 critical	 to	 establish	 their	 potential	 roles	 in	 early	

diagnosis,	 and	 as	 outcome	 measures	 for	 clinical	 trials.	 Furthermore,	

analyses	 incorporating	 a	 diverse	 range	 of	 data	 such	 as:	 blood-based	

biomarkers;	other	imaging	modalities;	life	course	variables;	and	genetic	

information,	 will	 also	 present	 further	 opportunities	 to	 increase	

understanding	of	 the	 relationship	between	 cortical	Aβ	deposition	 and	

grey	matter	structure	during	the	pre-clinical	phase	of	sporadic	AD.		
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Appendices	

	

Appendix	A:	Supplementary	analysis	–	is	there	evidence	to	

suggest	observations	with	age	at	scanning	are	a	result	of	the	

order	in	which	Insight	46	participants	were	assessed?	

	

There	was	no	evidence	TIV	was	related	to	age	at	time	of	scanning	in	

either	Insight	46	sub-sample	utilized	in	this	analysis	making	it	unlikely	

any	observed	effects	with	increasing	age	were	related	to	scanner	drift	

(see	Figure	50).	

	

Figure	50.	Increasing	age	is	not	associated	with	head	size	

	

All	linear	regression	analyses	where	statistically	significant	associations	

with	 age	 at	 time	 of	 scanning	 in	 this	 thesis	 were	 repeated	 with	 an	

extensive	range	of	co-variates	to	explore	the	possibility	that	factors	(e.g.	

cognitive	capacity	(Stafford	et	al.	2013))	that	could	potentially	influence	

participant	 recruitment	 order	 were	 responsible	 for	 the	 observed	

associations	with	increasing	age.		
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These	 co-variates	 were:	 socioeconomic	 status,	 education,	 APOE	

genotype,	 subjective	 cognitive	 impairment	 (participant	 or	 informant)	

and	objective	cognitive	 impairment	 (scoring	below	1.5	SD	on	DSST	or	

delayed	recall).	The	results	are	detailed	in	Table	29.	

	
	

Association	with	
age	

β-coefficient	
p-value	

Association	with	age	
β-coefficient	(95%	CIs)	
CO-VARIATE	MODEL	

p-value	
	

Right	hippocampus	 -46	(-89,	-3)	 0.038*	 -47(-89,	-4)	 0.032*	
Total	hippocampus	 -89	(-170,	0)	 0.049*	 -88	(-171,	-4)	 0.04*	

Left	CA1	 -11	(-19,	-3)	 0.009*	 -11	(-19,	-3)	 0.008*	
Right	CA1	 -12	(-21,	-2)	 0.015*	 -12	(-21,	-3)	 0.009*	
Total	CA1	 -23	(-39,	-6)	 0.008*	 -23	(-40,	-7)	 0.005*	
Left	CA4	 -4	(-7.	-1)	 0.005*	 -4	(-7.	-1)	 0.005*	
Right	CA4	 -4	(-7,	-1)	 0.021*	 -4	(-8,	-1)	 0.013*	
Total	CA4	 -8	(-14,	-2)	 0.006*	 -8	(-14,	-3)	 0.005*	

Left	GCMLDG	 -5	(-9,	-2)	 0.002*	 -5	(-9,	-2)	 0.002*	
Right	GCMLDG	 -5	(-9,	-2)	 0.007*	 -6	(-10,	-2)	 0.005*	
Total	GCMLDG	 -11	(-18,	-4)	 0.002*	 -11	(-18,	-4)	 0.002*	
Right	Subiculum	 -8	(-15,	-1)	 0.02*	 -8	(-14,	-1)	 0.021*	
Total	Subiculum	 -14	(-26,	-2)	 0.026*	 -14	(-26,	-2)	 0.025*	
Left	Amygdala	 -39	(-60,	-19)	 <0.001*	 -39	(-60,	-19)	 <0.001*	
Right	Amygdala	 -32	(-51,	-12)	 0.001*	 -30	(-50,	-11)	 0.002*	
Total	Amygdala	 -71(-108,	-34)	 <0.001*	 -70	(-106,	-33)	 <0.001*	
Mean	cortical	
thickness	(mm)	

-0.016		
(-0.027,	-0.004)	 0.007*	 -0.016		

(-0.028,	-0.004)	 0.007*	

Mean	cortical	ODI	 -0.0025		
(-0.0042,	-0.0007)	 0.007*	 0.0024		

(-0.0042,	-0.0006)	 0.009*	

Mean	cortical	
ODIadjusted	for		thickness	

-0.0022		
(-0.0039,	-0.0004)	 0.016*	 -0.0022		

(-0.004,	-0.0004)	 0.019*	

Table	29.	Associations	between	increasing	age	and	grey	matter	imaging	metrics	–	

influence	of	a	potential	range	of	confounders.	

	

There	was	also	no	evidence	to	suggest	that	image	quality	influenced	

these	age-related	findings	as	only	a	small	number	of	volumetric	T1-

weighted	images	failed	formal	quality	control	(n=3),	and	there	was	no	

evidence	of	relationship	with	age	at	time	of	scan	(p=0.67	–	unequal	t-

test).	
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Appendix	B:	Publications	arising	from	the	thesis	thus	far	(thesis	

author	underlined	and	in	bold)	

	

Lane	CA	(joint	first	author),	Parker	TD	(joint	first	author),	Cash	DM,	

Macpherson	K,	Donnachie	E,	Murray-Smith	H,	Barnes	A,	Barker	S,	

Beasley	DG,	Bras	J,	Brown	D,	Burgos	N,	Byford	M,	Jorge	Cardoso	M,	

Carvalho	A,	Collins	J,	De	Vita,	Dickson	JC,	Epie	N,	Espak	M,	Henley	SMD,	

Hoskote	C,	Hutel	M,	Klimova	J,	Malone	IB,	Markiewicz	P,	Melbourne	A,	

Modat	M,	Schrag	A,	Shah	S,	Sharma	N,	Sudre	CH,	Thomas	DL,	Wong	A,	

Zhang	H,	Hardy	J,	Zetterberg	H,	Ourselin	S,	Crutch	SJ,	Kuh	D,	Richards	M,	

Fox	NC,	Schott	JM.		

Study	protocol:	Insight	46	–	a	neuroscience	sub-study	of	the	MRC	

National	Survey	of	Health	and	Development.	BMC	Neurology.		2017	Apr	

18;	17(1):75.		

	

Parker	TD,	Slattery	CF,	Zhang	J,	Nicholas	JM,	Paterson	RW,	Foulkes	

AJM,	Malone	IB,	Thomas	DL,	Modat	M,	Cash	DM,	Crutch	SJ,	Alexander	

DC,	Ourselin	S,	Fox	NC,	Zhang	H,	Schott	JM.		Cortical	microstructure	in	

young	onset	Alzheimer's	disease	using	neurite	orientation	dispersion	

and	density	imaging.	Human	Brain	Mapping.	2018	July;	39(7):3005-

3017.		

	

Parker	TD,	Schott	JM.	Navigating	genetic	influences	on	the	topography	

of	Alzheimer’s	disease.	Biological	Psychiatry	2018;	84(7):476-47	
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Parker	TD,	Slattery	CF,	Yong	KXX	,	Nicholas	JM,	Paterson	RW,	Foulkes	

AJM,	Malone	IB,	Thomas	DL,	Cash	DM,	Crutch	SJ,	Fox	NC,	Schott	JM.		

Differences	in	hippocampal	subfield	volume	are	seen	in	phenotypic	

variants	of	early	onset	Alzheimer's	disease.	NeuroImage:	Clinical.	2018	

December	
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Appendix	C:	Division	of	Labour		

	

The	work	described	in	this	thesis	was	conducted	by	the	thesis	author	in	

collaboration	with	other	UCL	researchers	based	at:	the	Dementia	

Research	Centre	(DRC);	the	Centre	for	Medical	Image	Computing	

(CMIC);	the	London	School	of	Hygiene	&	Tropical	Medicine	(LSHTM)	

and	the	MRC	Unit	for	Lifelong	Health	and	Ageing	(LHA).		

	

Individual	contributions	to	each	chapter	are	detailed	below.		

	

Chapter	2:	Insight	46	

	

Recruitment,	consent	and	clinical	data	collection	for	Insight	46	was	

performed	by	the	thesis	author,	Dr	Chris	Lane	(DRC),	Dr	Ashvini	

Keshavan	(DRC),	Dr	Sarah	Buchanan	(DRC)	and	Dr	Sarah	Keuss	(DRC).	

Psychology	data	was	collected	by	trained	psychology	research	

assistants	(led	by	Kirsty	Lu	under	the	supervision	of	Professor	

Sebastian	Crutch	(DRC)).	The	Insight	46	study	co-ordinator	is	Heidi	

Murray-Smith.	Florbetapir	PET	processing	in	order	to	generate	SUVR	

data	and	an	Aβ-positivity	threshold	was	performed	by	Dr	David	Cash	

(DRC).	Quality	control	of	structural	MRI	data	was	performed	by	the	

clinical	trials	team	led	by	Dr	Ian	Malone	(DRC).	Diffusion	MRI	quality	

control	for	Insight	46	was	performed	by	the	thesis	author,	Dr	Chris	

Lane	(DRC),	Dr	Sarah	Buchanan	(DRC),	Dr	Sarah	Keuss	(DRC)	and	Hugh	

Pemberton	(DRC).	The	principal	investigators	who	initially	established	
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and	oversaw	cross-sectional	data	collection	were:	Professor	Jonathan	

Schott	(DRC),	Professor	Nick	Fox	(DRC),	Professor	Marcus	Richards	

(LHA)	and	Professor	Diana	Kuh	(LHA).		

	

	Chapter	3:	Hippocampal	volume	in	Insight	46	

	

Local	pipelines	generating	automated	hippocampal	volume	and	TIV	

estimates	were	established	by	the	clinical	trials	team	led	by	Dr	Ian	

Malone	(DRC).	The	statistical	analysis	was	designed	and	carried	out	by	

the	author,	with	the	input	of	Dr	Jennifer	M	Nicholas	(DRC	&	LSHTM).	

	

Chapter	4:	Hippocampal	subfield	volumes	in	Insight	46	

	

Local	pipelines	processing	structural	imaging	data	through	Freesurfer	6	

hippocampal	subfields	algorithm	were	implemented	by	the	thesis	

author	and	Dr	David	Cash.	The	statistical	analysis	was	designed	and	

carried	out	by	the	author,	with	the	input	of	Dr	Jennifer	M	Nicholas	(DRC	

&	LSHTM).	

	

Chapter	5:	Subcortical	grey	matter	volume	loss	in	Insight	46	beyond	the	

hippocampus	

	

Local	pipelines	processing	structural	imaging	data	through	GIF	were	

implemented	by	the	thesis	author	and	Dr	David	Cash.	The	statistical	

analysis	was	designed	and	carried	out	by	the	author,	with	the	input	of	

Dr	Jennifer	M	Nicholas	(DRC	&	LSHTM).	
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Chapter	6:	Cortical	microstructure	in	young	onset	Alzheimer’s	disease	

using	NODDI	–	a	proof	of	concept	study	

	

Clinical	data	was	collected	by	Dr	Catherine	Slattery	(DRC),	Dr	Ross	

Paterson	(DRC)	and	Dr	Alex	Foulkes	(DRC).	Generation	(including	

quality	control)	of	NODDI	maps	was	performed	by	Jiaying	Zhang	

(CMIC),	Dr	Hui	Zhang	(CMIC)	and	Dr	Ian	Malone	(DRC).	The	surface-

based	cortical	grey	matter	NODDI	processing	approach	was	carried	out	

by	the	thesis	author.	The	statistical	analysis	was	designed	and	carried	

out	by	the	author,	with	the	input	of	Professor	Jonathan	Schott	(DRC),	Dr	

Hui	Zhang	(CMIC),	Professor	Nick	Fox	(DRC)	and	Dr	Jennifer	M	Nicholas	

(DRC	&	LSHTM).	
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Chapter	7:	The	relationship	between	cerebral	Aβ	deposition	and	

cortical	grey	matter	microstructure	in	Insight	46	

	

The	surface-based	cortical	grey	matter	NODDI	processing	was	

performed	by	thesis	author.	The	statistical	analysis	was	designed	and	

carried	out	by	the	author,	with	the	input	of	Professor	Jonathan	Schott	

(DRC)	and	Dr	Jennifer	M	Nicholas	(DRC	&	LSHTM).	
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