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Abstract
Cognitive decline is one of the most feared aspectsarfigéeading to major health and
social issues. Naepathological oragerelated cognitive decline leads to increased challenges
in completing tasks that require information processing and memory, which in turn leads to a
del eterious effect on an individual s enjoyn
resilierce is our ability to withstand negative effects of stress and maintain cognitive
functioning. Understanding the factors that contribute to resilience is becoming increasingly
importantgiventhea ng demographics of the wingr!|l ddés poj
knowledge of how noigenetic factors such as cardiovascular health and social participation
contribute to cognitive resilience; however, an understanding of the genetic contribution has
been hampered by the lack of large datasets with genetic dagaitaide longitudinal data
on cognition Chapter lexploresthe currentinderstandin@f cognitivegeneticdeading to

our currenknowledge & what constitutesognitive resilience.

In chapter 2] discuss thearious bioinformatic tools antiethods empyed to creata

cogntive resilience phenotyp@dto exploregenetic variation associated with cognitive
resilience within the UK Biobank (UKB)n Chapter 3, | discuss how the absence of direct
measurements of cognitive ability at didtelepoints we employed proxy phenotypes. We

used number of years in education (education years (EY)) as a proxy phenotype for cognitive
performance in early adulthood, following several previous studies. Current cognitive
performance was determined basad®action time (RT) as a measure of processing speed.
This approach captured an average time span of 40 years between past and current cognitive
performance in 330,097 individuals.confounding factom my analysis is thaEY is highly
polygenic and ma&®d the genetics of resilience. To overcome thesnployed Genomics
Structural Equation Modelling (GenomicSEM) to perform a G\AASsubtraction using two
GWAS, one GWAS of EY and resilience and a second GWAS of EY but not resilience.
Subtracting one frorthe other generated a GWAS of Resilience. Replication of this approach

was shown using independent discovery and replication samples within UKB

Chapter 4 outlines the results of ftinoal analysis on thiill UKB GWAS which show

significant genetic coelation with a GWAS of cognitive change in the independent Health

and Retirement Study (N=9,526; P=1.5x3)0 We found 13 independent genetic loci for
Resilience. Functional analyses showed enrichment in several brain regions and involvement
of specific ell types, including GABAergic neurons (P=6.59x@0and glutamatergic

neurons (P=6.98x16) in the cortex. Genset analyses implicated the biological process

XXI



Aneuron differ e/t iaantdi anhoe (cR49.unlxalr0 component
(P=2.14x166). Thec el | ul ar c omp o n emdastrongdffedize gnal o0s 0o me ¢
(Beta=1.22, P=4.7%10-6). The role ofMendelian randomization analysis showed a causative

effect of white matter volume on cognitive resilience.

In chapter 51 discuss ad hoc testing showthat he genetic correlation between Resilience

and RT is strong because this is antitiBed resilience phenotype. However, there are
differences in the associated genes being detected. This phenotype enabled the identification
of genetic differencesdiween those individuals in the UKB who preserved or maintained

their capability to process information and respond overyed0time period compared to
individuals who showed diminishing processing spa@éiks chapter also explores the effect

of the gew rich locus orthromosome 3howing that is does not unduly influence the

functional analysisAd hoc testing also shows limited overlap watBWAS of declining

cognitive ability in theHealth andRetirementStudy.

The discussion in chapter 6 summatless findings of this thesiand highlights that this
researchs the firstof its kind to explore the genesiof cognitive resilience in large data and
opens the way for futuri@vestigationsn the aredo enhancehe neurobiological
understanding of resilienck.also proposes ways &mlvance the knowledge of the genetics
of cognitive resilience going forwasgith the ultimategoal of discovering interventionand
therapeutic compounds that wetbhmbatcognitivededine andimprove quality of life for an

ageing population.
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Chapter 1

1 Introduction

(Note thisIntroduction uses material gathered for my MS€linical Neuroscience, a recent
literaturereview (Fitzgerald, Morris, & Donohoe, 202@ndextracts from published search

where | was the lead auth(itzgerald et al., 2031

Improved life expectancy and declining birth rates has led to an increasing percentage of the
population that is greater than 60 years of ape average age of the world population is
increasing and according to the WH®expected to increase overathrin 12% to 22% by

2050 and will be up to 30% in the more developed couniesld Health, 201p(Figure

1.1). The human ageing process has evolved, as in other species, to stabilize populations and
ecosystems to mitigate for resource restrictions and predMiteldorf & Sagan, 2016 It

is an inherent part of our life cyclendunderstanding ageing processes is essential to

implement policies that promote healthgeing

«*  Percentage aged
60 years or older
C1o-9
3 10-19
3 20-24
B 25-29
I 30 or more

Figure 1.1: Projected proportion of the population over 60years of age in 2050
WHOT Report on ageing and health 2Q18orld Health, 201%

While overall physical health is a catemponent of the ageing process, cognitive health is

essential for normal functioningdge-related cognitive decline leads to increased challenges
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in completing tasks that require information processing and memory which in turn leads to a
deleterious effaconthe degree to which an individual can enjoy and patrticipate in life events
(Andrews, Das, Cherbuin, Anstey, & Easteal, 200®gnitive decline is one of the most

feared aspects afgeingleading to major health and social issues and is associated wi

illness, dementia and dedfbeary et al., 2009 However,individual rates of cognitive

decline differ and cannot be explained by advancing age alone. Factors such as education
level, fitness, diet, genetics, and overall life styituence rates of cognitive decline

(Daffner, 2010. The concept of cognitive resilience has receatigrged to explain this

variation

1.1 Age-related cognitive decline

There are several theories as to what constitutes overall intellidgéowever,with regards

to the measurement of cognitive decline and resilience the concepts of crystallized and fluid
intelligence are often used. Cryfiteed intelligence refers to the ability to use knowledge that
has been accumulated throoghlife, wh er eas fl ui d i ntelligence

ability to deal with new situations and proble(Bsown, 2016.

Examining the constructs of crystallized and fluntelligence shows that crystallized

intelligence remains stable over the life span and can show a gradual improvement of 0.02 to
0.003 standard deviations (SD) per year in our sixties and seventies as it is based on the
accumulation of life experiencesoversely, fluid intelligence peaks in our thirties and

declines at a rate 80.02 SD per yeaiHarada, Natelson Love, & Triebel, 201&xecutive
functioning, which is our capacity to direct our behaviour in a purposive, independent,
appropriate angoatrelatedmanner, declines with age, especially after the age of seventy

and is afécted by decline in speed of procesgidgrada et al., 20}3

Prospective memory, which is rememberiagperform an agreed task in the future, is

generally poorer in older people under laboratory settiiga/ever,in practice older people

are often more reliable than their younger counterparts and it is proposed that this is due to an
awareness of theimhitations and the uss# compensatory mechanisms. Furthermore, more
recent studies have shown that older people perform better in the setting and regulation of
goals which enhances prospective memory despite declining episodic m@&moym,

2016.

r
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Implicit memory, which is our automatic diby to perform a task suctsaiding a bike, is

task dependenNew implicit memory learnings complicated by declining motor skills in
older adults, buéxisting implicit memories argenerdly well preservedSchacter, 2019
Attention is also affected by ageowever simple auditory attention span is only slightly
affected whereas selective and divided attention demonstrate a more notable age effect
(Harada et al., 2033

1.1.1 Genetic and cellularprocesses involved in cognitive decline

Normal mgnitive ageings a process that happens during headthgingand is a resulbf the
inability of the body to counteract variousessors, such as detoxification of free radicals or
oxidative stress with resultant cellular daméaffner, 2010. Abnormal cognitivedecline
results frompathological processesich as tauopathidgs has been shown that decline see
inAl z h e idiseaseAD$ is notanacceleration of the healtlageingprocess but has a

unigue pathology of its owfToepper, 201)/(Figurel.2) .

Normal

Normal cognitive decline

MCI

Probable AD

e function

Abnormal
cognitive decline
Definite AD

Level of General Cognitiv

Age

Figure 1.2: Change in general cognitive functiorDiagram shwsthe normal progression through age in
contrat to the abnormal process where normal function is followed by mild cognitive impairment (MCI) and
Al zhei mer 8 s(Gupta,s-eaaPaatler,(&A&&bYer, 20F2tersen et al., 20D1
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However,theaccumulation of altered proteins in the bakigtis associated with agelated

pat hol ogies such as Al zhei mer 6mthadogicale ase ( AD)
cognitive ageing. Normally these proteins are degraded by cellular proteases but during

ageing there is either decreased elimination or increased prod(dtpkiss, 2006 Nilsson

& Tarnopolsky, 2019 These altered proteins may arise due to inaccayatthesis by

mitochondrial and cytoplasmic ribosomes, or damage inflicted by reactive nitrogen and

oxygen species, unstable amino acid residues that spontaneously racemise, isomerise or
deamidate and glycatiqilipkiss, 2006. This leads to apoptosthie to the buildup of

breakdown products caused by activity of superoxide and hydrogen pereiidie are

generated in the mitochondriéas neuronal cells are not readily tudhever or replaced,

neurodegeneration occyidilsson & Tarnopolsky, 2019

Recently proteomewide association studies of cognitive decline found almost 600 proteins
associated with cognitive trajectoryith neuronal mitochondrial activity, ineased synaptic
activity and decreased apoptosis and inflammaterh foundo be associated with cognitive
resilience(Wingo et al., 201p

Altered dopamine (DA) levels are associatethwmany neurodegenerative disorders and are
also linked with nofpathological ageing. Various pharmaceuticals developed to control
dopamine production are knowndffect memory, for example, bromocriptine improves
spatial working memory whereas halopetjdehich is a dopamine antagonist has the
opposite effec(Baddeley, Eysenck, & Anderson, 201A metaanalysis showthat the
reductions across the DA system are linked to a decrease in levels of DA transpdrters a
receptors with age but the ability to synthesise DA is not affected. The average reduction in
dopamine levels is 3.79%4.0% per decadarrer, Josef, Mata, Morris, & Samanrkarkin,
2017). The relationship of DA transporters to dopamine levels irmagecognitiorwas

studied using positron emission topography (PET), where a radioligand used to measure
binding of DA to the putamen and caudate showed clearedgted losses and these were
associated with a deterioration in executive function and episodic méRBrotgn-Lindroth

et al., 200%. As well as mediating the effects of cognitive decline, DA was also shown to
effect cognitive function where individual differerséa binding, independent of age were
shown tobe associated with crystallized intelligenel®wever, a more recent PET study was
unable to confirm the causal effect of dopamine receptor loss anélatgdl cognitive

decline and cautions the interpreting of PET findiflygrez et al., 20).9
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Another biologichpathway that has been implicated in cognithange is noradrenergic

signalling(for further details see Sectidn3.1.)).

Another biological factor that is increasingly associated withratged cognitive decline is
remodelling of the immune syste@ver time the efficacy of the immune system decreases
leading to a susceptibility to inflammatatiseases, reduced vaccimatiresponse and

increased vulnerability to infectioridiello et al., 2019. Activated microglia which are the
immune cells in the brain, produce the required mffeatory response. However, there is
preclinical and clinical evidence that in ageing and diseased states the microglia, by genetic
predisposition or by increasing sensitivity over time to previous pathology, produce a chronic
response with multiple neurotic consequences leading to neurodegeneration and loss in
brain function(Cunningham, 201)3A review of this relationship shows that chronic
inflammatory conditions or immunosenscence, increases fioestibility of older people to
infection and increases vascudayeingcausing neuroinflammation and cognitive decline
(Tangestani Fard & Stough, 2019

In addition, there is an association between replicative senescamm@icinflammation,and
telomere length. Telomeres are heterochromatic repeat regions at the ends of chromosomes,
and the length of these regions is thought to be a biomarker for biological &fjeamy et

al., 2016. The inflammatory response and oxidateathought to accelerate the shortening

of telomeres leading to eventis@nescencand accelerated ageing. Leucocyte telomere
lengthhasbeen associated with cognitizapabilityandis a potential biomarker of cognitive
ageing(Linghui et al., 202}) howeveyotherdata based on longitudinal studdid not show

strong evidence for an association between decline in cognitive functioning and telomere
length(Zhan et al., 2008 More work is needed to ascertain if telomere length is associated

with cognitive declindseeFigurel.3).
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Senescence and

. Microglia function
apoptosis

Changes in Noradrenaline
dopamine production

production

Degradative /
processes e.g. . / Telomere length
oxidative stress .

Figure 1.3: Biological theories of cognitive decline
Challenges to braifunctioningleading tocognitive decline.

1.1.2 Epigenetic factors influencing cognitivedecline

Alteration in lifestyle and environment modulates the effects of cognitive dethiee.
understanding of the epigenetic mechanisms triggered by these modulators through
longitudinal studies is critical to owverall understanding of cognitive declif®apenberg,
Lindenberger, & Backman, 20L®ysregulation of epigenetic mechanisms such as DNA
methylation, microRNAmediated gene regulation, nucleosome remodelling and changes in
posttranslational histone modifications have been associated with cognitive ageing and
influence most of the brain fations includingsynaptic plasticity, memory and learning
(Harman & Martin, 2020

Master switchegmolecules thathat drive cognitiveehange)were identifed in translational
studies that control epigenome regulating gene expression involved in cognitive ageing. It
appears that epigenetic modification is decreased in DNA methyl transferases 1 (DNMT1)
and increased in histone deacetylases 2 (HDAC?2) duringggiiegprocesgKonar, Singh, &
Thakur, 2015 (Figurel.4).
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Figure 1.4: Gene expression changes and master switaghage related cognitivedecline

Brain ageingaccompanies alteration in expression (red circles represent downregulation; blue circles represent
upregulation) of gerseebelonging to multiple pathways. Epigenetic modificatj@asticularly decrease in

DNMT1 and increase in HDAC?2 levyehight be master regulators and accordingly epigenetic modifiers might
prove ideal therapeutic targgtsonar et al., 2016

1.1.3 Psychological factors affecting cognitive decline

A systematic review of relationships between cognitive declingarsbnality traits showed
a consistent negative affect of neirism on cognitive performance in older adults and a
positive relationship with conscientiousness. other significant relationships were found
with other personaljttraits(Koller, Hill, Mogle, & Bharg, 2019. It is possible that the
relationship with conscientiousness is related to living a healthier life§igknness to new
experienceteading toa diverse range of activitidms a positive effect on cognitive ability
duringageing(Jackson, Hill, Payne, Parisi, & StiMorrow, 2020Q. Vulnerability to stress is
a trait of neuroticism and has been linked to poor cognitive performance in older adults
(Manning, Chan, & Steffens, 2017

Social interactionsnoderatecognitive declineSocial isolation has a negative effect on
cognitive functionEvans et al., 20)8Lonelinesswhichis different from social isolatio
suchthat it is an emotional rather than a physical stat@soassociated with cognitive
decline(Levitin, 2020Q. Loneliness has been found to be a heritable trait and a poly genic risk

7
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score for neuroticism was predictive of lonelingsisdellaoui et al., 2013 Social

interactiors and educational attainmeareassociated withhie trait of emotionaitelligence
Both these paraetersmediate the effects of declining emotional intelligence in older adults
(Cabello, Navarro Bravo, Latorre, & Fernand&ezrrocal, 201%. Both social isolation and
loneliness are associated with reduced glutamate in the bnah 18 important for signal
transmissior{Levitin, 202Q Shao et al., 20)5Having a largediverse and stimulating sat

network is associated with better cognitive funciiormwin & Stoeckel, 2015

1.1.4 Environmental factors associated with cognitive decline

Educational attainmenEQA) hasa strong association with cognitive function and much of

this is driven by a high correlation between EA and intelligéBeary, Penke, & Johngso

2010. However environmental factors such as childhood heafttisocioeconomic

parameters also affect EA independent of intelligence and have an association with cognitive

outcomes in later liféKobayashi et al., 2037

Sleep is restorative and recent research has uncovered the repair processes and memory
consolidations that happen during sle@pality andsleeppatterns are associated with

cognitive function in older adults. Long sleep latency (which is the time it takes to fall asleep)
is associated with cognitive decline in healthy older agwherea long sleep duration and

early sleep timeareassociated with normal cognitive functi(@uh et al., 2018 The

relationship of sleep duration with overall health is U shaipetthat significantly less theor
greater than 8 hours sleep is associated with poorer perfornfaraage sleep period of less
than six hours and greater than nine hours have been assedgthtpoorer health outcomes
(Fang et B, 2012 Levitin, 2020.

Cardiovascular healtfCVH) is important tacognitive functiorandgood midlife CVH is
associated with preserved cognitive function in later{fenzélez et al., 20)8Factors that
negatively affect CVH such as obesity, diabetes and high blood pressure are also associated
with cognitive declin€Leritz, McGlinchey, Kellison, Rudolph, & Milberg, 2011

Cardiovascular disease (CVD) impairs the regulation of cerebral blood flow which results in
reduced oxygen and nutrient supply to the hraffecting neuronal process@&nherle,
Matuskova, DorDoncow, Uhl, & Meissner, 2030Diet and exercisare therefore important

to neurocognitive function and there is evidetwcehowthat reversing thebesity trend has a
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positive effect on cognitive heal{Btillman, Weinstein, Marsland, Gianaros, & Erickson,
2017).

1.2 Theories of cognitive ageing

1.2.1 Processing speed and cognitive decline

Because processing speed is one of the strongest predictors of performance across cognitive
tasks in older adult&Salthouse, 1996althouse & Ferre€Caja, 2003 it is the foundation of

the reduced speed of processingdtipsis to explain decline in fluid cognitive processes
(Salthouse, 1996This theory proposes that older adults take longer to process information
and the result of this slower processing leads to impairmeuatgnitive functions and

information is not available for the next part of a task as quicklyithsyounger adults. It is
proposed that superior intelligence is linked to faster processing speed and speed of higher
order information processing explainsoab80% of variance in cognitive abilifgchubert,

Nunez, Hagemann, & Vandekerckhove, 2018 a study using 1,800 adults ranging in age

from 20 to 90 it was found that 70 to 80% of decline in processing speed was shared with

declining reasoning ality (Scheiber, Chen, Kaufman, & Weiss, 2D17

Decline in processing speed had been found to be associated with cerebral small vessel
disease and factors involved in the maintenance of cerebellar morplgiagyt, Keren,
Roberts, Calhoun, & Harris, 20)L0n addition, better cognitive processing speed is
associated with larger cerebral cortex volumes, ldexazls of inflammatory markers and

insulin and is mediated by physical exerdBett et al., 201Y.

Frontal Idoe and cerebellar grey matter volupredict variations in processing spestdl

research points tgscific neural networkthatundergo decline duringgeing(Eckert, 201)

A systematic review of intrandividual variability during longitudinal assessment of
processing speed as measured by reatittemand agerelated cognitie decline have shown

that poorer neuroanatomical integrity and greater behavioural variability are associated with
lower white matter volumes and increased white matter hyperintensities. This could be
explained by ageelated dopamine reductigilaynes, Bauermeister, & Bunce, 2017
Demyelination of white mattdracts is associated with ageing and it has been found that
higher myelin content of white matter tracts results in faster processing(§pexata et al.,

20138.
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1.2.2 Other theories of cognitive decline

Another theory relates to working memory, where deficits are thought to be caused by the
inability to deal with interference and it is proposed that#pacity to divide attention
decreases with agBaddeley et al., 20340ur ability to suppress irrelevant information
decreases as we agesulting in impaired working memory performar{amrani,

Backman, & Persson, 20117

Il n the o6l ess wir i nitigspromsedehatia decreasegnbcoettivitpa t he s e s
certain networks is compensated for by increased activity in the remaining n@asetaar

et al., 201% Rodent studiebave shown that as thember of afferent neurons decrease, the
synapses of the remaining neurons show higher synaptic potentials. This was also found in
humans using evemelated fMRI and diffusion weighted MRI where low executive function

was linked to decreased white matted anore firing in the prefrontal cortex when subjected

to a task and those low on memory scores showed the same results in the medial temporal
lobes(Daselaar et al., 2015

Compensation theorfGrady, 2012 proposes that older adults recruit more areas ibrihie
when performing cognitive tasks when compared to younger adults (attempted
compensation). In some cases, this results in increased performance (successful
compensation) and in othelas a negative affect (unsuccessful/ partial compensation).

Gradyhas used fMRI studies to support her hypothesis.

The scaffoldingheory ofageingand cognition (STAC) was proposed by Park and Reuter
Lorenz in 200§Park & ReuteiLorenz, 2008 which argueshat increased frontal activation

in theageingbrain shows that the brain is adapting to declining neural structure and function
through compensatory scaffolding to protect cognitiwection.

1.3 Cognitive resilience/reserve

In the research literature therms cognitive reserve is often used interchangeably with the
term cognitive resilience, but as cognitive reserve is also used to describe one component of
resilience, | will use the term cognitive resilience unless talking specifically about the

subcompoant of cognitive reserve.

Cognitive resiliences the ability towithstandnegative effects of stress on cognitive

functioning(Staal, Bolton, Yaroush, & Bourne Jr, 2008ognitive reserve is the innate and
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acquired buffer that dictates resilienBecent theories in the understanding individual

differences in cognitiveeservehaveproposed that reserve has two gaments brain

reserve, which can loosely be described as hardware reserve or the structural properties of the
brain and cognitive reserve which is the software or implementation of cognitive processes
(Stern, 201}

Individual resiliencewas first described by Katzman et al. in 1988 when examining some
post mortensamples of brains that contained lesions associated with deprenieveythe
subject did not display cognitive impairment before déidtizman et al., 1988Cognitive
reslienceis described athe buffer a person has against the effects of cognitive decline. This
buffer has a strong genetic componamdithere is also evidence to show that this reserve can
be altered by number of factors associated with a healthy lifestydb,as aerobiexercise
(Daffner, 2010. Structural brain alterations have been documeinteddent modelsvhere

an exercise training regime resulted in increased hippocampuansizgomotes

neurogenesis through enhancing proliferation and survival of neurons in the dental gyrus to
sustain a ealthy brain(Vecchio et al., 2018 Exercise and physical activity is now

understood to alter the human epigenome which can lead to enhanced cognitive health and
overall healththus improving quality of life in older adul{Rea, 201). There is also

evidence that other activitiesuch as meditatigmeduce cognitive stre¢€han, Deng, Wu, &
Yan, 2019 and it is proposed that mindfulness meditation may enhance cognitive reserve
through activation of attentional function and indirectly by lowering stress and improving

immune functionMalinowski & Shalamanova, 2017

1.3.1 Theories of cognitive reserve

1.3.1.1 Noradrenaline theory of cognitive resilience

Robertson proposed a theory of cognitive resilience involving the noradrenergic system
where noradrenaline (norepinephrine) has a neuroprotective effect on brain function.
Cognitive resilience is enhanced by environmental and psycholdgetats,and ths

stimulated noradrenaline which preserves working menwdnich in turn stimulated factors

such as attention, arousal, awareness and novelty which in turn increases cognitive resilience
(Robertson, 20132014 (seeFigurel.5). A recent reviewof research into thef the role of
noradrenaline inagnitionshows thatoss ofnoradr@ergic projections to the forebrain from

thelocuscoerukusis commonn cognitive disorderéHolland, Robbins, & Row, 202).
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CR activates CR network; . CR network increases NA
Cognitive Reserve

CR network activation increases CR NA activates CR network

mental stimulation

Education, Cognitive
Enrichment, Social
Engagement

CR network increases NA

CR Network NA activates CR network Noradrenaline

Arousal, Novelty, G a upregulated

Attention, Awareness

Enhanced WM boosts CR network A NA inhibits cAMP

Working Memory
Boosted CR network enhances Working signaling, boosting PFC WM dela)
Mgmofy ﬁn‘ng

Arousal, Novelty,
Attention, Awareness

Figure 1.5: A hypothetical cognitive reserve network

The figure outlines the role of a cluster of networks, which hypothetically mediate between cognitive reserve
variables such asducation level on the one hand, and relatively protected cognitive function in later life on the
other. The top right quadrant of the figure shows theNZRrelationship. The top left quadrant of the figure
illustrates the hypothetical relationship betwé&&R and the hypothetical CR network. Education for instance
should increase curiosity and hence exposur@telty. Mental stimulation and social engagement will increase
arousal, and with ifattention,and awareness. The bottom right quadrant showsrthencement of working
memory by NA inhibition of cyclic adenosine monophosphate (cASighalling Working memory

enhancement may increase NA activity, but there is no direct evidence ftrethig this is the only

unidirectional relationship. Finallghe bottom left quadrant illustrates the influence of enhanced WM on
elements of the CR network, particularly attentiod awareness. Abbreviations: cAMP, cyclic adenosine
monophosphate; NA, noradrenergic; WM, white ma{feabertson, 2014
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1.3.1.2 Theory of brain and cognitive reserve

1.3.1.2.1 Brain reserve

Brain reserve is seen as a passive component made up of brain aoldisteuctural
componentsnd synaptic processand as these decrease over time individuals with more
brainreservewill express symptoms of impairment slower tlthose having less reserve
(Medaglia, Pasquetti, Hamilton, Thompsotschill, & Bassett, 201)7 Maximal brain

volume using intacranialcavity measurements remaigtatic in anndividual and is
associated with cognitive ability in later liéad is proposedsa proxy for brain reserve
(Adams et al., 20Z6Royle et al., 2018 It is proposed that a structurally larger brain can
tolerate more pathology prior to demonstrating cognitive de¢8tern, 2012 Cognitive
changes irageingare associatedith changes in grey matter volume particularly in the
temporal lobegFletcher et al., 20)8A metaanalysis oimagnetic resonance imaging (MRI)
shows an annual decline of 0.5&0wvhole brainvolumeat 60 years of age and this rate
increases after 6Hedman, van Haren, Schnack, Kahn, & Hulshoff Pol, 200&f usion
weighted MRI has shown a decrease in white matter due to breakdown of the structural
integrity of myelin in neurons of ageing brains. This results in a decline in communication in
cortical networks and involves executive function, memory and pealeggeedMadden et
al., 2012. The effect of brain atrophy over time on an individual is related to their cognitive
reserve and maintenance of this reserve mediates this (&éttther et al., 20)9The static
measurement of intracranial volume (ICV) has been fouthe taghly heritableand
associated with cognitive function and suppt@V as a biomarker for brain reser@&dams
et al., 201%

1.3.1.2.2 Cognitive reserve

Cognitive reserve is seen as an active process involving the implemeatatiadaptatioof
cognitive processes. It measures the rolmsst of these processes against pathology and the
ability to use alternative processes where nece¢stgaglia et al., 200)7Decreased
connectivity has been found in ageing brains in multiple resting state networks, including the
salience network, which directs our attention, and the default mode network (Reéting

state functional MRI (fMRIxould predict age and cognitiebility based on connectivity
profiles, particularly those between the salience and visual networks and the salience and
anterior part of thelefault mode networkQMN). Moreover, this connectivity was predictive

of episodic memory and executive functiperformancélLa Corte et al., 20106
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The threshold model of cognitive rese(fgure1.6) proposethat the combination of brain
reserve and cognitive reserve result in different outcomet thaaind individual with low
brain reserve and low cognitive reserve may exhibit symptoms of cognitive decline or
impairment sooner that an individual with hilgkain and cognitive reser{®edaglia et al.,

2017 Stern, 200.

. Cognitive Reserve

Brain Reserve

Impairment

Functional Status

Patient 1 Patient 2 Patient 3 Patient 4

Figure 1.6: Threshold model of cognitive reserve

Brain and cognitive reserve are representethbgsured quantities that cumulatively protect against disease.
Patients with greater reserve remain above the impairment threshold following the onset of neuropathology.
Patient 1 shows greater resilience to brain pathologyRlaient 2 due to greaterain reserve with equivalent
cognitive reserve. Patient 3 shows greater resilience to brain pathology than Patient 2 due to greater cognitive
reservewith equivalent brain reserve. Patient 4 displays heightened neuroprotection due to the cumulative
effectsof (i) brain reserve equivalent in magnitude to that observ&aiient 1 and (ii) cognitive reserve

equivalent in magnitude to that observed in PatigiM&laglia et al., 2017

However,others considethis modelto be toosimplisticin that resilience to cognitive decline
is multifactorial and is a broader construct than cognitive and brain reserve. Other factors
such as soctemotional physical,and spiritual components need to be considered. In
addiion, disease burden can overwhelm reserve and push it to a threshold or tipping point
(Schwartz, Rapkin, & Healy, 20160Ongoing activities involving engagement in cograt
activities and general cognitive function are dynamic constructs and should be considered
when measuring resilien¢®lalek-Ahmadi et al., 201)7 Acquired reserve is composed of
past and current reserve building activities and this is influenced by the glerson
chamcterstics of theindividual as described b8chwartz et al(Schwartz et al., 20}6
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1.3.1.3 Theory of cognitive reserve, brain reserve and maintenance

YaakovStern proposea model ofresilienceof which there aréhree componentspgnitive
reservethe passive component of brain reserve and a more active process of brain
maintenancerThis is basedn recentresearcHinding on neur@lasticity. Brain maintenance
is the ability to maintain brain integrity through maintenance activitreaddition, cognitive
reserve has two componemegural reserve and neural compensatiitern, 2017Stern et
al., 2018. In a systematic review of supagers (those over 80 with preged episodic
memory) preservation of the salience and default mode networks and strong functional
connectivity were found. In addition, the anterior cingulate cortex was highlighted as a
potential imaging biomarker for resilience. Brain maintenaoagntive reserveand brain

reserve are complementary but independent.

1.3.1.4 Theory of reserve, maintenance, and compensation

In a recent opinion piece by Cabeza and colleaffDaiseza et al., 2018 triad of the
biological mechanismsf reserve, maintenance and compensation are propmsedtrol
cognitive decline in healthy ageinigdividual differences in cognitivageingare due to the
genetic and environmental effects on these three components. Reshkseessed in terms
of brain reserve and cognitiveserveandthesearetheresourceshat remain over and above
that required for normal cognitive functioning acmme into play when resources are
depleted in later life. Maintenance féts neural decline by neural enhancement and is
increasingly required as we ageompensation is the adion of alternative neural resources

when the demand is not met by existing procefSgsirel.7).

genes [~ o Individual
reserve ~— | .
) . differences in
y maintenance F— > cognitive
environ- ; S aging (rate of
compensation [ > .
ment [ P decline)

Figure 1.7: Reserve, maintenanceand compensatiotndividual differences in cognitive ageing have been
attributed to the effects of three interacting mechanisms: reserve, maintenance, and comp&nsstion
mechanismare assumed tmediate some (but not all) of the effects of interacting genetic and environmental
factors on cognitive agein¢Cabeza et al., 20)3
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1.3.2 Intelligence and resilience

Others propose that variation in the rate of cognitive decline can be explained by variation in
intelligence. Longitudinal analysis in the Lothian Birth Cohort has shown that childhood
intelligence has a protective effect on cognitive decline i ldge(Cadar, Robitaille, Pattie,
Deary, & MunizTerrera, 202D Other studies show that while higher education reflects
greater cognitive ability, the rates of change in that ability over time are consistent across all
education levels, with those starting at a higher level simply having further to fall before they
preent with mild cognitive impairmer{GuerraCarrillo, Katovich, & Bunge, 201 1.6vdén,
Fratiglioni, Glymour, Lindenberger, & Tuck&rob, 2020 (Figure1.8). The role of

intelligence is confounded by the fact that higher intelligence is associated with healthier life

styles, which has a protective effect on cognitive de¢wary, 2019
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Figure 1.8: Effect of education on the adjusted grandndex score at baseline across ages

(Guerra-Carrillo et al., 2017)
Cognitive assessmerdsults fromLuminosity (n=196,288, age 150) by educational attainment.
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Given the multifactorial drivers that contribute to cognitielinedescribed in Figuré-3,

models that examine cognitive resilience willdmmplex. Asummary of systematic reviews

of strategies to operationalise cognitive reserve conclude that there is insufficient research to
create a full cognitive reserve modelarrison et al., 2005 The proxy measures of

educational attainment and occupation have been shown to be associated with cognitive
reserve. Socioeconomic status and premorbid IQ have shown inconsstdts, however

when combined with othdactors including current cognitive activitidgeyhave been

associated with reserve. Models have not included genetic indicators or diet and exercise.

1.3.3 Measuring cognitive resilience

To understand the complexity of phenotypic measurement of cognitiiemesg which
requiresrepeated cognitive measures over long periods ofwien@ust firstexamine the

challengesn measuring cognition itself.

1.3.3.1 Measuring cognition

060General 86 cognitive ability or o6intelligence
problems and is measured based on performance on tests of processing speed, vocabulary

size, abstract verbal and nearbal reasoning, and visuospatial skillee$e scores are

aggregated to yield a general ability score or statistically reduced into a single factor or
component ref err e(deeétal., 2068PloBm & won FiaMMH20)8 6 g 6

Typically, a principal components analysis of individual subtests yields a single factor that

explains ~50% of variance in measures used, reflecting the strong correlation usually

observed between these cognitive tagkambining data from multiple sources shows thét

is a robust value, valid in both western and-m@stern countrie@eary et al., 20L,0_am,

Hill, et al., 2019.

Notwithstanding the moderate correlations observed between many cognitive tasks, several
measurement iggs exist. These include low test/retest reliability for some aspects of
cognition,(Johnson, Nijenhuis, & Bouchard, 2Q0arne & Burningham, 2039a

bewildering array of ifferent measures of the same domain and even multiple versions of the
same test, all of which complicates attempts to combine data from different groups to achieve
the sample sizes required for genomic studies. Even where the same measures have been

collected in very large populatiemased cohorts such as the UK Biob@dKB), the use of
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shorter cognitive tests within a larger battery of health relevant tasks have led to issues of task
validity (De Schryver, Hughes, Rosseel, & De Houwer, 20l&ige, Powell, & Sumner,
2018.

Yet another issue of phenotypic complexity in lasgale studies relates to the use not of
cognitive tests per se but to the use of proxy measures of cognitive ability. Given the need to
combine different datasetts increase sample size to boost power for gene discovery and the
lack of comprehensive cognitive data in these datasets, some readily available proxy
phenotypes have been used including years of education (YOE) and educational attainment
(EA). Based onamples of >70,000 English children, the correlation between EAgéneas
observed to be 0.§Dkbay et al., 2016

Recent analyses in very large datasets have shown this correlation to be clos@fawis7
Ritchie & Deary, 202 Cognition is defined as any measure of cognitive performance such
as memory, processing speed, reasoning, acquisifiknowledge, attention, and executive
function(Okbay etfal., 201§. Measurement of intelligence through IQ testirag

considerable similarity with these domains and the terms, cognitive function and intelligence

tend to be used synonymously.

1.3.3.2 Measuring cognitive resilience

Measuring cognitive resilience is a challenge in that it is only observed with a referent in tha
an individual s reserve or-thanexected performmance s a
where the expected performance is based on prior know{8dgwvartz et al., 20)6It

canrot be measured at a single time point and given that the rate of cognitive decline in
healthy ageing is slow, long periods of time are needed to determine differences in rates of

change.

Both longitudinal and crossectional studies are used in researclea@gnitive change over

time. In a longitudinal study, a cohort of people is tested at discrete intervals of a number of
years over several decades, howgtherse studies present several problems in current
research in that the acquisition of reliableadatkes many years to accumulate and can be
complicated by changes in cognitive measures and improvement in procedures. In addition,

natural attrition, or loss due to the development of degenerative conditions, can decrease the
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power of a studyBaddeley et al., 20)4Furthermore, practice effects through multiple

testing of the same population may influence the regsiitkhouse, 2015

Crosssectional design overcomes the problems with longitudinal studies in that different
people are measuredross age ranges and their performance is measured on unique
occasions. The difficulty with this approach is that performance cannot be related to earlier or
later data and theref®has limited use in the study of cognitive resilience. Another difficulty
that affects both approaches is the cohort effect. This effect relates to substantial changes in
lifestyles over the decades. A person currently in their twenties would, in general, have
experienced better educational methods, better nutrition, and loeddér care than a current
80-yearold when they were the same gBaddeley et al., 2034

As cognitive decline is a slow processpeatectognitivemeasuresver several yeai@e
needed to access different rates in cognitivangle over time. The difficulties in measuring
cognition as explained above become even more comsesognitive measures have been
improved and added to, trying to extrapolate different methodologies over time is difficult.
addition, when a cohort imeasured at several intervals not all participants are available at
each timepoint. Traditional statistical methods, such as analysis of va#dwo&/A) would
eliminate participants with missing data thus curtailing the sample numbers further. To
overcomethis complex statistical method such as linear mixed modelling has been used in
the limited studies on longitudinal data to dgtepawong et al., 203 Zhang & Pierce,

2014).

Moststudieshave measured cognition using the compc
sub-components such as of processspged, vocabulary size, abstract verbal andveobal

reasoning, and visuospatial skilGiven that processing speed influences all other cognitive
measuregsee section 1.6.13 it a reasonable measure to use on its ownstody

examiningthelink between academaxchievemenand cognitiorthe authors propose

model whergprocessing speed moderates academic achievement through its effects on other
cognitive parametersn this model, information processing speed is the key predictor of fluid
intelligence, working memory, and number sense, which in turn contribute to individual

differences in academic succé$ghomirova, Malykh, & Malykh, 202p(Figure1.9).
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Figure 1.9: Structural equation modelling (SEM) of the relationships between cognitre abilities and
generalacademic achievement in high school educatidieod s the latent factor academic succdstted
lines indicate nonsignificant relationshigFikhomirova et al., 2020

Given the multifactorial drivers that contribute to cognitive decline described in Figjre 1
models that examine cognitive resilience will be complex. A summary te#fragsic reviews

of strategies to operationalise cognitive reserve conclude that there is insufficient research to
create a full cognitive reserve modelarrison et al.2015. The proxy measures of

educational attainment and occupation have been shown to be associated with cognitive
reserve. Socioeconomic status and premorbid IQ have shown inconsistent results,,however
when combined with other factors including cutreognitive activitieshave been associated

with reserve. Models have not included genetic indicators or diet and exercise.

Exploratory factor analysis arising for a longitudinal study of an ageing cohort in Tasmania
led to the proposal of a two factor®del comprising of current cognitive reserve (cCR) and
prior cognitive reserve (pCR). pCR measures include prior intelligence, prior education,
mental activities as young and middlged adults and midlife occupation whereas cCR
measures included curreneasures of arithmetic ability, spelling ability and current 1Q. The
cCR factor structure was found to be longitudinally stable and had a positive association with

further educatiofWard, Summers, Saunders, & Vickers, 2015

Others have used structural equation modelling to study cognitive resilience. Episodic
memory was decomposed into three components, one predicted by a pathology measure
derived from brain imaging, the sew based on demographics and the third based on
reserve (which is all the remaining variance). Given that the first two are ktiwavn

interaction of the latent variable of reserve with conditions such as mild cognitive impairment
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can be examinedFigurel.10). This approach when used in a cresstional study shows

that cognitive resilience mediates rates of cognitive decline towards impairateatof

decline in executive function and rates of brain atraifteed et al., 20t Reed et al., 2000
Further research incorporatingghmodel and using data from a longitudinal study found a
great potential for its use with repeated measures to capture dynamic cognitive reserve
(Zahodne et al., 20)5It was found that by incorporating function connectivity (FC)

measures into the model, higher CR was astagtiaith higher global efficiency, increased

FC clustering and efficiency in the occipital lobes, CR was also associated with centrality and

strength of the inferior temporal gyr(idarques et al., 2016

(rd D

0.15x8°<C  Memory * /Q\ *

\\Mej)i/ Outcomes

‘ Education ‘ Male AA Hispanic

Figure 1.10: Analytic model to decompose episodic memory in cognitive ageing

Rectangles represent observed variables and ovals represent latent variables. Observed demographics, years of
education, gender (female as reference) etlynj€iaucasian as reference) African American (AA) and Hispanic

and MRI variables of brain matter (bm), hippocampal volume (hc) and white matter hyperintensities (wmh)

were allowed to correlate freely (paths not shown). M&is a linear combination of thbree MRI variables,

with parameters representing regression coefficients of{#eam the three indicators. Me is analogously

related to the observed demographic variables, Neisithe component of episodic memory unrelated to
demographicandand MRIva a bl es. Freely estimated parameters are
sample variance. c1 and c2 are scaling constants selected to set variances at 1.0 for the MemB and MemD latent
variablegReed et al., 2070
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1.3.4 Available datasets

1.3.4.1 Datasets with longitudinal cognitive data

In the field of cognitive genetics, it has been acknowledged that the largiat#set the

better the outcome for genetic association stuthe®cent yeardatasets with up to 1.3

million participants have been usedcognitive genomic studigtee et al., 2018 These

studies are discussed foet in section 1.5.Unfortunately, the generation of datasets large

enough to explore cognitive genetics has only recently commemckid will take time to

accumulatedata on cognitive change over tinfderearevery limited datasetavailablewith

genetic data on partipantsthat have examined longitudinal measures in cognition in healthy

ageing Tablel1.1 shows thestudiesthat have been usé¢d date.Findings from these studies

are discussed iBection1.4.2.2

Table 1.1: Longitudinal datasets used to study cognitive decline

Study Acronym | Country | N Date Waves
started

Health and retirement study HRS us 20,000 | 1996 11

Engllish longitudinal study of ELSA UK 7,412 | 2002 8

ageing

Personality and total health PATH AUS 7,500 | 1999 4

Religious order study ROS us 750 1993 9

Rush memory and aging projec| MAP us 825 1997 9

Lothian birth controll921 LBC1921| Scotland| 550 1921 5**

Lothian birth controll936 LBC1936| Scotland| 1,091 | 1936 il

*Theparticipantsare of differenethnicity (approximately 9,600 ar€aucasiah ** Baseline testing was in the
starting year but follow ugvaves of testingommenced in recent yeafe=nhumber of participants with

genotype data, Waves = number of times cogntive tests nepeated)

In the absencef longitudinal datathere is thepossibly of incorporatingroxy measures for

past cognitive performanc&he most common proxy measure for cognitiesiliences

years of education but this static measure of cognitive reserve can be influenced by other
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variables such as socioeconomic status that affect the risk of cognitive impairment through

means other than affecting cognitive res€Reed et al., 200

1.4 Genetic component otognitive resilience

To understand the genetics of cognitive resilience we first must examine the genetics of

cognition itself.

1.4.1 Genetics of cognition

Long before the developmentofneod n genomi ¢ met hods, as far b
the heritability of cognitive performance was recognized through twin and adoptive studies
(Plomin & Deary, 2014 In a study of ~10,000 monozygotic and dizygotic twins,
concordance in measures of intelligence was found to be 0.86 and 0.60 resp@itveiy,

200% Plomin & Spinath, 2004 Followup longitudinal twin research had further shown that
heritability actually increases during childhood development; this is explained by genetic
innovation in early childhood, whereby increasing numbers of desmane activatéduring
cognitive development, thus amplifying the contribution of genetics over enviroiiBrday

& Tucker-Drob, 2013. Given that the estimates of heritability of intelligence, estimated at
50% across the lifespan, it was originally assumed that it was only a matter of time until the
key gene(s) involved in cognition were ideitf (Plomin & von Stumm, 2038&Ramus,

2006. However, the complex and highly polygenic nature of cognitive phenotypes is now
well established, with literally hundreds of genes statisyiadbkociated with variation in
cognitivefunction andmplicating a wide variety of processes related to brain development

and neuron to neuron communicati@uam, Hill, et al., 2019Lee et al., 2018

Early genetic studies of cognitiondau s ed on 6candi datebdé genes se
hypothesized biological importance to illness risk. However, a failure to replicate the findings

from these studies, together with the emergence of gemodeeapproaches to gene

discovery in the p&t ten years have meant that a majority of recent discoveries in both

cognitive and psychiatric genetics have comege@aomewide association studies (GWAS)

A major initial challenge in adopting this approach was the limited sample sizes of available
colhorts, which hindered identification of genomwde significant results in early GWAS of

cognitive phenotypef'rampush et al., 20).7To boost power for genetic studies, several

consortia were formed to pool sample resources to yield more significant outcomes. In 2015
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the Cohorts for Heart and Ageing Research in Genomic Epidemiology (CHARGE)
consortium combined data from 31 cohorts53,949) and performed a medaalysis of

GWAS using a general cognitive factor derived from priabgomponent analysis of several
tests(Davies et al., 2005 This analysis identified three loci, on chromosomes 6, 14 and 19,
as relevant to cognitive proces¢Psavies et al., 200)5A further analysis by the Cognitive
Genomics Consortium (COGENT) combined 21 cohart8%,298) and confirmed the

findings of the CHARGE study as well as identifying two more significant loci on
chromosomes 1 and(Zrampush et al., 20).7This study alsoampared the top SNPs from
larger EA studiesn=164) and found 31 SNPs that were significantly associated with EA in
other studies that were also nominally significant in this study; all had the same direction of

effect showing a robust genetic correlatimiween EA and cognition.

The UKB project was initiated to generate a very large dataset based on the UK population
where data was collected on over 500,000 pe@ldiow et al., 2015 Initially, genotypic

data was released for ~150,000 individuals in May 2015 and was used in combination with
existing data in a number of GWAS cognitionthat canfirmed previous findings and

uncovered more associated I@avies et al., 20L6ill et al., 2016 Okbay et al., 201,6

Sniekers et al., 20)7The full dataset on >500,000 individuals was released in July 2017 and
has provehaamgiegamen GWAS of cognition funct.i
samples sizes of >100,000 individuals that have identified hundreds pé&imtnt

associated loci. Study of the combined CHARGE, COGENT anB th{nitive and genetic
datasetsn=300,486 participants) have identified 146 genamde significant loci and 709

genes associated with general cognitive fundtizewvies et al., 20)8 Associated genes show
enriched expression in most brain regions with strongest signals in the cerebellum and cortex
andin silico biological investigations of these genes points to processes such as neurogenesis,
regulation of nervous system development and neuron differentiation being affected. A
second study based on COGENT andBB&amples plus other samples-67,867

participarts) published around the same time, found a total of 205 loci (implicating 1,016
genes) to be associated with intellige(®avage et al., 20).8Analysis of biological

processes implicated by these associgetwdound the pathways involving regulation of
nervous system developmeoentral nervous systerandneurondifferentiation to be

enriched for associated genes, plus regulation of synapse structure or activity was
significantly enriched too. Beyond enriched expression of associated genes in multiple brain

regions, single cell analysis identified the most endatell types for genes associated with
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intelligence to be medium spiny neurons (striatum), CA1 pyramidal neurons (hippocampus)

and pyramidal neurons (somatosensory cortex).
1.4.1.1 Genomewide association studies (GWAS) and cognition

In addition to datdrom publicly funded biobanks, commercial companies such as 23andMe
have also collaborated in cognitive genomic rese@dksson et al., 2090In the largest

study to dé&e on EA, Lee et al. combined data from 71 cohorts to yield a sample size of
1,131,881individuals, of which 365,538 samples were provided by 23afididest al.,

2018. This analysis identified 1,27&dd SNPs that were independently genovite

significant, again demonstrating the positive correlation between sample sizes, and number of
variants identified (sekigurel.11). Lee et al. used multrait analysis of GWAS (MTAG),

an approach that exploits the phenotypic and genetic correlations between different
phenotypesd.g.,cognitive ones) to increase statistical po{arrley et al., 2018 By

combining GWAS results from studies of EA, cognitive performance, and mathematical
ability (for a totaln=1,311,438), Lee et al were able to increase their number of genmiae
significant loci to 1,624r(=1,311,438). Biological annotation dysis suggested that genes

near to these SNPs are strongly enriched for expression in the central nervous system. These
genes show elevated expression in the prenatal brain, where they are involved in many
developmental processes, but also have high esipres the postnatal brain where genes
were involved in nearly all levels of neurtmneuron communication and synaptic plasticity.
Of note, while neurons were strongly enriched for&ssociated genes, astrocytes and
oligodendrocytes were not, leadirigetauthors to conclude that cognitive variation was not
associated with genetic differences in myelin related axonal transmission @peedsal.,

2018. This conclusion contrasted with findings from a MTAG study by Hill ¢Hél,

Marioni, et al., 201Bthat combined GWAS of intelligen¢&niekers et al.,@L7) with EA

(Okbay et al., 2016n=248,482)andidentified 187 genetic loci associated with intgénce.
Biological annotation analysis showed associated genes to be enriched in a number of
processes including neurogenesis, synaptic plasticity, cell development and myelination,
specifically oligodendrocyte differentiatighlill, Marioni, et al., 2018 The disagreement
between these two studies suggests a need for further studies to clarify whether the genetic
architecture of cognitnimplicates white matter microstructure and oligodendrocytes

function.
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Lead SNP detections vs number of participants
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Figure 1.11: Plot of lead SNPs from GWAS and MTAG of g and EA showing increases in significant
findings with increasing participation

The studies included for g aPdead SNP$Trampush et al., 20}.,73 lead SNP¢Davies et al., 200)5(1) 18

lead SNPgSniekers et al.,@17), (2)242 lead SNPESavage et al., 20)8(5) 434 lead SNP&avies et al.,

2018. MTAG analysiqHill, Marioni, et al., 2018, combining data from Sniekers (1) and Okbay (5) results in
564 lead SNP#1). EA includes 15 lead SNRBavies et al., 200669 lead SNP&Rietveld et al., 2014 (5) 74
lead SNPgOkbay et al., 2016and (6) 1271 lead SNRkee et al., 2018 The MTAG results from Lee et al
show an increase in lead SNP detection in EA from 1271 to 1624 lead(&NPs

1.4.1.2 Polygenic scores and cognition

A polygenic score (PGS) or polygenic risk score (PRS) is a statistic measuring an
individual 6s genetic o6l oadingdé for variabil]i
illness (e.g. schizophreniéhafee et al., 20}8Using GWAS results, a PGS is a count of

the number of common associated alleles carried bydividual, weighted by the strength

of theallelic associations with the disorder or trait. PGS based on the GWAS above can

explain 11 13% of the variance in educational attainment darid% of the variance in

cognitive performance in independent samfle et al., 2018 Despite the major advances
thatthese studies represent, this suggests that a significant gap remains between the overall
heritability for cognition estimated from twin studies and SdBed heritability for

cognition (i.e. the contribution of common SNPs that caanatysedy GWAS), eported to
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be 0.19 for general intelligen¢8avage et al., 20).8This missing heritability is likely due to
a variety of factors, including rare variants, gene x gene (GxG) interactions (epistasis) and

gene x environment (GXE) interactiofiomin & von Stumm, 2018

1.4.1.3 Rare variants

Copy number variants (CNVs) are structural variants that were originally described as >1 kbp
sections of DNA that can be present in a human genome at a different copy number to the
expected two copies in the reference genome. These can be deletionatidoplimversions

or other complex rearrangements, and can range in frequency, but it is those that are rare that
have been of most interest in the study of complex phenofifee&, Carson, & Scherer,

2006 Kendall et al., 201;1ee & Scherer, 20)0Recent technological advancement of
comparative genomic hybridisation anigh-throughput next generation sequencing has led

to an improvement in the sensitivity of detection of CNVs resulting in the redefinition of their
size to >50 bgNowakowska, 201)7 An assembhbased approach to sequencing data from

two haploid genomes identified over 460,000 variants from 2bp to 28kbp. Only 10% of these
variants were detected in an analysis of the 1000 Genomes Project, highlighting that
structural variants havgeen undecalled and undestudied in human genomi¢suddleston

et al., 201Y. Structuralvariants contribute to genetic divers{tyhiang et al., 20J)7and their
important contibution to the genetic variability of cognition is now recogni@eeluk et al.,

2009.

CNVs have been associated with disruption of cognitive development leading to intellectual
disabilities and other neurodevelopntal disordergHuguet et al., 20)8 CNVs associated

with these disorders may have incomplete penetrance in a population and apparently healthy
adults may carry some of the CNVs associated with these disorders without displaying
symptomgKendall et al., 201)7 A study based on the reasonably homogenous Icelandic
population showed that incomplete penetrance of pathogenic CNVs for autism and
schizophrenia was associated with dase&l cognitive performance in the healthy population
and that individual CNVs affected different cognitive domé#&Bigfansson et al., 2014
Examination of nofpathogenic deletions based on children from the Saguenay Youth Study
(n=1,983) and the IMAGEN consortium£ 2,090) found that nepathogenic deletions

were associated with decreased IQ and suggested that IQ was linked to haploinsufficiency of
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most of the coding genongeluguet et al., 2018 ausova et al., 201%chumann et al.,
2010.

Thirty-three CNVs asxciated with risk of neurodevelopmental disorders were examined for
association with cognitive performance in theRJi=420,247) using seven cognitive

measures. Twentfour of the 33 CNVS were associated with reduced cognitive performance

in healthy carners and these CNVs also showed an association with reduced educational
attainment and income. In addition, all 12 of the CNVs associated with schizophrenia have
been associated with reduced cognitive function in healthy g#idtslall et al., 2010 In

comparison to healthy negarriers, healthy individuals who carried at least one of the 12

copy numbewariants associated with schizophrenia showed reduced brain volumes in the
hippocampus, nucleus accumbens and thalamus, suggesting a mediation role for hippocampal

and thalamic volumes in cognitive abilfywarland, Kendall, Rees, Kirov, & Caseras, 2019

Disruptive (lossof-function) and damaging (missense) rare and-udtra single nucleotide
variants (SNVs) in highly constrained (HC) genias, genes under negative selection, are
associated with neurocognitive disorders but are also found in theyhpafiulation where

they are associated with decreased EA. In a sample of 14,133 individuals, carrying either a
disruptive or damaging SNV in a HC gene was associated on average with a reduction in
years of education of 23.1 monthgGanna et al., 20)6Each additional disruptive SNV
reduced the chance of going to college by on average 14%. This effect-oardtdisruptive

and damaging SNVs on EA more than doubled when considering HC genes that are highly

expressd in the brain.

In a novel approach to explaining the missing heritability in genetic studies on cognition, Hill
et al, examined the high level of linkage disequilibrium found in members of the same family
in the Generation Scotland family cohartR0,00) (Hill, Arslan, et al., 2018Smith et al.,

2006. This analysis using a tool based on a genbased restricted maximum, GREML

KIN, measures both the variance explained by the genetic effectsrelligt families and
common SNPs and was replicated in unrelated individadset al., 2016Zaitlen et al.,

2013 . Results showed that for general cognitive ability, genetic effects explained 54% of
phenotypic variation, of which 31% was explained by pedigsseciated variants (which
include rare variants, CNVs and structural variants) and 23% by common vartzags.

results are similar to heritability levels found in previous twin stu@ésmin & Deary,
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2014). Overall these findings show that most of the pedigree variants associated with
cognition were rare with allele frequencies between 0.001 and 0.01 and current genotyping

platforms do not sufficiently tag these variations.

1.4.1.4 Gene by environment interactions

Hasan and AfzalHasan & Afzal, 201Pargue that to fully understand cognition,

environmental effects need to be explored. Interplay between nature and nurture has been
found through twin and adoption studies, with environment and genetics observedaty co

in a manner whereby genetic make can determine environmentanditions.They propose

that the study of candidate genes arising from next generation sequencing should include
environmental parametefdasan & Afzal, 2019 While PGS can explain 10% of the

variation in educational attainment some of this is indirecisedplained by passive gene
environment correlation where parents and other relatives provide a rearing environment that
is associated with the parental genot{@beesman et al., 201Rong et al., 2018 A recent

study shows that PGS for intelligence and EA had a 60% greater predictive value when tested
between families as opposed to within families. This défiee disappears when sccio

economic class is controlléd@heesman et al., 20R0n afurther study of adopted

individuals in the UB (n=6311) it was found that PGS generated from mainlyawoptive
individuals was only 50% as predictive of YOE in adoptees when compared with non
adoptive individuals and conclude that parental influendestaf OE. It was also found that
individuals who have a low PGS for YOE spent longer in education if adopted supporting the
geneenvironment correlations theof€heesman et al., 20R(hese studies support the

inclusion of environmental effects in genetic studies of cognition.

1.4.1.5 Current developments incognitive research

The comparison of thiérst release of whole exome sequencing data from thB tiiK

~49,000 individuals and their previously imputed genetic data identified nearly four million
coding SNPs and indels per individual, ~7 times higher than that observed in the imputed
GWAS data. Thre was also a Hold increase in the identification of lesé-function

variants and losef-function variants were found in 97% of autosomal g€Wes Hout et

al., 2019. A further release of exome ddta ~200,000ead to theexamirationof the
association between proteiruncating variant gene burdand cognitive phenotype$his

studyidentifiedfour novel genes associated withgodtive function(Chen et al., 2021
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Whole exome sequencing of the remainder of th&Ukhich ison-going, and subsequently
whole genome sequencing will allow for new analysis of cognition phenotypes using rare

genetic variants and may give new insights into the genomics of cognition.

According to Eichler, identifying all the genetic contribution @ just a matter of increasing
sample size, as variants are being missed with short read datasets that are aligned to a single
reference genome, even when using whole genome sequéaihkpr, 2019. He argued

that more meaningful results will be obtained by diversification of genomic data. Generic
research to date on cognition (and other traits) has been almostiexgiconfined to

samples of individuals of European ancestry. Lee et al. found that their PGS for EA was far
less predictive in an African American samfl_ee et al., 2018 Eichler proposed that the

use of combinations of reference genomes from different populations, that are currently in
production should in theory identify the majority of structural variants which have been
untested in recent GWAEichler, 2019 McCarthyet al., 2016Stefansson et al., 2013t

also important that reference genomes a@iontepresentation for African populations to

encompass the evolutionary influences on the ger{dto€lellan, Lehner, & King, 2017

The useof whole genome sequencing, lergad and ultrdong-read sequencing technology
coupled with the development of bioinformatic tools and the further extrapolation of the
biological association of over 1000 lead SNPs identified by Lee et al. for EA and other
should generate a great insight into cognitive processes. In addition, further development of
tools and research approaches that gives us a greater insight into the interplay of the
environment and genomics in healthy and psychiatric cohorts will aolar teanderstanding

of the critical biological pathways involved in neurocognition.

1.4.2 Genetics of cognitive resilience

1.4.2.1 Overview of the genetics of cognitive resilience

It is now clear from recent genetic studies that cognition is highly polygenic. The genetics of
cognitive resiliencés even more complex as in addition we are examining rates of change in
cognitive performance over time, and we depend on consistentlaunst phenotypic

measures of cognition ovéroselong periods of time.

While research into the effects of environmental factors have shown the importance of

cardiovascular health, social involvement and diet on healthy ageing, our assessment of the
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undersanding of the genomics involved in cognitive decline is hampered by the lack of
strong cognitive measures coupled with large genetic datasets., A\ not know
whether cognitive decline is genetically influenced by genes associated with general
intelligence or if genes that regulate other biological processes are involved.

The resourcenodulation hypothesis proposes that during ageing, losses of neurochemical

and neuroanatomical resources have a modulating effect on genes associated with cognitive
function in that genetic effects become increasingly important and genes that appear to have a
weak effect with cognitive performance in young adults may have a stronger association in
older adultgLindenberger et al., 2008n addition, there is growing evidence that

nonadditive genetic variance becomes increasingly important with age where the influence of
life course dynamics plays an important rgkeynolds & Finkel, 201% Longitudinal twin

studies have shown that as the rearing environment is more distal, more variance in genetic

effects is seen.

Genetic variation accounts for 40 to 50% of cognitive performance of older adults and 24%
of the varialdity of cognitive change over the life spéDavies et al., 203®eary et al.,

2012. Some studies show an association between genetic variants amethseg cognitive
decline, yet they only explained a fraction of the phenotypic variability. In addition, many of
the studies failed to replicate due to difference in cognitive measurearahbther
methodological issues and lack of control of participant characteristickews et al.,

2016.

Interestingly, recent research has shown that neurogenesis occurs in the dental gyrus of the
adult hippocampus into tt@th decade of lifelespite declines in neural plasticity,

angiogenesis, and quiescent stem cell pdotaufel.12). Healthy individuals without
neurodegenerative conditions show preserved neurogenesis. The authors propose that
individual resilience leads to variation in rates of neuregenand differing rates in cognitive
decline(Boldrini et al., 2018 However there are still manynresolvedjuestions otthe role
thatadultneurogenesis plays brain repair, neuroplésity and overall hippocampal
function(Kuhn, Toda, & Gage, 20)}8

A metaanalysis of studies on cognitive decline concluded that major improvements were
needed in research methods, in particular the use afestiined procedures across studies

(Plassman, Williams, Burke, Holsinger, & Benjamin, 2010
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Figure 1.12 Human hippocampal neurogenesis persists throughouwtgeing

Persistent adult neurogenesis in humans into the eighth decade of life, despite declines in quiescent stem cell
pools, angiogenesiand neuroplasticity. Over a §&ar age span, proliferating ralprogenitorsimmature

and mature granule neuroigdia, and dentatgyrusvolume weraunchangedBoldrini et al., 2018

1.4.2.2 Genetic studies to date

There area fewmodest datasets that have both genetic data and longitudinal data. The most
prominent being th&S Health and Retirement Study (HRSpnnega et al., 2014nd its

sister UK datasetthe English Longitudinal Study of Ageing (ELSfteptoe, Breeze,

Banks, & Nazroo, 20)3TheHRSdataset consists of approximately 21,000 participants who
have been assessed by consistent cognitive tests every two years from 1996. The level of
genotypic data on these individuals isrgasing over timéd GWAS was performedh 2014

on 5765 participants of European extractisimg total cognition to assess cogntive decline.
Associations were found with two loci and chromosome 19, mappingAp@lipoprotein E
(APOE intron and affranslocase of outer mitochondrial membrane 40 hom@eiM40
intron. A secondGWAS published in 201hE 7,486) oncognitive change using the

construct of delayed recdtiund significant associations between one variant, rs2075650, in
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TOMMA40, and conditioning analysis indicates the change in cognitive function is driven by
APOE This finding was replicated in ELSA£6,898)(Arpawong et al., 2007

Anothergeneticstudy used participants from the US Religious Order Stndy49)and
confirmatory testing in 3 other cohorts/17 to 825) only found markers f&POE
associated with rate of cognitive declifie Jager et al., 2012

BothAPOEandTOMM40ar e associ ated with | ateandnset Al
have not been associated with normal cognitive de@@hang & Pierce, 2004

The Personality and Total Health (PATH) is an Australian cohort of European exti@stion
1570)and was used texaminethe relationship of loci identified in a previously mengdn

GWAS (Davies et al., 2005 0Of the 3 loci identified by Davies one was in T @MM40

region but the othertwbllR211 r s 10457441 on AKAPBEome $§omR22622and
chromosome 1&%er e not associated widaekamihddiohei mer 06 s
association with cognitive decline and cognitive change in baseline and longitudinal data
accumulated over 12 years in the PATH cohort. Using linear mixed models both SNPs were
tested for associain with perceptual speed, reaction time, king memory, episodic

memory,and vocabularyAKAP6was associated with baseliperformance across multiple

domains but not with cognitive chand@lR2113,on the other hand was associated with

memory decline over tim@ndrews, Das, Anstey, & Easteal, 2017

Other cohors that have been monitored both phenotypically and genotypically for cogntive
declinearethe Lothian birth cohostfrom 1921 (LBC1921n=550) and 1936 (LBC193a)=
1,091).Both cohorts were tested for cognitive performance at the age of 11. The surviving
members othe LBC1921who have a mean age of @Bbaseline were tested 5 times up until
the age of 92The LBC1936 have been tested five times so far, from the age of 70 to 82
(Taylor, Pattie, & Deary, 20)8There has been a comprehensive analysis of available the
genotypic data on these cohqgi@orley, Cox, & Deary, 20)8Various candidate genes
highlighted in other studidsave been tested within these cohorts but apart frolARQEe4
allele noother genessociations with ageelated cognitive decline or cognitive function
were found PGS analysiglentified severalconditionsassociated with lower cognitive
performancéutincreased cognitive decline was associated WRs&for schizophrenia

alone(Corley et al., 2018 The complexity of these processeggesta highly polygenic

33



Chapter 1

genetic contributioo cognitivedeclineand suitable dasats are needed to examine the

genes and biological pathways involved.

A recent studyvas carried outising the Lothian Birth Qurol cohort of 1935 at four

different time points between the age of 70 and 79 to measure the association of changes in
@owith fourteen robustly generated PGS. These PGS included EA, grip strength,
schizophreniaA | z h e idiseaseaddsother health related PGS. The researchers conclude
that the predictive power of PGS in not yet sensitive enough to explain the variance in
cognitive declingRitchie et al., 2019

Local regulatory networks (LRNSs) are produced by combining data on genetic variants and
multi-omics data that ilr's mechanisms that regulate expression of certain genes in the
ageing brainMulti-omics data from the RO&hdthe Rush Memory and Aging Project

(MAP) cohort 6=413)was usedo generate LRNs which were then related to measures of
cognitive declineThis process identified a number of neuronal genes that are predicted to
control cognitive declingé the most prominent of these beiBfAUlandSEMA3FTasaki et

al., 2019.

1.5 Limitation of researchon genetics ofcognitive resilience to date

In comparison to the growing genetic understanding of cognitionnitherstanding of the
genetics of cognitive resilience is in its infancy. The studies performedebalsa relied on

data from very small cohorts and these cohorts do not have the power to study the effect of
ageingon a highly polygenic trait of cognitioln addition, much of the focus on cognitive
decline had beeon neurodegenerative disordevgh a particular focus odementiaandas

a resultthe study of cognitive decline in healthy ageing has been neglétted¢onundrum

in studying the genetmf cognitive resilience is that while large datasets sisctihe UKB

and 23and Mare emergingthey do not have longitudinal measures on cognitiehirzseed,

it will take several years for this data to accumulmtehapter6, | discuss at length thepg

of study | would design given unlimited resourcé& need studiedesigned specificallio
examire the geneticof cognitive resilienceThese stugsshould also colleatnvironmental
datathat effects healthageing to allow the use of modellingggamine genenvironment
interactionsin the meantime, alternative strategies such as the use of proxy phenotypes for
past cognitive performance and available cognitive phenotypes should be explored.
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1.6 Projectaims

It is very important to understand cognitive resiliemckealthageingfor a number of
reasons, includin¢gp) the growing burden on society driven by the gradual shift tagemg
populationand the need to plan government strategi@sanage this changb) to have a
goodquality oflife for as long as possib& the later end of liféo sustain independent living
and (c)to reducehefear we all have odliminishingcognitiveperformance as we ag&hile
there is a general understanding of the environmental fabtirsontribute to cognite
resilience therefore protecting against cognitive dectimeunderstanding of the genetic
contribution to resilience i its infancy.Due to a laclof suitablegenetic and longitudinal
datathe aim of this thesis i® investgate alternative ways to obtain genetic information on

cognitive resilience using large datasets that do not dieeetlongitudinaldata on cognition

The centrahypothesisguiding my research that genetic variation in the population
bestows enhanced cognitive resilience on certain individualthanderives fromassociated
geneticvariants strengthemg thebiological processes involved meuronalactivity relevant

to cognition

Based on this central hypotliss, my researcéxploral the genetic basis of cognitive
resiliencein the UKB using proxy measurds estimatepast cogntive performanesd
current cognitve perbrmanceso as to addresise followingresearchguestions:

a) Canindividual geneticvariantsassociated witlcognitive resiliencéeidentified
in the UKB?

b) Canthese resultbe replicated within the UB using independent discovery and
replication samplés

c) Does functional analysissing the GWAS outputighlight specific brain regions,
cell types biological processes améthways thaare enriched for genes
associated with cogntive resiliertce

d) Can existing longitudinal datasets be used to cortfiese findings?

e) Do the findings support theontribution of brain reserve, cognitive reserve, and
brain maintenance to cognitive resilience?

f) Is there more tsuperiorcognitive resilience thasuperiorintelligence
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Firstly, in chapter 3| explore suitable phenotgs within the UK to use in a GWAS of
cogntive resiliencand isolate those SNRssociateavith resilience independent of other
influences. | then examine tineapped genes associated withge SNPand link then to
biological processes then explore thuse of structural equation modellingdmduce a full
GWAS of cognitive resiliere. | show that this method can beplicatedby first using a
discovery sample and repeating the work in a replication samp&hapter 4l describe
how | combine my findings to perform a functional analysis of the full G\MAShapter 5l
pefformad hocanalysis tesatisfypotentialquestions on the findings of the functional
analysis and | explore the use dbagitudinal datasetlie HRS datasetto confirm findings.

Finally , in chapter 6, | summarise my findings and explloeepotential fofuture research
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2 Materials and Methods

Table 2.1: Bioinformatic tools used in thisthesis.

Acronym Description Version Purpose Web link

BIG40 Oxford Brain Imaging 26/03/2021 | Imaging phenotypes | https //open.win.ox.ac.uk/ukbiobank/big40/
Genetics ServerBIG40 for UKB

BioVenn Comparison and visualization| Current Venn diagram https://www.biovenn.nl/
of biological lists usingrea
proportional Venn diagrams

ConsensusPathDB Integrates interaction network 34 Overrepresentation | http://cpdb.molgen.mpg.de/

human in Homo sapiens analysis of gene sets

(data mining)

dbGaP Database of Genotypes and | Current Downloading HRS https://www.ncbi.nlm.nih.gov/gap
Phenotypes data

dbSNP Database of Short Genetic | 2019 Data mining https://www.ncbi.nlm.nih.gov/snp
Variation

EVP Ensembl Variant Effect 104- May  Data mining https://www.ensembl.org/info/docs/tools/ve
Predictor 2021

FINEMAP Efficient variable selection 01:01 Finemapping of SNPs< http://www.christianbenner.com/
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Acronym Description Version Purpose Web link
FUMA Functional Mapping and 1.3.6a Functional analysis | https://fuma.ctglab.nl/
Annotation (FUMA)
Galaxy Web-based platform for data = Current Manipulation of large | https//usegalaxy.org
intensive biomedical research datasets
GCTA -GSMR Tool for Genomewide v1.93.2beta Analysis of mendelian https
Complex Trait Analysis randomisation /lcnsgenomics.com/software/gcta/#GSMR
GenomicSEM R-package for structural 0.0.2e package to perform | https
equation modelling based on GWAS-by- /lgithub.com/MichelNivard/GenomicSEM/w
GWAS summsy data Subtraction and LBR | ki
GitHub GBS sample size (N effective] N/A Calculation of sample https //github.com/PerlineDemange/non
calculation size after GBS cognitive/blob/master/GenomicSEM/Choles
y%20model/Calculation_samplesize.R
GitHub Repository for code current Code used in thesis | https://github.com/joanfitz5/cog.res
GWAS Atlas Atlas of GWAS Summary 3:20191115 Source of public https//atlas.ctglab.nl/
Statistics summary statistics an
comparing GWAS
outputs
GWAS Catalog The NHGRIEBI Catalog of 19/05/2021 Source of public https //www.ebi.ac.uk/gwas/
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Acronym Description Version Purpose Web link
GWAS-by- A tutorial on how to perform | 14/01/2020 Method used to https //rpubs.com/MichelNivard/565885
subtraction GWAS-by-subtraction in perform @S
GenomicSEM
Haploreg A tool for exploring 4.1 Obtaining proxy SNPs https://pubs.broadinstitute.org/mammals/he
annotations of the noncoding to compare HRS and | oreg/haploreg.php
genome at &riants on UKB datasets
haplotype blocks
Ldlink A tool to interrogate linkage | 5.1 Exploring https://Idlink.nci.nih.gov/
disequilibrium in population relationships between
groups. SNPs
Linux Operation system 7 Creation, analysis anc https://www.centos.org/
storge of files through
the bash command
line
Locus Zoom Tools to provide fast 0/13 Data mining https://my.locuszoom.org/
visualization of GWAS results
MAGMA Gene analysis and generalize 1.08 Performing https://ctg.cncr.nl/software/magma
geneset analysis of GWAS conditional analysis
data on genset enrichment
data
Mathcracker Mathematical calculations 2 Simple sign test https://mathcracker.com/sigast
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Acronym Description Version Purpose Web link
Plink Whole genome association | 1.9 Performing https://www.coggenomics.org/plink/1.9
analysis toolset preliminary GWAS
and creating LD files
for FINEMAP
Plink 2 Performing GWAS | www.coggenomics.org/plink/2.0
and working with
Pgen files
R R is a language and 3.6.1 Running https://www.rproject.org/
environment for statistical GenomicSEM ,
computing and graphics LDSR, and other
statistical analysis
SPSS Statistics for the social scienc| 24 Analysis of the https://www.ibm.com/analytics/spss
phenotypic data in statisticssoftware
UKB and HRS
UKB UK Biobank May-21 Source for UKB data | http: //biobank.ndph.ox.ac.uk

Venn diagram
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2.1 UK Biobank
2.1.1 Participants

The UKB is prospective study to examine a range of conditions/traits in middle age to older
adults. A dataset of 502,620 community dwelling participants between the ages of 37 and 73,
recruited from all ovethe UK in the period of 2006 to 2010. Sampling at baseline included
physical and cognitive measures, completion of lifestyuestionnaires and blood, urine, and
saliva samples. Some participants performed follow up in person antdaseld cognitive
tests.lmaging sampling of participants is ongoing and currently data is available for
approximately 50,000 individuals. More detail on the study is available from tiBe UK

(Sudlow et al., 2015 We obtained permission to access both the phenotypic and genetic data
under project # 23739.

2.1.2 Genetic data

Bycroft et al describe the processes used by the UKgetwtype INA extracted fronblood
samples collected from participan@enotyping was carried out by Affymetrix Research
Services Laboratorysingthe UK BIiLEVE Axiom andBiosystems UK Biobank Axiom
arrays Quality control parametergere applied prior tanputation Imputation was
performed using the Haplotype Reference Consortlataand the merged UK10K and 100
Genomes phase 3 reference pansiag thdMPUTE 4 programmegBycroft et al., 2018

Encripted files were downloaded from UK Biobank using AapEilles were decrypted using
the EgaDemoClient applicati. During our inhouse quality control of the imputed dat
samples were restricted to those of European descent using 1000 Genoraes! A

UKB directly genotyped filesvere merged with th£000 genome project vifes, and the
SNPs used for PCA by UKB (identified in UKB supplied marker QC file) wereeted

using Plink2 and theapproxoption to minimise memory requirement§he multimean of
the 1000 Genomes CEU samples was calculated and UKB samples with a Mahalanobis
distance < 6 SD from this multhean were identified as being of European ancesitywere

retained

We excludedelatedsamplesising UKB supplied relatedness filehich lists pairs of
individuals related up to a third degree. Subjects with more than 10 relatives were removed
followed byone individual from each pair until no related subjeetsainedWe also

removed samples with discordant sex information, chromabkaneuploidies, high
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missingness/heterozygositgtracted consemind missing phenotype or covariate dakhe

final sample size used in this analysis was 333,664 participants.

Using Plink,Imputed variants were converted to hard calls at a certdirggtiold of 0.9.
SNPs were excluded if their proportion of missing genotypes exceeded 2%, minor allele
frequency (MAF) was less than 1%, or Hardyeinberg equilibrium (HWE) was lower than
1 1 1 ODuplicateSNPs were removed resulting8r878,152 varianttor use in our final

analysis
2.1.3 Cognitive data

Participants were tested using several cognitive tests which are described fully in the UKB.
The types of tests and the method of collection and reliability are described elsewhere
(FawnsRitchie & Deary, 2020Lyall et al., 2016)A summary of the tests used in this thesis
are listed inTable2.2. Correlation analysis of these tests with agpasficipants in the UKB
was performed using SPSS V.24. A brief description of these tests will follow.

Table 2.2: Cognitive data in the UKB and its correlation with age

Test N r
Initial tests2007/2008

Verbal Numerical reasoning 165,486/ 0.05*
Reaction Time 496,776 0.27*

Follow up 2014+
Verbal Numerical reasoning 21,204/ 0.04*
Reaction Time 21,689| 0.25*

Online tests (2014/2015)

Trail Making (#1) Online 104,052| 0.27*
Trail Making (#2) Online 104,050| 0.34*
Symbol Digit Substitution Online 118,490 0.43*
Verbal Numerical reasoning Online | 123,665| 0.12*
Numeric Memory Online 111,086| 0.13*

Principle Component analydiactor (g) | 111,039| 0.39*
Note: *P<.01n=number of participants, R = correlation with age
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2.1.3.1 Verbal-numerical reasoning test (fluid intelligence)

At total of 165,450 participants were tested at basélim ref 2100160.0). This
assessmermpnsisted of 13 multiple choice scenarios of ranging complexities designed to test
both verbal and numerical skills. Participants were scored on the number of correct answers
given in two minutes. It was also administered at two follow up vis#20,113and

n=21,204) and a similar test with 14 questions was administered om#h23,665). We

found that this test only showed a small correlation with age@ro5,P < 0.01) and there

was no decline seen at the two subsequent time points with meanafca@8 6.59 and

6.73, respectively. The improvement in scores over time may be due to practice(ejfatts

et al., 201%

2.1.3.2 Reaction time(RT)

A total of 496,790 participants were tested at baseline for reactiorfUiki ref 200230.0)

and at two follow up interval$€20,257 andh=21,689). This test consisted of matching pairs

of cards. The participants were presented with pairs of cardeéhateither identical or

different. The participant was required to acknowledge matching pairs by pushing a button as

quickly as possible. RT had a moderate correlation with age (r =R<@,201).

2.1.3.3 Other baseline tests

Other cognitive tests were pemnfioed at baselinel@ble2.3). These include numerical
memory, visual pairs matching and prospective memory. These parameters were not
considered in myralysis as along with fluid intelligence, they had a low correlation with

age.

Table 2.3: Comparison of the correlation of age with cognitive measures

UKB Ref Variable N Correlation (P<.01)
200160.0 | Fluid intelligence score 165,477 -0.05
200230.0 | Reaction Time 496,713 -0.27
42820.0 Numeric Memory 51,811 -0.08
3990.1 Visual Mem Pairs Matching = 497,926 -0.10
42920.0 Prospective Memory 171,569 -0.10
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2.1.3.4 Web based tests:

1 Verbal-numerical reasoning tesft(fluid intelligence) which was similar to that

described in section 2.1.1.2.1 with an additional question.

Symbol digit substitution testwhich measures processing speed where participants
are shown a key which paired symbulith numbers and participants were measured
in their ability to correctly match symbols to digits as quickly as possible. They were
scored on the number of correct symtiit matches in 60 seconds.

Trail making measures executive function and con$tsvo parts. In part,1
participants must arrange a series of 25 numbers on a screen in numerical order and
in part 2 had to switch between numbers and letters to arrange them in the correct
order. They were measured on the time taken to complete khe tas

Numerical memory measures working memory and a participant is required to
remember and reverse a sequence of numbers starting with two numbers and

increasing until a participant had two wrong sequences or reached 12 digits.

2.1.4 Creation of cognitive phenotypes

2.1.4.1 Current cognitive performance

We selected RT to represent current cognitive performance as it had a good correlation with

age and data was available on most participa331,495). Using SPSS, RT was adjusted

for ageto improve normalityDavies et al., 200)6the natural log of corrected RT was

computed Figure2.1).
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Figure 2.1: Normalising RT cognitive data.
(a) RT data before log transformation (b) RT data after log transformation. The x axis shows the RT score, and thaeg fagéiisncy of that score occurring in the

sample.
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A binary RTvariable was created using the mean value (m = 5.71). Those with a value less
than or equal to the mean were considered to have faster than average processing speed/RT
(quicker to react) and those above the mean were considered to have slower than average
processing speed/RT.

A second variable to measure current cognitive performance combining tHeaeed tests

was created using principal component analysis in SPSS. This created a generalised measure

of cognition or &6go6. tolremsve the motorcspeeddconponani | 1 fr
from the test (trail making/EF) and then performed a dimension reduction using the online

tests offluid intelligence, symbol digit substitution, numerical memory and trail making/EF

then examined the correlation big new PCA variable with age and it had a moderated

correlation (r = 0.39% < 0.01) and corrected the variable for age.

2.1.4.2 Past cognitive performance

Given the lack of longitudinal data, an alternative approach was to use proxy phenotypes. For
past cognitie performance we examined the use of educational attainment/years in
education. Educational attainment is available for 332,089 individuals in UKB that met our
genotypic QC requirements. In the dataset, age completeihielleducation wasecorded

for participants who did not go to college but not for those who attended higher education.
We therefore assigned a default score of 20 to those who attended college and created a
binary phenotype using less than or equal to age 17 to divideijpants into two categories

I above average and below average education years (EY).

At total of 330,098 individuals had measurements for EY and RT and genetic data and these
made up the final sampl&gble2.4).

Table 2.4: Description of phenotype

Variable N Minimum | Maximum | Mean | Std. Dev
Female 179,737

Male 153,927

Age at baselinesampling 333,664 38 72 56.85 8.01
Age completedFT education | 332,089 0 35 17.63 2.92
Reaction time (RT) 331,495 79 1985 554.81 112.68
Log RT corrected 331,487 2.66 7.5 5.71 0.311
Valid N 330,098
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Using these two binary variablésbove or below average EY and faster or slowei RT

created four group of participan@ne of these groups demonstrated high resilience and
these were our cases for our firstioisEFY+ResO
and faster than average RT now. A second group demonstrated low resilience or cognitive
decline, and these were our controls for that GWAS who had above average EY previously

and slower than average RT now. The two remaining groups of UKB samgitesydid
consistent cognitive performance over ti me.
GWAS had below average EY previously and slower than average RT now (below average
cognition over time) and our controls had above average EY previously andHaste

average RT now (above average cognition over time).

2.1.5 Performing GWAS with UKB

Initially Plink1.9 was used to perform preliminary genetic studies but PlinifChéng et al.,
2015 was used to perform all genetic studies used in the final analysis. Logistic regression
was used to perform the case/control analysis usghgn (Hill et al., 2017. Covariates used
were age, sex, test centre, genotype array and first 8 PCA supplied by UKB. All codes used
in Plink are available in my GitHub pagetdtps://github.com/joanfitzBbg.res All analysis

was performed on the server housed by the School of Mathematics at NUIG.

2.1.6  GWAS-by subtraction (GBS)

To extract those SNPs that were associated with resiliencenmlysed Genomics Structural
Equation Modelling (GenomicSEM(§5rotzinger et al., 20)9There are several processing
steps thaneed to be performed to enable the summary statistics to be processed through
GenomicSEM and these are described in the original paper by Grotzinger et al and
accompanying tutorialgGrotzinger et al., 203 Nivard, 2019. Following closely the process

use by Demange et @emange et al., 202we defined a&holesky modelKigure2.2:

SEM of GWASby-subtraction as follows using the summary statistics fromEye-Res
andEY/NonRes GWASsBoth EY+Res and EY/NonRes were regged on a latent factor,

whi ch captured the sharedEdeYaEiiRéswaar i ance i
further regressed on a second latent factor capturing the variance in EY+Res independent of
EY/ NonRe s, Retgiliencee.af @emne tii Resileacevasandependent of

genetic variance ikEduYeargrg= 0) as theResiliencdactor represents residual genetic

variation in ourEY+Resphenotype that is not accounted for by HurYeardactor. These

two latent variableRResilienceandEduYearsvere then regressed on each SNP in the
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original GWASs (EY+Res and EY/NonRes) resulting in new GWAS summary statistics for
bothResilienceandEduYeargFigure2.2). To cal cul ate the pdth | oad,i
EY+Res and i&WRRes,ithe malel was run without the SNPs. Coding used to

perform GBS are available in my GitHub pagéisps://github.com/joanfitz5/cog.res

2.1.7 Calculation of sample size after GBS

Ruming the analysis through GBS alters the sample size and it is necessary to calculate the
new value for downstream analysis. To calculate sample size or effective N (Neff) of the
ResilienceGWAS for discovery, replication and full analyses, we followedpttoeedure

specified in GenomicSEN/(Grotzinger et al., 203 Mallard et al., 202Dand by Demange et

al (Table2.1). To do this we needed to determine path loading for the models used in the
three analyses as the path loading differs with different sample sizes. We trimmed our data to
only include SNPs with a MAF of >0.10 and <0.40 as low and high MAF can bias tilte res

The analysis was performed in R 3.6.1 on the math server at NUIG. Output of this analysis

and the calculations of sample size i able2.5.
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Figure 2.2: SEM of GWAS-by-subtraction

The observed variables are the GWAS EY+Res and EY/NonRes and SNP and the latent variables (unknown)
are Resilience and EduYears. There are two pathways for the SNPssainalysi model to EY+Réisthe first

is through EduYears to EY+Res and EY/NonRes and incorporates the genetic effects of the variables used in the
phenotype. The other path is through Resilience to EY+Res and measures the genetic effect of resilience
independent of EduYears. To calculate the model, the genetic covariances between EY+Res and EY/NonRes
and Resilience and EduYears are set to 0 and the variances of EY+Res and EY/NonRes are also set to 0. The
variance is therefore explained by the latent factbhe SNP value is calculated as 2pq from allele frequencies

of the 1000 Genome phase 3 data where p is the reference allele and g the alternative allele.
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Table 2.5: Pathway loading and ample size (effective N) calculation

Sample Pathway Effective N (Neff)

res =~ EY+Res | EduYears =~ EY+Re| EduYears =~ EY/NonRe

est P value | est P value est P value Min Median Mean Max
Discovery | 0.4129 <5e300 0.2862 2.76E118  0.5036 @ <5e300 84,137 88,684/ 88,607 88,796
Replication  0.4743 2.28E63 0.2133 | 1.04E12 0.5228 | 7.04E132 22,618 25,786 25,706 25,926
Full 0.4220 <5e300 0.2758 7.046132 0.5081 | <5e300 105,876 111,396/ 111,316 111,513
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2.1.8 Identification of genomic loci associated with resilience

FUMA : Manhattan plots of GWAS outputs from original phenotypes and GBS outputs were
generated in FUMA v 1.3.@Vatanabe, Taskesen, van Bochoven, & Posthuma) 28y a
P-value setting of < 5 x 1®for genomewide significant SNPs. We used an kbsetting of

0.6 and the 1000G phase 3 European reference panel to identify independent lead SNPs and
an additional? setting of 0.1 to identify lead SNPs and a maximum distance for LD blocks of
250 kb to separate findings into separate genetic loci. Gonali analysis was performed

where there was more than one independent significant SNP within 1000 kb distanee using
condition command in Plink 1 &hang et al., 20)5which adds a SNP as a covariate in

GWAS analysis. Setting used in FUMA are showedlable2.7 at the end of this chapter.

FINEMAP v 1.4 (Benner et al., 20)@vas used to investigate causal SNPs by analysing the
relationship between the candidate GWAS SNPs generated in FUMA and LD data. LD files
were generated in plink 1.9 using thesquare spaces commaintbr example-

A./plink --bfile cogres-chr 6--extract 6.fuma-r square spacesout 6

Results of SNPs listed by Bayes Factor for each locus were examined as well as the
configuration files generated by FINEMAP to examine for causal SNPs sets. The maximum

number of SNPs in a set was fixed at 3.

Coding used to perform Fine mapping is available in my GitHub page at

https://github.com/joanfitz5/cog.res

2.1.9 Function analysis of GWAS output

We used FUMA v 1.3.6Watanabe et al., 201% perform functional analysis. We used the
default settingssadescribed in the Tutorial section of the website and in previous
publicationgJansen et al., 2019avage et al., 2018 The parameters used are shown in
Table2.7 at the end of this chapter. FUMA analysiR#silieneis published and can be
viewed publicly in FUMA as ID:171. We used the calculated effective sample size of
111,316 (Neff) for the analysis of tiResilienceoutput to examine the functional
consequences of SNPs on genes, Combined Annotation Depend&itdD€CADD)

scores, chromatin states and Regulome DB analysis.
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2.1.10 Mapping SNPs to genes

Genemapping was performed in FUMA using three strategie®¢ajtional mappingvhich
mapped SNPs to genes based on their genomic location within a 10 kb windaywaf kn

gene boundaries. (IExpression quantitative trait (eQTL) mappwich aligned cieeQTL

SNPs to genes whose expression they affected, selecting information from tissue types in 4
datasets in FUMA (PsychENCODO®/ang et al., 2018 BIOS QTL (Bonder et al., 207),

Blood eQTL(Westra et al., 20)3and GTEx §Battle, Brown, Engelhardt, & Montgomery,
2017). (c) Chromatin interaction mappingsing the 3D DNA to DNA interactions mapped
SNPs to genes.

Geneset analysesthe GENE2FUNC function within FUMA examines enrichment of
mapped genes using hypergeometic tests of 9,494gptadorm GTE (Carithers et al.,
2015, MSigDB (Liberzon et al., 200)5and GWAS catalogBuniello et al., 2019

2.1.10.1MAGMA gene-based analysis

FUMA computes a gerbased genomwide association analysis (GWGAS) from the SNP
based Pralue from the GWAS. A total of 18,879 protein coding genes containing a

minimum of one GWAS SNP were used in this analysis and were used to test for association
with 53 tissue typesbtained from GEXx (Consortium, 201p Associations were Bonferroni
corrected for multiple testing with P < 0.05/18,879 = 2.648% 10

We further explored the sets of associated genes in cell type specificityesnalils SCRNA

seqin FUMA(Wat anabe, Umiilevil Mirkov, de Leeuw,
using the following datasets: GSE104276 Human Prefrontal cortex pefZhges) et al.,

2018, GSE67835 Human Cortéarmanis et al., 20)&nd Linnarsson Mouse Brain Atlas
(Zeisel et al., 2018 We analysed significant cell types across datasets, independéypeel
associations based on withilataset conditional analyses and {eigse crossdatasets

conditional analyses.

Pathway enrichment analgsivasperformed on curated gene sets and Gene Ontology (GO)
termsfrom Msighd v 7.0(Ashburner et al., 200@¢rms using the full distribution of SNR P

values from the Resilience GWAS
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2.1.11 Comparison with published traits

LD score regression (LDSR) analysis was performed using the LDSC function within
GenomicSEMGrotzinger et al., 20090 examine the genetic correlation betw&asilience
with other phenotypes. Various sources were used to obtain summary statistics flag GW
of published research in psychiatry, brain imaging, and other traits of intere$afde2.6).
Summary statistic files generated during GBS weesl digrResilienceEduYearsEY+Res
andEY/NonRes the LDSR. Associations were Bonferroni corrected for multiple testing
with P < 0.05/21 = 2.88 x 10
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Table 2.6: Publicly available datasets used fo DSR

Trait Source Link Author Year N
Cognitive
Intelligence GWAS catalog  ftp://ftp.ebi.ac.uk/pub/databases/gwas/summary_statistics/Save Savage et al 2018 269,867
29942086 _GCST006250/SavageJansen_IntMeta_sumstats.z|
Reaction time = GWAS catalog | http://www.psy.ed.ac.uk/ccace/downloads/Davies_NC_2018.zif Davies et al 2018 330069
Educational GWAS atlas https://www.dropbox.com/s/ho58e9jmytmpaf8/GWAS_EA excl! Lee et al 2018 766,345
attainment ndMe.txt?dl=1
Psychiatric and Neurological
Amyotrophic | GWAS catalog | ftp://ftp.ebi.ac.uk/pub/databases/gwas/summary_statistics/vank Van 2016 36,052
lateral enW_ 27455348 GCST004692/harmonised/27455348 Rheenan et
sclerosis GCST00469ZEFO_0000253.h.tsv.gz al
Alzheimer's GWAS catalog  ftp://ftp.ebi.ac.uk/pub/databases/gwas/summartissts/JansenlE | Jansen et al 2019 455,258
disease _30617256_GCST007320/AD_sumstats_Jansenetal 2019sept
Unipolar GWAS catalog  ftp://ftp.ebi.ac.uk/pub/databases/gwas/summary_statistics/Nag¢ Nagel et al | 2018 358,000
Depression 29942085 GCST006475/sumstats_depressed_affect_ctg_form
gz
Schizophrenia  GWAS atlas http://walters.psycm.cf.ac.uk/clozuk_pgc2.meta.sumstats.txt.gz Pardinas et | 2018 105,318
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Trait Source Link Author Year N
Bipolar PGC https://www.med.unc.edu/pgc/downlead Stahl etal | 2018 35,802
disorder results/bip/?choice=Bipolar+Disorder+%28BIP%29Bipolar+Disc
er+%28BIP%29
Par ki ns GWAS atlas https://drive.google.com/open?id=1FZ9UL99LAqyWnyNBxxIx6( Nalls et al | 2019 482,730
disease UIfAnubIN
Stroke GWAS catalog  ftp://ftp.ebi.ac.uk/pub/databases/gwas/summary_statistics/Malil Malik etal = 2018 520,000
9531354 _GCST005843/harmonised/29531882ST005843
HP_0002140.h.tsv.gz
Neuroticism CCAGE (PGC)  http://lwww.psy.ed.ac.uk/ccace/downloads/Luciano_2017.zip | Luciano et | 2017 329,000
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2.1.12 Mendelian randomisation

Mendelian randomisation was performed using Generalized Summary sti@sters
Mendelian RandomizatiofZzhu et al., 201Busing the GCTA tool v1.93.2 bef#ang, Lee,
Goddard, & Visscher, 20)1The procedure examines credible causal associations between
different traits based on GWAS outputs and requiresavemlapping samples. This restricted
our analysis because most of the traits examined by LDSC contained UKB participants.
However, the sapie used for théliscovery.Resilienc8 WAS (section 1.2.1) does not
contain individuals that have brain imaging data within the UKB so we used this cohort to
examine unidirectional and bidirectional causal associations befessirenceand brain
imagingphenotypes that showed significant correlations Rigsiliencausing LDSC. We

used a HEIDoutlier pvalue of 0.01 for outlier detection analysis. Given the low level of
independent significant SNPs in thiscovery.Resilienc8 WAS and the imaging GWAS, av
reduced the default minimum level of significant SNPs from 10 to 8. For the disorders of
ALS, bipolar disorder and schizophrenia we used theRiedlilienceGWAS and ran the
analysis at the default setting of a minimum of 10. Associations were Bonfeoroacted

for multiple testing with P < 0.05/12 = 4.23 x40

2.2 Health and Retirement Study (HRS)

The HRS is a longitudinal study of adults aged 50 years or older in households in the United
States. The study commenced in 1992 and participants wereemtedvat baseline and

every two subsequent years. | applied for and was given access to the phenotypic data
through the HRS website. To obtain the genetic data we applied for and were given approval
through dbGaP as project 18937.

2.2.1 Genetic data

Genetic datavas downloaded from the portal on dbGaP (Sgare2.3). Data was
downloaded using IBM Aspera connect and was decrypted using the srs tool kit (V2.9.4)
The imputes files were presented per chromosome as probability files (gprob.gz) and the
guality metrics were supplied with the genotype data.

Plink 2 has the option with gprob of creating binary files (bfiles) or keeping the probability
information in he form of pfiles. Preliminary research showed that there was little difference

in the output, so | proceeded to use pfiles. Plink 2 does not have the ability currently to merge
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pfiles so each chromosome was proceésismugh GWAS separately and the output

combined.

Variants were screened by applying quality control filters (geno 0.02, MAF 0.001, info score

0.9 and HWE 0.000001) and removing duplicates for each chromosome.

In addition, many of the HRS SNPs were in an older kgp format an@dtebde conveed
to RSID. This was done using a list of common SNPs per chromosome by RSID and position
from the UCSC browsdKent et al., 200R

Phendiype and Genotype files

Available Phenotype and Genotype Files 1653 Gb
Heaith and Retirement Study (HRS) (phs000428.v2.p2.c1) 1653 Gb
StudyMeta Files 276 Kb
Phenotype Files 690 Kb
Genotype Files 1653 Gb
phg000207.v2.CIDR_HRS_phase12.genotype-calis-indfmt. MULTL. HapMap.tar 25Gb
phg000207.v2.CIDR_HRS_phase12.genotype-calls-indfmt.c1.NPR.set1.tar 389 Gb
phg000207.v2.CIDR_HRS_phase12.genotype-calls-indfmt.c1.NPR.set2.tar 382 Gb
phg000207.v2.CIDR_HRS_phase12.genotype-calls-indfmt.c1.NPR.set3.tar 20 Gb
phg000207.v2.CIDR_HRS_phase12.genotype-calis-matrixfmt.c1.NPR.tar 2867 Mb
phg000207.v2.CIDR_HRS_phase12.genotype-qc.MULTL.tar $17 Mb
phg000207.v2.CIDR_HRS_phase12.marker-info.MULTT.tar 362 Mb
phg000207.v2.CIDR_HRS_phase12.raw-data-idat. MULT].HapMap.tar 12Gb
phg000207.v2.CIDR_HRS_phase12.raw-data-idat.c1.NPR.setl.tar 186 Gb
phg000207.v2.CIDR_HRS_phase12.raw-data-idat.c1.NPR.set2.tar 183 Gb
phg000207.v2.CIDR_HRS_phase 12 raw-data-idat.c1.NPR.set3.tar 10Gb
phg000207.v2.CIDR_HRS_phase12.sample-info.MULTLtar 6830 Kb
phgCO0515.vI.HRS phasel23 imputation.genotype-imputed-data.c1.NPR tar 123Gb
phg000515.v1.HRS phasel23 imputation.genotype-gc.MULTL tar 960 Kb | 48 I m p u ted
phgC00515.v1.HRS phasel23 imputation.sample-info, MULTI.tar 4010 Kb | N data
7 phgCO0841.vI.CIDR_HRS_phase3.genotype-calls-indfmt.MULTT. HapMap.tar 4205 Mb
phg000841.v1.CIDR_HRS_phase3.genotype-calls-indfmt.c1.NPR.set1 tar 190 Gb
1 phg000841.v1.CIDR_HRS_phase3.genotype-calis-indfmt.c1.NPR.set2. tar 4385 Mb
. phg000841.v1.CIDR_HRS_phase3.genotype-calls-matrixfmt.c1.NPR.tar 715 Mb
L phg000841.v1.CIDR_HRS_phase3.genotype-qc.MULTL.tar 398 Mb
{5} 1.CID S ’ nark o Y 4 ’

90008
rbts

3:36 / 5:27

Figure 2.3: Screenshot of dbGaPshowing relevant HRS files

2.2.2 Cognitive phenotypes

Several cognitive tests were administered by interviewers, either by phone-ti-face and
these are described in detail on the HRS website in the following document:

http://hrsonline.isr.umich.edu/sitedocs/user)@6.pdf

57


http://hrsonline.isr.umich.edu/sitedocs/userg/dr-006.pdf

Chapter2

The HRS dataset does not contain a reaction dinpeocessing speed measure so after
examining the various measures, | selected two cognitive variables to explore further, these

were Total Cognitive performance (COGTOT) and Immediate Word recall (Recall).

2.2.2.1 Total Cognitive performance

Using the RAND HRS.ongitudinal file 2014 (v.2) | extracted data on total cognitive
performance (RxCOGTOT) that was based on the Telephone Interview for Cognitive Status
(TICS) (Brandt, Spencer, & Folstein, 1988vhich was validated for use to screen for

cognitive performanc@Nelsh, Breitner, & Magruderabib, 1993. This is a 2#point test

which includes a 1-@vord immediate and dayed recall test {R0 points) that measures
episodic memory, a serial 7s test to measures working menidip¢nts), and a
backwardscounting test that measures mental processing spe2g@ints). Scores range

from O to 27, with lower scores indicagippoorer cognitive performance. Cognitive data were
collected at each wave of data collection.

| used COGTOT data from 1998 to 2014 as the testing format did not stabilise until 1998.
Data on 38,183 participants were available at nine timepamésderto diminish the effect

of APOE/ TOMM40 | ocus as s ocMisettald200)onttie Al zhei n
results , | examined the removal of people demonstrating dementia from the results and |
found that a minimum limit of 9 on the cognitive score can b&ips{Crimmins, Kim,

Langa, & Weir, 2011Dassel & Carr, 2014 ievre, Alley, & Crimmins, 2008 | removed

any person who had a value below 9, which resulted in the elimination of 929 individuals.
After alsoeliminating participants with missing data and who were notHtispanic
white/Caucasian, and less than 2 time points of cognitive data, a total of 13,010 participants
remained. When matched with the genotypic data, there wereibd@4islualsavailable or
GWAS.

2.2.2.2 Recall

To increase the number of participants with two data points | looked at direct phenotypes in
theconsisted of the interviewer reading a randomised lisOafduns to the respondent from

one of four lists, and afterwards asking the respondent to recall as many words as possible. A
different list was used for the same respondent for four time points to exclude practice

effects.
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| had data on immediate recdr 38,183 participants at a total of eleven time points. 15,620
participants had genettata,and this was reduced further (accounting for ethnicity, missing

data,or less than 2 data points) and my final sample size was 9,526 individuals.

2.2.3 Creating longitudinal phenotypes with mixed effect modelling

Given the multiple times points in the longitudinal cognitive data in HRS and the fact that
many participants woulddve missed individual time points, it is not possible to measure the
effect of change using analysis of variance methods as participants with any missing data
would be eliminated. It was therefore necessary to use linear mixed modelling. Following the
proedure in SPSS as specified by Andy Figleéld, 2013 page 849, | used the covariates of
gender, birth year, educati@and time of test used a step wise approach to add linear,
guadratic, and cubic polynomials for time and assessed the effect-@réstricted log

likelihood results. This showed that timepoint and quadratic time point influence the model
for COGTOT. Cubic polynomial time point influenced the model Racall,so it was

included in the model.

2.2.4 GWAS of cognitive change over time

Using the two outputs from the linear mixed modelling analysis for COGTOT and Recall, |
created two pheno files and ran t®¥VAS using the first six PCA components as covariates
as this is recommended in the genotype QC rdparl, Smith, & Zhao, 2004 The

command used was as follows:

f./plink2 --pfile 22--gIm hidecovar cols=+alfreepheno recall.phenecovar HRS6PCA-

covarvariancestandardize-out 22

GWAS analysis was performed per chromosome and outputs combined into a full GWAS
and exportedo FUMA for analysis.

2.3 Other Bioinformatic tools used

SeeTable2.1 for a list of the tool used during my PhD. At the start ofregearch| used
SPSS and MS Excel for data manipulation and for large datasets | used Galaxy.org to
perform sort, extract and joifiles. During my PhD, | gradually shifted to using setivased
R for statistical analysis and learned to use bash commands on the server to do data

manipulation.
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Table 2.7: Parameters used in FUMA

Parameter Value
created_at 202009-30 15:55:59
title res_sept
FUMA v1.3.6
MAGMA v1.07
GWAScatalog €96 r201909-24
ANNOVAR 20170717
gwasfile all.res.txt.gz
becol beta

secol se
addleadSNPs | 1

N 115463
exMHC 1

MHCopt annot
ensembl v92
genetype all

leadP 5.00E08
gwasP 1.00E05

r2 0.6

r2_2 0.1

refpanel 1KG/Phase3
pop EUR

MAF 0

refSNPs 1

mergeDist 250

[magma]

magma 1
magma_wind 0

ow
magma_exp

posMap
posMapWind
owSize
posMapCAD
Dth

[eqtiMap]
eqgtiMap
eqgtiMaptss

60

GTEx/v8/gtex_v8 ts_avg log2TPM:GTEXx/v8/gtex _v8_ts genere
vg_log2TPM
1

10

0

1
PsychENCODE/PsychENCODE_eQTLs.txt.gz:BloodeQTL/Blooc
TL.txt.gz:BIOSQTL/BIOS_eQTL_genelLevel.txt.gz:GTEx/v8/Adip
e_Subcutaneous.txt.gz:GTEx/v8/Adipose_Visceral _Omentum.txi
GTEx/v8/Adrenal_Gland.txt.gz:GTEx/v8/Cells_EBV
transformed_lymphocytes.txt.gz:GX&8/Whole_Blood.txt.gz:GTE
x/v8/Artery Aorta.txt.gz:GTEx/v8/Artery_Coronary.txt.gz:GTEXx/v
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Parameter

Value

eqgtiMapSig
eqtiMapP
eqtiMapCAD
Dth

[ciMap]
ciMap
ciMapBuiltin

ciMapFileN

61

Artery_Tibial.txt.gz:GTEx/v8/Brain_Amygdala.txt.gz: GTEx/v8/Bre
n_Anterior_cingulate_cortex BA24.txt.gz:GTEx/v8/Brain_Caudal
basal_ganglia.txt.gz:GTEx/v8/Brain_Cee#lar_Hemisphere.txt.gz:(
TEXx/v8/Brain_Cerebellum.txt.gz:GTEXx/v8/Brain_Cortex.txt.gz:GT
x/v8/Brain_Frontal_Cortex_BA9.txt.gz:GTEXx/v8/Brain_Hippocam
s.txt.gz:GTEx/v8/Brain_Hypothalamus.txt.gz:GTEx/v8/Brain_Nuc
us_accumbens_basal_ganglia.txt.gz:GTEx/v8fBrhautamen_basal
ganglia.txt.gz:GTEx/v8/Brain_Spinal_cord_cervical_c
1.txt.gz:GTEX/v8/Brain_Substantia_nigra.txt.gz:GTEXx/v8/Breast_
mmary_Tissue.txt.gz:GTEx/v8/Colon_Sigmoid.txt.gz:GTEXx/v8/C«
n_Transverse.txt.gz:GTEx/v8/Esophagus_Gastroesophageal Ju
xt.gz:GTEx/v8/Esophagus_Mucosa.txt.gz:GTEx/v8/Esophagus.
scularis.txt.gz:GTEx/v8/Heart_Atrial_Appendage.txt.gz:GTEXx/v8/
art_Left Ventricle.txt.gz:GTEx/v8/Kidney_Cortex.txt.gz:GTEX/v8i
iver.txt.gz:GTEx/v8/Lung.txt.gz:GTEx/v8/Muscle_Skeletal.txt.gz:(
Ex/N8/Nerve_Tibial.txt.gz:GTEx/v8/Ovary.txt.gz: GTEX/v8/Pancre
txt.gz:GTEx/v8/Pituitary.txt.gz:GTEx/v8/Prostate.txt.gz:GTEx/v8/
nor_Salivary _Gland.txt.gz:GTEx/v8/Cells_Cultured_fibroblasts.tx
z:GTEx/v8/Skin_Not_Sun_Exposed_Suprapubic.txt.gz:GTEx/v8/
n_Sun_Exposed_Lower_leg.txt.gz:GTEx/v8/Small_Intestine_Tert
al_lleum.txt.gz:GTEx/v8/Spleen.txt.gz:GTEXx/v8/Stomach.txt.gz:C
Ex/v8/Testis.txt.gz:GTEX/v8/Thyroid.txt.gz: GTEx/v8/Uterus.txt.gz
TEx/v8/Vagina.txt.gz

1

1

0

1

EP/PsychENCODE/EP_links_oneway.txt.gz:HiC/PsychENCODE
omoter_anchored_loops.txt.gz:EP/FANTOMS/EP_correlation_ce
ype_oneway.txt.gz:EP/FANTOMS/EP_correlation_organ_onewa
.gz:HIiC/Giustt

Rodriguez_et_al 2019/Adult_Cortex.txt.gz:HiC/Giusti
Rodriguez_t al_2019/Fetal_Cortex.txt.gz:HIC/GSE87112/Adren:
xt.gz:HIC/GSE87112/Aorta.txt.gz:HIC/GSE87112/Bladder.txt.gz:!
C/GSE87112/Dorsolateral_Prefrontal_Cortex.txt.gz:HiC/GSE871
Hippocampus.txt.gz:HIC/GSE87112/Left_Ventricle.txt.gz:HIC/GS
7112/Liver.txt.gzHiC/GSE87112/Lung.txt.gz:HIC/GSE87112/Ova
txt.gz:HIC/GSE87112/Pancreas.txt.gz:HIC/GSE87112/Psoas.txt
HIC/GSE87112/Right_Ventricle.txt.gz:HIC/GSE87112/Small_Boy
txt.gz:HIC/GSE87112/Spleen.txt.gz:HIC/GSE87112/GM12878.t»
z:HIC/GSE87112/IMR90.txt.gz:#€/GSE87112/Mesenchymal_Stel
_Cell.txt.gz:HIC/GSE87112/Mesendoderm.txt.gz:HIC/GSE87112
ural_Progenitor_Cell.txt.gz:HIC/GSE87112/Trophoblast

like Cell.txt.gz:HIC/GSE87112/hESC.txt.gz
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Parameter Value

ciMapFiles NA

ciMapFDR 1.00E06

ciMapPromW = 250-500

indow

ciMapRoadm

ap E080:E029:E030:E031:E032:E033:E034:E035:E036:E037:E038
9:E040:E041:E042:E043:E044:E045:E046:E047:E048:E050:E0-
062:E053:E054:E067:E068:E069:E070:E071:E072:E073:E074:E
:E082:E027:E028:E001:E002:E003:E008:EEFRL5:E016:E024:E0
04:E005:E006:E007:E009:E010:E011:E012:E013:E023:E025:E(
EO075:E076:E106:E077:E078:E079:E084:E085:E109:E101:E102
3:E092:E094:E110:E111:E083:E095:E104:E105:E086:E066:E0]
088:E096:E052:E089:E100:E107:E108:E090:E097:E087:E098:E
:E099E055:E056:E057:E058:E059:E061:E113:E026:E049:E093
12:E065:E018:E019:E020:E021:E022

ciMapEnhFilt | 1

ciMapPromFi | 1

It

ciMapCADDt O

h

Note: any parameter marked N/A was deleted fromt#tike.
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3 Investigation of resilience in the UK biobank

3.1 Introduction

The UKB has genetic and cognitive data for over 500,000 individuals and is described in
detail in chapter 2. In this chaptédescribe how | examined the available cognitive data to
seewhich variables | could use to examine the genetic component of cognitive resilience in
healthy ageing. | will explain the creation of a longitudinal measure of resilience using a
proxy phenotype to measure cognitive performance in early adulthood (edugcedrs) and
current cognitive measures to examine performance approximately 40 years later. We
realised a confounding factor in this approach in that EY is highly heritability with a
polygenic naturéLee et al., 2018that can maskhe genetics of resilience. | therefore

explore methods to extract the genetic variants associated with resilience alone.

3.2 Selection of Cognitive variables in the UKB
Due to lack of longitudinal data in the UK biobahkeeded to select a cogntive measure
from the dataset to represent current cognitive performance and a proxy measure to represent

past cognitive performance.

3.2.1 Current cognitive performance

Table3.1 lists the cognitive variables in the UKB showing the number of participants
assessed and the correlation of the variable to age. Participants undertook a wide range of
cognitive tests (selérror! Reference source not found). The types of tests and reliability

are described elsewhgfeawnsRitchie & Deary, 2020Lyall et al., 2018.

Of the cognitive tests performed at baseline, reaction time (RT) had the highest correlation
with increasing ge, where older age was associated with slower reaction time (r #0627,
0.01). In addition, RT was tested on nearly every individual in the dataset. When combined
with the genetic data, there were 333,664 samples. A GWAS of this phenotype processed
through FUMA showed 26 associated genetic loci mapping to 542 ¢eéigese3.1).
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Table 3.1: Correlation of cognitive tests with age

Test n r
Initial 2007/2008

Verbal Numerical reasoning 165,486 0.05*
Reaction Time 496,776 0.27*
Numeric Memory 51,811 0.08*
Visual Pairs matching 118,547 0.01*
Prospective memory 171,569 0.01*

Online tests (2014/2015)

Trail Making (#1) Online 104,052 0.27*
Trail Making (#2) Online 104,050 0.34*
Symbol Digit Substitution Online 118,490 0.43*
Verbal Numerical reasoning Online 123,665 0.12*
Numeric Memory Online 111,086 0.13*

Principle Component analysis factc 111,039 0.39*
*Correlation is significant at the 0.01 level.

-
=
1

B S R

-log10 P-value

1 2 3 4 5 8 7 ] 8 0 i 12 13 14 15 18 17 18 19 02122
Chromosome

Figure 3.1: GWAS of RT in UK biobank (n=333,664)
The Y axis shows thdog10 transformed ®Ralues of each SNP from the GWAS. The x axis shows the base pair
position along the chromosomes. The dotted read line shows the BonferrectediPvalue (P<5.0EB).

In addition, some cognitive tests were performed online. | considered combining these to
produce a measure of 6g6 which measures over
analysis (PCA) in SPSS (s2dl..4. The resultant variable showed a moderate correlation

with age (r = 0.39P <0.01) but was limited to 111,039 individuals. When combined with
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genetic data, there weé®,740 participants in the dataset. Running a GWAS in plink 1.9

using this phenotype found just one significant locus on chromosolffeglée3.2).

-log1Q® P-value

Chromosome

Figure 3.2: GWAS of @din UK B (n=66,740)
The Y axis shows thdog10 transformed ®alues of each SNP from the GWAS. The x axis shows the base pair
position along the chromosomes. The dotted read line sti@\Bonferroni corrected-Palue (P<5.0EB).

Given thestronger signabf RT vs@band the association of processing speed with cognitive

ageing (seel.2.]), | decided to move forward using RT as my current cognitive measure.

3.2.2 Proxy measures

As described 8.1, we first wused RT, reflecting an in
measure of current cognitive performance. Processing speed is a key component, and
predictor, of cognitive abilityDeary, 2013Schubert et al., 20}9In the absence of a direct
measure of processing speed at an earlier timepoint, we used academic achievement
measured by number of years in education (education years (EY)) as a proxy phenotype for
cognitive performance in dg adulthood, following several previous stud{Bavies et al.,

2016 Plomin & von Stumm, 201 &Rietveld et al., 2014 Individual differences in

processing speed are important in the relationship between executive functioning and
academic performang&ordon, SmithSpark, Newton, & Henry, 20)8This approach

captures an average time span of 40 years between past and current cognitive performance in
UKB.

Educational attainment or EY have both been usélde past as a proxy for cognition. Using

a combination of both variables within the BKsee2.1.4), | created an education years
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(EY) variable. Wien matched with genotypic data there were 332,087 individuals available

for further analysis.

3.2.3 Generation of the resilience phenotype

There were 330,098 individuals that have both EY and RT data. | created binary variables for
both variables as describedd.1.4 | used EY as a proxy phenotype measuring past cognitive
performance. Processing speed as measured by RT was chosen as an indicator of current
performance given its strong correlation with age and the fact that data was available on most
participants in UKBWe created a binary variable for each measure by using the average
score within the dataset to split the participants into similarly giregps. EY was split into

above and below average based on participants completing greater than or equal to 17 years,
or less than 17 years in education. RT was corrected for age and normalised using a log 10
transformation and was split into faster armha@r based on participants having a processing
speed better or worse than the mean valueh that faster RT speeds reflected better

processing speed, and thus cognitive performance, than slowkisRg.these two binary
variables above or belovaverage EY and faster or slower RWe created four growgof
participants Figure3.3). One of these groups demonstrated high resilience and these wer

our cases for GWAS who had below average EY previously and faster than average RT now.
A second group demonstrated low resilience or cognitive decline, and these were our controls
for GWAS who had above average EY previously and slower than averagesRT no

(@)
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Mean EY (17y) -

- S

0

=

o

o) = Mean RT

]

[ 1
Young adult Older adult
Time

(b)
Edu years Processing speed Group N (330,089)
>17 N mean RT Norm-high 85,358 m
<17 J mean RT Norm -low 88,728 m
>17 J, mean RT Low resilience 76,825 m
<17 ™ mean RT High resilience 79,186 m

Figure 3.3: Creation of resilience phenotype.

Using the two binary variablésabove or below average EY and faster or sloweil R/ created four growp

of participants. (a) Black lines show groups that behaved as expected. Green line is those that demonstrated
resilience and red showed low resilience.Tbg green grougdemonstrated higtesilienceand these were our
cases for GWAS who had below avezdely previously and faster than average RT nowedgroup

demonstrated low resilience or cognitive decline, and these were our controls for GWAS who had above
average EY previously and slower than average RT mbe black groups were our cases and adsfior those

that did not demonstrate either high or low resilience.
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3.2.4 GWAS of Resilience groups

To examine the genetics of resilience | performed a GWAS in Plink 2 (€ using the

group that demonstrated high resilience and
GWAS who had below average EY previously and faster than average RT now. A second

group demonstrated low resilienceamgnitive decline, and these were my controls for that

GWAS who had above average EY previously and slower than average RT now. The two
remaining groups of UKB samples displayed consistent cognitive performance over time. A
Manhattan plot of this GWAS wagenerated in FUMAKigure3.4).

However, when | compare this GWAS with a GWAS of EY | noted very similar results
(Figure3.5). When | ran a correlation analysis, | found a very high correlation between
Resilience and EY {=-0.9,P = 1 x 10'9). A confounding factor in this strategy is that EY is
highly heritability with a polygenic natufkee et al., 2018that can mask the genetics of
resiliencel therefore recognised that our Resilience GWAS had a stong EY component and

from there | refered to it as the AEY+Reso C

35
30
25

20

]
| s
5 i
0
1

Figure 3.4: Manhattan plot of GWAS of EY+Res (n=156,008)
The yaxis shows thelog10 transformed ®alues of each SNP from the GWAS. Thaxis shows théase pair
position along the chromosomes. The dotted read line shows the Bonferroni correated fP<5.0EB).

-log10 P-value
‘0 coe

YT

2 8 9 10 " 12 13 14 15 16 17 18 19202122
Chromosome

68



Chaper3

-log10 P-value

12 14 16 18 17 18 192 202122

Chromosome

Figure 3.5: Manhattan plot of GWAS of EY (n=165,000)
The Y axis shows thdoglOtransformed Rralues of each SNP from the GWAS. The x axis shows the base pair
position along the chromosomes. The dotted read line shows the Bonferroni correatad @<5.0EB).

To identify those SNPs that were associated with resilience btweded toremove those

SNPs that were associated with the EY component of the phendtyjakentify the EY

component performed a second GWAS using the two remaining groups of UKB samples

that displayed consistent (i.e., unchanging) performance over time. The first of these groups
consisted of those with below average EY previously and slower than average RT now (i.e.,
consistently below average performance over time); the second group consisted of those who
showed above average EY previously and faster than average RT now (i.e., consistently
above average performance over ti me). I name

identified SNPs associated with EY but not resiliefégure3.6).

-log10 P-value

9 10 " 12 1% 16 17 18 19 202122

7 8
Chromosome

Figure 3.6: Manhattan plot of GWAS of EY/NonRes 6=174,113)
The yaxis shows thelog10 transformed #®alues of each SNP from the GWAS. Thaxis shows the base pair
position along the chromosomes. The dotted read line shows the Bonferroni correated @°<5.0EB).
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3.2.5 Extraction of Res from EY+Res

To identify the genetic component of resilience alone it was necessary to look at the

difference between EY+Res and EY/NonRes. In other words, perform the following:
EY+Res minus EY/NonResResilience

Initially 1 examined howwe could perform this subtraction using the analysis of both GWAS
in FUMA.

3.2.5.1 Functional level

| extracted the mapped genes from FUMA using the FUMA default parameters for EY+Res
and EY/NonRes. EY+Res had 320 mapped genes and EY/NonRes had 423 mappéd genes.
total of 107 genes were common to both GWAIgre3.7). | also examined overlap

between GO terms generated in FUMA and through processing nonppestigenes

throughconsensus path DB

316

EY/NonRes

107

EY+Res

214

Figure 3.7: Overlap of mapped genes in EY+Res and EY/NonRes using BioVenn
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3.2.5.2 SNP level

To identify those SNPs associated with resilience alone | subtracted al\WsiNRs

nominally significant P value (P<.05) in EY/NonRes1102,873) from significant SNPs
(P<0.5 x 16F) in EY+Res (=5013). This results in a list of 1,431 SNPs that were
significantly associated witResiliencewith the interference from low/high E¥moved.

This SNP list was submitted to FUMA for analysis. As there are no SNPs with a P value
greater than 0.5 x 1) the output is a partial Manhattan plBtgure3.8) These SNPs are
clumped together into 50 locTéble3.2)

-log10d P-value

4 5 8 7 8 1 213 1418 17 1818 20
Chromosome

Figure 3.8: Manhattan plot of Resiliencegenerated by subtraction of EY/NonRes SNPs from EY+Res

SNPs
The yaxis shows thelog10 transformed #®alues of each SNP from the GWAS. Thaxis shows the base pair
position along the chromoses. The dotted read line shows the Bonferroni correctedue (P<5.0EB).
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Table 3.2 : Genetic loci identified by manual subtraction of EY/NonRes SNPs from EY+Res SNPs.

Locus | rsID chr ' postion p start end SNPs
1 rs2494994 | 1 43924166 | 7.45E11 43760236 43949718 3
2 rs2647499 |1 77949806 1.27E09 77919310 78687156 @8
3 rs197374 1 112289983 3.13E11 | 112273485 112328245 20
4 rs74404380 1 114488628 1.02E08 114467664 114506786 3
5 rs1400101 | 2 51896988 1.89E08 51816988 51936388 15
6 rs77817792¢ 2 100050426 4.75E08 99573471 | 100109251 1
7 rs9308868 | 2 | 104361420 7.90E11 | 104056454 104479862 272
8 rs13010673 2 161353564 1.25E08 161080841 161367714 2
9 rs34372833 2 175200014 1.84E09 175199869 175200903 2
10 rs2675964 | 2 233793676 4.80E08 233698457 233807585 1
11 rsl7225749 |3 50131140 4.03E11| 48793504 51549024 12
12 rs77321042 ' 3 53179543 8.74E10 52492601 | 53556816 |5
13 rs11301359z 3 108014239 2.83E08 107864673 108031094 6
14 rs13061117 | 3 | 181186466 4.89E09 180524952 181205593 11
15 rs843370 3 183875822 2.27E08 183861243 183922076 1
16 rs11226190€ 4 3050001 | 1.48E10 2935618 | 3385176 |5
17 rs10014342 4 28751389 3.74E08 28733631 | 28753519 |7
18 rs2454202 | 4 | 106205280 2.22E17 | 106048291 106429390 90
19 rs7718191 |5 25895568  1.25E08 | 25892558 26046971 28
20 rs7717864 |5 59486768 1.96E08 59281617 | 59562579 |1
21 rs2914685 |5 108774745 1.21E08 108641351 108881782 5
22 rs13186198 5 | 139652057 6.20E14 139515394 139714837 193
23 rs9469529 6 33587443 2.29E08 33573994 | 33587443 9
24 rs4839936 |6 98489654 1.14E08 98349189 | 98532334 | 3
25 rs9398803 | 6 | 126683594 4.13E09 | 126659043 127080700 22
26 rs4719416 |7 2106608 | 9.26E10 1906466 | 2110850 |1
27 rs3735478 |7 44800176 | 1.19E08 44765133 44800176 1
28 rs2944826 |7 71792250 1.20E08 71683050 | 71852951 @3
29 rs4392917 |8 | 19680635  6.16E09 19627586 19680979 4
30 rs78126454 | 8 | 115967342 1.66E09 | 115869157 116043658 35
31 rs7903084 | 10 10861098 6.20E11 10630010 | 11140234 64
32 rs11599801 10 63447289 1.11E08 63425243 63524979 4
33 rs79550344 | 10 103613098 4.73E09 | 103379885 104198528 41
34 rs10895704 11 104395746 4.62E08 104320214 104477159 1
35 rsl0772644 12 13417617 2.29E12 13414139 | 13463954 5
36 rs16921317 12 33979400 4.70E08 33548001 | 34674292 1
37 rs6580699 | 12 49478812 1.72E13| 49387955 49479968 38
38 rs35638842 12 84304740 1.52E08 84211940 | 84539271 5
39 rs12831306 12 97664962 2.45E08 97653869 97683185 2
40 rs9569733 | 13 58316612 1.06E09 | 58250322 58828747 25
41 rs8019612 | 14 29822421 1.63E10| 29737713 29854122 40

~
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Locus | rsID chr ' postion p start end SNPs
42 rs11647572 16 12211417 5.88E09 12159290 12219411 12
43 rs11644601 16 15172118 2.61E09 14961204 15255751 |2
44 rs2650494 | 16 28318440 8.95E10 28299132 | 29001460 24
45 rs6504165 | 17 61630076 2.17E09 | 61606190 61747965 12
46 rs870681 17 77773876 3.76EQ09 77773876 77778226 2
47 rs117623407 19 32204489 3.46E10 32200518 | 32208909 1
48 rs6073984 | 20 44630653 5.97E09 | 44447625 44656140 28
49 rs77940211€ 20 47530801 2.62E14 47508077 | 47933479 337
50 rs61746505 20 62839710 1.17E08 62836637 | 62841415 2

3.2.6 Extraction of Resilience using SEM

In section3.2.5 | described how we extracted dataResilienceby a manual subtraction that
left us with a partial GWAS. This method was very limited in that | could not examine a full
GWAS ofResilienceard perform full functional analysis as with other published traits. In
addition, this method is based on P values only and does not take odds ratios into account. It
also eliminates all SNPs Resilienceghat have a nominal association in EY/NonRes but may
be highly significant in EY+Res. To overcome this | employed a recently published method
which uses Genomics Structural Equation Modelling (GenomicSBEtzinger et al.,

2019 to perform a GWAShy-subtractionDemange et al., 2021sing two GWAS, one

which captured genetic variants associatétl EY and resilience (EY + Res as described in
3.2.4 and a second which captured genetic variants associated with EY but not resilience
(EY/NonRe$. Subtracting one from the other generated two new GWAS, one capturing EY
and the other capturing what | wantettie genetics of a processing spéaded cognitive
resilience phenotype.

3.2.6.1 Initial phenotype development

Figure3.9 shows an overview of the analysis steps using the initial steps already outlined in
Section3.2.3and a detailed description of the process used to generate the resilience variable
is included in the Materials and Methods. Given the rai#tp method proposed in this

analysis, | sought to confirm findings using our methochitndependent sample. Therefore,

| divided the UKB into discoverynE266,543; 81% of participants) and replication

(n=63,554; 19% of participants) sampl&sgure3.9a). Sample sizes used for analysis are

shown inTable3.3.
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Table 3.3: Sample size for GWAS analysis by cohort

Sample

Replication n=63,554

Discoveryn=266,543

Full n=330,097

EY+Res

EY/NonRes

EY+Res

EY/NonRes

EY+Res

EY/NonRes

Case

13,893

14,980

65,293

73,749

79,186

88,728

Control

16,145

18,536

60,679

66,822

76,825

85,358

Total

30,038

33,516

125,972

140,571

156,011

174,086
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Figure 3.9: Flow chart of study design.

(a) The available UKB samples were split into Discovery (81%) and Replication (19%) samples. Following
successful replication analysis, the Full sample was also put through the analysis pipeline. (b) For Discovery,
Replication or Full, samples were assidre one of four categories based on their EY and RT measures. (c)

EY+Res cases and controls were analysed in a GWAS. (d) EY/NonRes cases and controls were analysed in a

GWAS. (e) GBS used to subtract the genetic signals for EY/NonRes from EY+Res tinrasRésilience
GWAS and an EduYears GWAS. (f) Resilience GWAS functionally analysed to identify associated SNPs and

genes, and enriched tissues, cell types and pathways, identify genetic correlations with other traits and explore

causal relationships beeen resilience and other traits using Mendelian randomisation.
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| used GWASby-subtraction (GBSJDemange et al., 20210 subtract the results of
EY/NonResirom EY+Resto leave SNRassociations with resilience. This method uses
GenomicSEMGrotzinger et al., 20990 integrate GWAS into structural equation
modelling.Following the process described by Demange @amange et al., 2021l

defined aCholesky model using the summary statistics fromEWeResandEY/NonRes
GWASs.Both EY+Res and EY/NonRes were regressed on a latent factor, which captured the
shared genetic vaEdwa"e.&EViReswakMrthdregresssmh& t er 0
second latent factor capturing the variance in EY+Res independent of EY/NonRes, hereafter
fiResiliencé . Ge n et i Resileacevasanlaependentof genetic varianc&auYears

(rg= 0) as theResiliencdactor represents residual genetic vidoiain our EY+Res

phenotype that is not accounted for by BueiYeardactor. These two latent variables,
ResilienceandEduYearsvere then regressed on each SNP in the original GWASs (EY+Res
and EY/NonRes) resulting in new GWAS summary statistics fdr Resilienceand
EduYearqFigure3.9e). Figure3.10 shows the Cholesky model with the pathway loadings

for the full GWAS. The loading for the different sample sizes is describédhie2.5.
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Figure 3.10:SEM of GWAS-by-subtraction.

The observed variables are the GWAS EY+Res and EY/NonRes and SNP and the latent variables (unknown)
areResilienceandEduYearsThere are two pathways for the SNPs analysis in this model to EY+Redirst

is throughEduYeargo EY+Res and EY/NonRes ditincorporates the genetic effects of the variables used in the
phenotype. The other path is througésiliencao EY+Res and measures the genetic effect of resilience
independent oEduYearsTo calculate the model, the genetic covariances between EYarlRdsY/NonRes
andResilienceandEduYearsare set to 0 and the variances of EY+Res and EY/NonRes are also set to 0. The
variance is therefore explained by the latent factors. The SNP value is calculated as 2pq from allele frequencies
of the 1000 Genome pba 3 data where p is the reference allele and q the alternative allelBglitéesshows

the pathway loadings for the full sample. $égure 2.2 for the model without specific loadings.

3.2.7 Discovery and replication analysis

For the discovery sample, | performed the two initial GWASs (discovery.EY+Res and
discovery.EY/NonRes) and thenrftemed GBS on both sets of samples resulting in
discovery.Resilienc8 WAS results andiscovery.EduYeaitSWAS results. | repeated this
for the replication sample to produaplication.Resilienc&WAS results and
replication.EduYear&SWAS results. Compason of thadiscovery.Resilienc8 WAS with
thereplication.Resilienc&WAS by LDSR analysi§Grotzinger et al., 20)%howed

77



Chaper3

extremely high correlation between the two datasgts 0.964,P = 4.45 x 10*4). The
discoveryResiliencecGBWAS was then processed through FUMA v 1(\&tanabe et al.,

2017 and ten independent genomele significant SNPs were identileWWhen compared

to thereplicationResilienceGWAS, there was a consistent direction of effect for all ten

SNPs (Binomial sign tes®, = 9.77 x 10%. Five of the ten SNPs were significant after

Bonferroni multiple test correctiof(< 0.005). Thus, we aeonstrated that we could

replicate genetic associations wRlesiliencan an independent sample. Results for the ten

independent genomeide significant SNPs and their replication analysis afkainle 3.4.

Table 3.4: Replication of GWAS-by-Subtraction: Performed on two subsets of the UB

Discovery®Neff =88,607

Replication ®Neff=25,706

SNP Chr  Maf Al | A2 |'Beta P Value Beta °P Value
rs1043357 20 0.41 C A 0.068 8.49E09 0.044 2.20E02
rs1054442 12 0.37 C A -0.068 1.81E08 -0.058 3.08E03
rs11065967 12 0.21 G T 0.080 3.93E08 0.046 4.69E02
rs1347143 5 0.44 A G 0.079 2.59E11 0.018 3.23E01
rs2189234 4 0.38 T G 0.077 1.46E10 0.056 3.95E03
rs2352974 3 0.49 T C 0.071 1.48E09 0.110 3.32E08
rs2426132 20 0.46 C G -0.070 2.93E09 -0.029 1.18E01
rs2624824 3 0.48 C T -0.068 6.82E09 -0.104 1.43E07
rs62074125 17 0.25 C A -0.082 1.44E09 -0.055 1.16E02
rs7225002 17 0.42 G A 0.066 2.30E08 0.060 1.91E03

Notes:Neff = effective N which is the sample size adjusted for GWBASSubtraction®Beta = effect size of
the A1 (minor) allelefhighlightedin bold if significant after Bonferroni correction (P<0.005).

Manhattan plots for the discovery and replication samples are shdviguire3.11.
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Figure 3.11: Manhattan plot of discoveryResilience(a) and replication.Resilience(b)
The yaxis shows thelog10 transformed #®alues of each SNP from the GWAEhe xaxis shows the base pair position along the chromosomes. The dotted read line shows

the Bonferroni corrected-Palue (P<5.0EB).
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3.2.8 Analysis of the full sample

Next, we combined both the discovery and replication samples to ruralgsiamn the full

sample =330,097). This resulted in initial EY+Res and EY/NonRes GWASs and following
GBS, ResilienceaGWAS results an@&EduYearsGWAS results. SNP based heritability estimate
analysis showed & lvalue of 0.13 (SE = .006) f&tesilienceFor comparison in similarly

sized samples, we also ran GWASs of EY and RT using participants randomly selected from
UKB (EY, n=82,000 above average EY cases a#s8ll,999 below average EY controls; RT,
n=82,000 faster than average RT casesra®2,000 slover than average RT controls).

These comparisons are showTable3.5. This comparison shows that in similar sized
samples, that one lead SNPsRiesiliencas significant in EY (rs2352974, Chr B,< 3.00 x

102% and a separate one in RT (rs62074125. ChPX77.54 x 10°).

A Quantilequantile (QQ) plotof ResilienceandEduYearspn the full samplés shown in
Figure3.12. Manhattan plots are availablefigure3.13. The other five GWAS (EY+Res,
EY/NonRes, EY and RT) have been shown previously in this chapter.

a b

1
"
]
.

Obsenved -log10 P-value
Obsenred -log10 P-value

S S o
Expected -log10 P-value

4 5 8
P-value

Expected -log10

Figure 3.12 Q-Q plots of ResilienceGWAS (a) and EduYearsGWAS (b)

The xaxis shows the expected distribution efgdues from the GWA&cross all SNPs, and theayis shows
the observed-palues.The genomic inflation factdtambda) as calculated by LDSC is 185 Resilienceand
1.50 for EduYears.
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Table 3.5: Examining the results of effect sizes and P values fdr3 SNPs in the contributing GWAS analysis using the independent significant SNPsResilience.

SNP

rs12474507
rs2352974
rs2189234
rs6857847
rs56335290
rs6870103
rs7747481
rs1029388
rs2417261
rs6580699
rs9569811
rs62074125
rs4810896

Resilience®Neff =

111,316
Chr "Beta
2 -0.06
3 0.08
4 0.07
4 -0.08
5 -0.07
5 0.07
6 0.06
12 0.07
12 0.09
12 -0.07
13  -0.09
17 -0.08
20 0.07

P value

4.19E08
9.27E15
3.14E12
4.99E09
2.59E08
4.03E11
2.29E08
6.50E09
1.35E08
1.29E10
1.14E08
8.31E11
1.94E10

EY n=163,999

POR
1.01
0.93
0.98
1.01
1.00
0.98
0.95
1.01
0.95
1.08
1.01
1.00
0.97

P value

4.34E01
3.00E21
8.53E04
4.13E01
9.59E01
4.86E03
3.21E13
1.91E01
2.29E06
2.81E04
3.05E01
6.46E01
3.19E04

RT n=164,000

POR
0.98
1.02
1.02
0.96
0.97
1.02
1.01
1.04
1.03
0.97
0.97
0.95
1.03

P value

7.89E04
6.38E03
1.72E03
3.46E05
2.33E03
1.29E03
9.45E02
6.22E06
1.71E02
7.71E05
2.62E03
7.54E09
3.67E04

RT n=331,487

OR

0.97
1.02
1.03
0.96
0.97
1.03
1.01
1.04
1.04
0.97
0.96
0.96
1.03

P

8.66E09
1.90E03
7.63E09
8.06E10
3.80E08
7.30E10
2.75E02
8.84E11
2.11E06
5.55E09
2.13E07
8.45E13
7.81E07

EY n=330,000

OR

1.01
0.93
0.97
1.01
1.01
0.98
0.95
1.01
0.96
1.03
1.02
1.00
0.97

P

2.01E01
1.04E45
5.66E08
4.12E01
1.51E01
1.18E05
4.86E25
3.55E01
4.59E07
6.19E07
1.24E02
7.77E01
4.30E07

EduYears2Neff
=165,000

bBeta P value

0.02
0.05
0.00
0.03
0.02
-0.01
0.04
-0.04
0.00
0.00
0.02
0.04
0.00

5.82E03
6.96E11
7.67E01
9.16E04
7.94E03
2.99E01
6.72E07
2.00E06
7.43E01
5.43E01
8.42E02
1.90E06
9.46E01

EY+Res
n=157,000

POR
0.96
1.10
1.06
0.95
0.95
1.06
1.07
1.04
1.09
0.95
0.94
0.96
1.06

P value

4.79E07
1.09E38
2.22E16
2.25E07
2.06E07
2.00E13
3.25E21
1.43E05
3.24E12
1.72E13
4.25E09
2.10E07
3.22E14

EY/NonRes
n=176,000

POR
1.02
1.05
1.00
1.03
1.02
0.99
1.04
0.96
1.00
1.00
1.02
1.04
1.00

P value

2.88E03
1.29E12
7.49E01
3.37E04
4.12E03
2.62E01
7.10E08
2.57E07
7.24E01
5.12E01
6.22E02
2.42E07
9.42E01

Notes: The P and effect values of the genomic loci for Resilience and Ed@reasmpared to the values generated for the inputs to GBS (EY+Res and EY/NonRes) and to
GWAS of the two variables used to create the phenotype (RT and EY). RT is examined using both a dichotomised samplsizéndResilienceand using the full
dateset (1=331,487) 2Neff = effective N which is the sample size adjusted for G\WBYSSubtraction®Beta/ OR = effect size of the A1 (minor) allele.
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Figure 3.13 Manhattan plots of ResilienceGWAS (a) and EduYearsGWAS (b).
The y-axis shows thelog10 transformed #alues of each SNP from the GWAS. Thaxis shows the base pair position along the chromosomes. The dotted read line shows

the Bonferroncorrected Pralue (P<5.0EB).
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3.2.9 Correlation analysis

Initially, both EY+Res and EY/NonRes had a strong negative correlation withyEY-@.88

andrg = -0.89 respectivelyRigure3.14). The strength of these correlations likely reflects the

major contribution of EY to these phenotypes and they are negative because for EY+Res and

EY/NonRes, the direction of effect is in the opposite tiioecto EY, as the cases are low EY
whereas for the EY GWAS, the cases are highEY+Res and EY/NonRes had a moderate

positive correlation with each otheg € 0.54). After GBS there was no genetic correlation
betweerResilienceandEduYeargrg= 0.01,P = 0.803) suggesting that the subtraction had

successfully separated out the genetic associations for both phenotypes.

Although the EY component &esiliencevas addressed by the GBS method, the RT

component was not and the genetic correlation bet®Resilienceand RT was strongd=

0.80;Figure3.14). This finding was examined further following functional analysis of

associated loci and is documented in chapter 5.

Resilience | EduYears EY+Res | EY/NonRes EY RT
Resilience
EduYears 0.01*
EY+Res | 0.84*** | (p55***
EY/NonRes 0.01*
EY D.ATHRH
RT 0.8%** 0.14**

*®% p=1y 10 10, **P< 0002, * Not significant.

Figure 3.14: Heat map d genetic correlations
Genetic correlations between the two GBS GWAS of Resilience and EduYears, the two inputs to GBS (EY+Res
and EY/NonRes) and GWAS of the two variables used to create these phenotypes (EY and RT).
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3.3 Conclusion

In this chapter | outlinethe limitations of the available cognitive data in theBJi¢ explore
cognitive resilience. | showed how a resilience variable could be generated using a proxy
measure for past cogntive performance but resedrthat this variable was strongly
influencead by EY which is highly heritability with a polygenic nature that can mask the

genetics of resilience.

To overcome this | employed Genomics Structural Equafiodelling (GenomicSEM)
(Grotzinger et al., 20990 perform a GWASy-subtractionDemange et al., 20211sing

two GWAS, one which captured genetic variants associated with EY and resilience and a
second which captured genetic variants associated with EY but not resifertecting

one from the other generated two new GWAS, one capturing EY and the other capturing the
genetics of a processing spdabed cognitive resilience phenotype. Replication of this
approach was shown using independent discovery and replicatiptesa The full GWAS

results were now available for functional analysis, which is explored in chapter 4.
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4 Functional analysisof Resilience

4.1 Introduction

In chapter 31 described how researcedmethods to extract the genetic contribution of
SNPs associated witResiliencédrom a GWAS that also containedstrong genetic
contribution for EY We shavedthat this method could be replicated miadependent
sample ang@ombining our discovery and replication sample we generated a GWAS of
Resilienceon 330,097 individuals in the UK

In this chaptet perform functional analysis using an array of bioinformatic tools described in
chapter 2 t@wonnect the genetic assootats inResiliencego genesbiological processes

tissues and cell typds gain insight intahe bidogical nature of cognitive resilience.

4.2 Description of genetic loci

Function analysis was performed Besiliencen FUMA v 1.3.6(Watanabe et al., 2017
(Note: se€lable2.7: Parameters used in FUMAr parameters used and results publicly
available in FUMA ID:171).

A total of 1,329 significant SNPs were tagged fromRlesilienceGWAS and were
associated with 26 independent lead SNPs § x 10°). By including SNPs in the reference
panel that are in LD with the independent SNPs, a total of 1,922 candidatevBi¢Ps
identified Functional annotation of the candidate SNPs showed that 82% were

intergenic/introniqFigure4.1).
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Figure 4.1: Functional consequences of SNPs on genes
This histogram displays the proportion of SNPs (all SNPs in LD of Ind. sig. SNPs) which have corresponding

functional annotation assigned in FUMA. Bars are coloured by log2(enrichment) relative to all SNPs in the
reference panel.

A total of 84 SNPs had@ombined Annotation Dependent Depletion (CADD) score greater
than the threshold of 12.37 which indicates that the variants are potentially pathogenic
(Kircher et al., 2014. A full list of thes SNPscan be found in Table 4 of ti8epplementary
material attached to my published resedFitzgerald et al., 2091

Lead SNPs were grouped into 13 inde@ent genetic loci that are on 9 different

chromosomessee Figure4.2 andTable4.1). Regional plots foall 13 loci are shown in
Figure4.3 to Figure4.15.

#genes physically
Genomic loc Size (kb) #SNPs #mapped genes located in loci

2:59857310-59988258
3:49385350-50250837
4:69455635-89612380
4:106045360-106335851
5:112015555-112176756
5:138517197-1397 14690
6:95274701-53450190 — -
12:1341413813417617 — —
12:49357955-49479968 - 1 1
12:111818487- 112817847
13:56250322-55796832
17:44040134-44352812
20:47511792-47914180
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o —
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Figure 4.2: Summary per genomic risk locus
These histogram display summary results for the genetic risk loci by size, number of SNPS, mapped genes and

number of SNPs physically located in the loci.
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Table 4.1: Thirteen genomic risk loci and their independent significantSNPs

Genomic loci Independent significant SNPs
Locus | SNP locus start | locus end NSNPs | (nGWAS | SNP Position P value NSNPs| PnGWAS
SNPs SNPs
2 rs12474507 | 59987310 | 59988258 | 2 1 rs12474507 59988258 | 4.19E08 2 1
3 rs2352974 | 49385350 | 50250837 | 568 402 rs2352974 49890613 | 9.27E15 117 80
rs35999162 49597230 | 4.75E09 142 92
rs1317140 49878652 1.84E10 56 41
rs2883059 49902160 | 2.39E10 205 160
rs7428430 50174184 2.49E14 205 146
rs2526389 50192826 | 9.35E11 30 28
rs1046953 50197097 | 1.07E10 5 4
rs9858059 50227871 | 2.88E08 82 67
4A rs6857847 | 89455635 | 89612380 | 76 59 rs6857847 89514572 | 4.99E09 62 52
rs57672162 89459723 | 3.71E08 37 28
4B rs2189234 | 106048360 @ 106335951 | 92 65 rs2189234 106075498 | 3.14E12 44 29
rs2726485 106263450 | 8.27E09 80 56
5A rs56335290 | 112015555 | 112176756 | 4 3 rs56335290 112036634 | 2.59E08 4 3
5B rs6870103 | 139517197 | 139714690 | 104 71 rs6870103 139692515 | 4.03E11 104 71
6 rs7747481 | 98274701 | 98450190 | 135 103 rs7747481 98315696 | 2.29E08 135 103
12A rs2417261 13414139 13417617 4 3 rs2417261 13414139 1.35E08 4 3
12B rs6580699 | 49387955 | 49479968 | 44 25 rs6580699 49478812 | 1.29E10 44 25
12C rs1029388 | 111818487 | 112817847 | 456 356 rs1029388 111926901 | 6.50E09 456 356
13 rs9569811 | 58250322 | 58796832 | 64 21 rs9569811 58646190 | 1.14E08 64 21
17 rs62074125 | 44040184 44852612 155 61 rs62074125 44852612 8.31F11 10 2
rs10775404 44167366 | 1.35E09 66 30
rs7225002 44189067 | 2.44E10 19 1
17:44224272 G_A | 44224272 4 52E09 63 28
20 rs4810896 | 47511792 | 47914180 | 218 159 rs4810896 47535298 | 1.94E10 198 145
rs2426132 47723127 1.54E09 21 15

Notes: The 13 independent significant SNPs (in the right panel) have a P value > 0& witl® an LD limit of r2 =0.6, Genomic risk loci (left panel) havieidher r2 limit
of 0.1 and a maximum distance of 250 kb. Loci number reflects the chromosome number. Where there is more than ondtoousspenethe locus is given an&,C
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in order of position?nSNPs = number afandidateSNPs in LD with the inelx or lead SNPPNnGWASSNPs = number of SNPs in the GWAS in LD with the index or lead
SNP.
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Figure 4.3: Locus 2- Regionalplot - 2:5998731659988258
Regional plots were generated in FUMIAtps://fuma.ctglab.)l The xaxis is chromosomal positiothe y-axis is significance of association wiResiliencaepresented as
log10 (P).The top lead omdex SNRs rs1247450 There are no other SNPs in LD with this SNP. There amayped genes in this locus.
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Figure 4.4: Locus 3 Regional plot- 3:4938535050250837
Regional plots were generated in FUMIAtps://fuma.ctglab.nl)The xaxis is chromosomal position, theaxis is significance of association wiResiliencaepresented as
l0g10 (P).The top lead or Index SNP i2352974 There arel02 GWASSNPSs in LD with this SNihcluding 7 otherindependent significant SNF8able 4-4).
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Figure 4.5: Locus 4ARegional plot- 4:8945563589612380
Regional plots were generated in FUMA (https://fuma.ctglabTliig. xaxis is chromosomal position, theaxis is significance of association wiesilienceepresented as
log10 (P). The top lead or Index SNP 6857874 There ar&69 GWASSNPs in LD with this SNP includingindependent significant SNB57672162at 4:89459723
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Figure 4.6: Locus 4B Regional plot- 4:106048360106335951
Regional plots were generated in FUMA (https://fuma.ctglab.nl). Taeixis chromosomal position, theaxis is significance of association wiResiliencaepresented as
l0g10 (P). The top lead or Index SNR$2189234 There aré65 GWASSNPs in LD wih this SNP including 1 independent significant SNP72648%t 4106263450
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Figure 4.7: Locus 5A Regional plot 5: 112015558.12176756.

Regional plots were generated in FUMA (https://ffuma.ctglab.nl). Téeis<is chromosomal position, theaxis is significance of association wiesilienceepresented as
l0g10 (P). The top lead or Index SNP is rs56335290. Ther@ @#WAS SNPs in LD wih this SNP.
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Figure 4.8: Locus 5B Regional plot 5: 13951719739714690
Regional plots were generated in FUMA (https://ffuma.ctglab.nl). Téeis<is chromosomal position, theaxis is significance of association wiesilienceepresented as
log10 (P). The top lead or Index SNP 6880103 There ar&1 GWASSNPs in LD wih this SNP.
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Figure 4.9: Locus Regional ploti 6: 9827470198450190.
Regional plots were generated in FUMA (https://fuma.ctglab.nl). Taeixis chromosomal position, theaxis is significance of association wiResiliencaepresented as

l0g10 (P). The top lead or Index SNR3$8747481 There ard03GWAS SNPs in LD vth this SNP.
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Regional plots were generated in FUMA (https://fuma.ctglab.nl). Téeis<is chromosomal position, theaxis is significance of association wiesilienceepresented as
log10 (P). The top lead or Index SNP 2437261 There are 3 GWAS SNPs in LD Wwithis SNP.
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Figure 4.11: Locus 12B. Regional plot 12: 4938795549479968.

Regional plots were generated in FUMA (https://ffuma.ctglab.nl). Téeis<is chromosomal position, theaxis is significance of association wiResilienceepresented as

log10 (P). The top lead or Index SNP 6580699 There are5 GWAS SNPs in LD wth this SNP.
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Figure 4.12: Locus 12C Regional plofi 12: 111818487112817847.

Regional plots were generated in FUMA (https://fuma.ctglab.nl). Taeixis chromosomal position, theaxis is significance of association wiResiliencaepresented as
log10 (P). The top lead or Index SNP i$329388 There ar856 GWAS SNPs in LD vth this SNP.
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Figure 4.13: Locus 13 Regional plot 13:58250322° 58796832.
Regional plots were generated in FUMA (https://fuma.ctglab.nl). Taeixis chromosomal position, theayis issignificance of association with Resilience represented as

log10 (P). The top lead or Index SNP 8569811 There ar€1 GWAS SNPs in LD with this SNP.
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Figure 4.14: Locus 17 Regional plot 17: 4404018444852612
Regional plots were generated in FUMA (https://fuma.ctglab.nl). Taeixis chromosomal position, theaxis is significance of association wiResiliencaepresented as
l0g10 (P). The top lead or Index SNP 62874125 There ar&61 GWAS SNPs in LD with this SNcluding 3 other independent lead SNPable 44).
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Figure 4.15: Locus 20 Regional plot' 20: 4751179247914180.
Regional plots were generated in FUMA (https://fuma.ctglab.nl). Taeixis chromosomal position, theaxis is significance of association wiResiliencaepresented as
l0g10 (P). The top lead or INndSNP is r4810896 There ard 59 GWAS SNPs in LD with this SNP includirigother independent lead SM§2426132 20:47723127
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4.2.1 Conditional Analysis

Conditional analysis was performatieach locusvhere there was more than one
independensignificant SNP within 1000 kb of the index SNhese analyseshowed that

the significance of all independent lead SNPs at each locus was reduced when the GWAS
was conditioned for the inde&&INP, confirming the linkage of the index SNP to each lead
SNP(Table4.2).

4.2.2 Fine Mapping

FINEMAP (Benner et al., 20)@vas used to provide further information on significant SNPs
in LD with the index SNP on each locus using the GWAS SNPs generated by FUMA
logi0 Bayes factor (Bo) quantfies causal evidence for a particular SNP and a posterior
probability value yielding a B greater than 2 indicates considerable evidence of causality
(Benner et al., 20)60ne SNP, rs62074125, on chromosome 17, exceeded this vajue (B
2.64). This SNP is an intron within tNéNT3gene, which isssociated with cognitive
function(Davies et al., 2018 Further examination imariousgenomicbrowses does not
identify a specific function for this SNIRowevereQTL mappingshowsexpression in

various brain regionassociated withWNT3andKANSLL. It has no reported clinical
significance The next highest result was on chromosome 4 where rs2189234 had a value
slightly below 2 (Bo = 1.62). This SNP is an intronic variant in fhET2gene, which is
discussed below. FINEMAP analysis showed that the index SNP had the highest Bayes
Factor for all loci with four exceptiong& summary othe FINEMAP analysis is shown in
Table4.3. Detail of the analysiby SNP are in Supplementary TaBl@-itzgerald et al.,

2021).
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Table 4.2: Conditional analysis of eachocus conditioning for the index SNP in EY+Res

Resilience EY + Res Conditioned on index
SNP

Locus rsiD position start end %Beta SE Pvalue | %OR | SE Pvalue |2R | SE P value

3 rs2352974 49890613 | 49385350 | 50250837 0.080 | 0.010 | 9.27E15 | 1.101 | 0.007 | 1.09E38 | NA NA NA
rs35999162 49597230 -0.065 | 0.011 | 4.75E09 | 0.914 | 0.008| 2.37E29 | 0.959 | 0.011 | 7.63E05
rs1317140 49878652 0.069 | 0.011 | 1.84E10 | 1.077 | 0.008| 5.50E21 | 1.005 | 0.011 | 6.56E01
rs2883059 49902160 0.065 | 0.010 | 2.39E10 | 1.090 | 0.007 | 4.35E31 | 1.040 | 0.010 | 1.56E04
rs7428430 50174184 -0.078 | 0.010 | 2.49E14 A 0.911 0.007| 2.23E36 | 0.946 | 0.011 | 3.94E07
rs2526389 50192826 0.067 | 0.010 | 9.35E11 H 1.082 | 0.007 | 5.81E26 | 1.035 | 0.009 | 2.45E04
rs1046953 50197097 -0.067 | 0.010 | 1.07E10 | 0.924 | 0.008| 3.40E26 | 0.970 | 0.010 | 2.07E03
rs9858059 50227871 0.057 | 0.010 | 2.88E08 | 1.075 | 0.007 | 2.99E22 | 1.027 | 0.009 | 3.51E03

4A rs6857847 89514572 | 89455635 | 89612380 -0.076 | 0.013 | 4.99E09 | 0.953 | 0.009| 2.25E07 | NA NA NA
rs57672162 89459723 -0.074 | 0.014 | 3.71E08 | 0.952 | 0.010| 4.76E07 | 0.974 | 0.018 | 1.54E01

4B rs2189234 106075498 106048360 106335951 | 0.073 | 0.010 | 3.14E12 | 1.064 | 0.008 | 2.22E16 | NA NA NA
rs2726485 106263450 0.059 | 0.010 | 8.27E09 | 1.058 H 0.007| 3.98E14 | 1.023 | 0.012 | 4.60E02

17 rs62074125 44852612 | 44040184 | 44852612 -0.077 | 0.012 | 8.31E11 | 0.957 | 0.008 | 2.10E07 | NA NA NA
rs10775404 44167366 0.080 | 0.013 | 1.35E09 | 1.038 | 0.009| 1.01E04 | 1.026 | 0.010 | 8.08E03
rs7225002 44189067 0.065 | 0.010 | 2.44E10 | 1.050 | 0.007| 7.83E11 | 1.040 | 0.008 | 3.67E06
17:44224272_G_A 44224272 -0.060 | 0.010 | 4.52E09 | 0.961 | 0.007| 7.77E08 | 0.973 | 0.009 | 3.05E03

20 rs4810896 47535298 | 47511792 | 47914180 0.067 | 0.011 | 1.94E10 | 1.060 | 0.008| 3.22E14 | NA NA NA
rs2426132 47723127 -0.062 | 0.010 | 1.54E09 | 0.948 | 0.007 | 4.42E13 | 0.972 | 0.010 | 4.95E03

Notes: The effect of conditioning of the index SNPs (highlighted in bold) on the independent significant SNPs was ex&¥iiRdsrand not in Resilience due to the
effects of the GBS manipulation. The effect of adding the index SNP as a covariat&WASanalysis diminished the effect of all the independent significant SNPs.
aBeta/ OR = effect size of the A1 (minor) allele.
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Table 4.3: Summary of Fine Mapping

Index SNPs Independent Significant SNPs
SNP Chr | position P value | start end SNP position P Value maf aeta se bprob | “log10bf
rs12474507| 2 59988258 | 4.19E08 | 59987310 | 59988258 rs12474507 4.19E08 0.401 | -0.057 | 0.010
3 rs35999162 4.75E09 0.307 | -0.065 | 0.011 | 0.001 | -0.449
3 rs1317140 1.84E10 0.320 | 0.069 | 0.011 | 0.002 | -0.330
rs2352974 | 3 49890613 | 9.27E15 | 49385350 | 50250837 rs2352974 9.27E15 |0.492 |0.080 | 0.010 0.072  1.318
3 rs2883059 2.39E10 0.428 | 0.065 | 0.010 | 0.000 | -1.033
3 rs7428430 2.49E14 | 0.487 | -0.078 | 0.010 | 0.033 | 0.965
3 rs2526389 9.35E11 0.425 | 0.067 | 0.010 | 0.002 | -0.186
3 rs1046953 1.07E10 0.415 | -0.067 | 0.010 | 0.001 | -0.644
3 rs9858059 2.88E08 0.448 | 0.057 | 0.010 | 0.000 | -1.102
4A rs57672162 3.71E08 0.171 | -0.074 | 0.014 | 0.008 | -0.492
rs6857847 | 4A 89514572 | 4.99E09 | 89455635 | 89612380 rs6857847 499E09 | 0.193 | -0.076 | 0.013 | 0.165 | 0.879
rs2189234 | 4B 106075498 | 3.14E12 | 106048360 106335951 | rs2189234 3.14£12 | 0.383 | 0.073 | 0.010 0.496 | 1.621
4B rs2726485 8.27E09 0.423 | 0.059 | 0.010 | 0.002 | -1.158
rs56335290 5A | 112036634 | 2.59E08 | 112015555 112176756 | rs56335290 2.59E08 | 0.220 |-0.068 | 0.012 | 0.838 | 0.758
rs6870103 | 5B 139692515 | 4.03E11 | 139517197 139714690 | rs6870103 | 139692515 4.03611 | 0.450 | 0.068 | 0.010 | 0.059 0.464
5B rs13186198 | 139652057 4.40E11 0.44 0.068 | 0.01 | 0.059 | 0.465
rs7747481 | 6 98315696 | 2.29E08 | 98274701 | 98450190 rs7747481 2.29E08 | 0.405 |0.058 | 0.010 | 0.121 | 0.968
rs2417261 | 12A | 13414139 | 1.35E08 | 13414139 | 13417617 rs2417261 | 13414139 1.35608 | 0.105 | 0.094 | 0.017 | 0.106  -0.879
12A rs10772644 | 13417617 1.47E08 0.11 0.093 | 0.016 | 0.526 | 0.092
rs6580699 | 12B | 49478812 | 1.29E10 | 49387955 | 49479968 rs6580699 129810 | 0.434 | -0.066 | 0.010 | 0.160 | 0.478
rs1029388 | 12C | 111926901 | 6.50E09 | 111818487| 112817847 | rs1029388 | 111926901 6.50E09 | 0.211 | 0.073 | 0.013 | 0.016 | 0.576
12C rs11065898 | 111862575 1.39E08 0.21 0.07 0.012 | 0.054 | 1.132
12C rs7953810 | 112029291 4.51E08 0.21 0.068 | 0.012 | 0.021 | 0.710
rs9569811 | 13 58646190 | 1.14E08 | 58250322 | 58796832 rs9569811 1.14508 | 0.130 | -0.086 | 0.015 | 0.160 | 0.397
17 rs10775404 1.35E09 0.185 | 0.080 | 0.013 | 0.087 | 0.578
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Index SNPs Independent Significant SNPs

SNP Chr | position P value | start end SNP position P Value maf aeta se bprob | “log10bf
17 rs7225002 24410 | 0.416 | 0.065 | 0.010 | 0.019 | -0.114
17 17:44224272_G_A 452E09 | 0.452 | -0.060 | 0.010 | 0.007 | -0.556

rs62074125/ 17 44852612 | 8.31E11 | 44040184 | 44852612 rs62074125 8.31E11 | 0.253 | -0.077 | 0.012  0.916 | 2.637

rs4810896 | 20 47535298 | 1.94E10 | 47511792 | 47914180 rs4810896 | 47535298 1.94E10 | 0.366 | 0.067 | 0.011 | 0.004 -0.416
20 rs2426132 | 47723127 154609 | 0.459 | -0.062 | 0.010 | 0.011 | 0.075
20 rs1043361 | 47731158 7.09810 | 0.42 0.064 | 0.01 | 0.021 | 0.358

Notes: Index SNPs are compared with independent significant SNPs for causality. SNPs other than independent SNPs ey eshiigctor than the index SNPs are
added in italics and their comparative positions are shtheta = effect of A1 (minor klle),prob = the posterior probabilities that configurations are the causal
configuration, clog10bf= the log10 Bayes factor. The Bayes factor quantifies the evidence for a causal configurationudveorifiguration (no SNPs are causal).
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4.2.3 Gene mapping

Three approaches were used in FUMA to map the associated variants to genes: (a) Positional
mapping SNPs tté41genes based on their genomic location within a 10 kilobase window of
known gene boundaries. (b) Expression quatnte trait (eQTL) analysis mapped 207-cis

eQTL SNPs to genes whose expression they were associated with. (c) Chromatin interaction
analysis using the 3D DNA to DNA interactions mapped SNPs to 243 genes. Circos plots for
all loci are attached iigure4.16to Figure4.26.

The circos plofrom chromosome 3 shows that 102 genes were mapped to this region,
representing 42% of the total genes map(ddrther explore the influence of this locus on

the functional analysis in chapter 4). In addition, the circos plot from chromosome 17 shows
two distinct clusters of SNPs. Genes in this region (MAPT, WNT3, CRHR1, KANSL1, and
NSF) have been previously associated with general cognitive function but also with other
cognitive indicatorgDavies et al., 200)8Details of this gene mapping analysis is in
Supplementary Tabl@ (Fitzgerald et al., 2031

105



Chapter 4

@ (b)

Figure 4.16: Chromosome?2 circos plot showing mapped genes by eQTL and chromatiimteractions

Genomic loci are highlighted in blue. Orange represents genes that are mapped by chromatin interaction and gnetsre@ptemapping. If genes are mapped by both,
they are highlighted in red. The dark blue portion of the inner circles represents thi&éveiare no mapped ger®seQTL and chromatin interactions on Chromosome 2
Figure(a) is the full chromosome. Figu(b) is an enlargement of the region in the box in figure 2a.
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Figure 4.17: Chromosome 3partial circos plot showing mapped genes by eQTL and chromatimteractions

Genomicloci are highlighted in blue. Orange represents genes that are mapped by chromatin interaction and green representsreQTlgereggpare mapped by both,
they are highlighted in red. The dark blue portion of the inner circles represents tidl lmteractions are showed except éore chromatin interactionetweerRBM5
3:50126341501564540 PBRM13:5257936852719933
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(@) (b)

Figure 4.18 Chromosome4 circos plot showing mapped genes by eQTL anchromatin interactions

Genomic loci are highlighted in blue. Orange represents genes that are mapped by chromatin interaction and green@éjresappsng. If genes are mapped by both,
they are highlighted in red. The dark blue portion of the inmmetes represents the lodihere are two locissociated witfResilienceon chromosome 4locus 4A and 8.
Figure(a) shows the full circos plot for chromosome 4 and figure (b) is and enlargement of théAocus
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(@) (b)

Figure 4.19: Chromosome 4 circos plot showing mapped genes by eQTL and chromatin interactions
Genomic loci are highlighted in blue. Orange represents genes that are mappeshigtin interaction and green represents eQTL mapping. If genes are mapped by both,
they are highlighted in red. The dark blue portion of the inner circles represents the loci. There are two loci asgbdresdievice on chromosome fbcus 4A and4B. F

Figure (a) shows the full circos plot for chromosome 4 and figure (b) is and enlargement of thélocus 4
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Figure 4.19: Chromosome5 circos plot showing mapped genes by eQTL and chromatin interactions
Genomic loci are highlighted in blue. Orange represents genes that are mapped by chromatin interaction and green@éjresappsng. If genes are mapped by both,

they are highlighted in red. The dark blue portion of the inner circles representsitfiénére are two loci associated witlesilienceon chromosomé - locus5A and5B.
This figure includedull circos plot of chromosome 5 (a)partial circos plot obcus5A (b).
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(@) (b)
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Figure 4.20: Chromosome 5 circos plot showing mapped genes by eQTL and chromatin interactions

Genomic loci are highlighted in blue. Orange represents geatare mapped by chromatin interaction and green represents eQTL mapping. If genes are mapped by both,

they are highlighted in red. The dark blue portion of the inner circles represents the loci. There are two loci asgbdreedievice on chromos@b- locus A and B.
This figure includes full circos plot of chromosome 5 (a) a partial circos plot of I&(s)5
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Figure 4.21: Partial circos plot showing locus6 on chromosome &howing mapped geneby eQTL and chromatin interactions
Genomic loci are highlighted in blue. Orange represents genes that are mapped by chromatin interaction and green@éjresappsng. If genes are mapped by both,

they are highlighted in red. The dark blue portionhaf inner circles represents the loci.
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(@) (b)

Figure 4.22: Chromosome12 circos plot showing mapped genes by eQTL and chromatin interactions

Genomic loci are highlighted in blue. Orange represents genes that are mapped by chromatin interaction and green@éjresappsng. If genes are mapped by both,
they ae highlighted in red. The dark blue portion of the inner circles represents the loci. Thireeloei associated witlResilienceon chromosomé?2 - locus12A,12B
and12C This figure includes full plot of all three loci (a) and partial circos plobf 12A (rs2417261)and 1B (rs6580699 (b).
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