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Summary

The PerceptuaMnemonic (PM) view of the Medial Temporal Lobe (MTL) suggests it
processes representations for both perception and memory and that functional
separation in its regions echoes differing modality specialisation of two widespread
networks. This thesis invegtited aPosteromedial Network (PMNcilitating
spatiotemporal navigationcontrasting it with arAnteroinferior Network (AIN)

facilitatingaggregateobject/ faceprocessing

Supporting the PMiew, previous work reported correlations between network tract
microstructure, functionamagneticresonancémagingmeasured MTL signals and
perceptual performance. However: the microstructure measures were biologically
non-specific; ncstudies used magnetoencephalography (more temporally precise); the
relative importance in MTFteliant behaviours of PMN tracts that connect different

MTL areas were uninvestigated; and studies relating PMN network structure to

temporal processing producembnflicting results.

This project investigated relationships between intadividual differences in
O0SKIF@A2dzNJ ' yR (GKS&aS ySig2Nl aQ &dGNHzOGdzNBa |
mnemonic tasks probing perception of scenes and faces, and memory of einjects
sequences. Microstructure measures were reduced into biologically interpretable
components. Those of the forngxa proxy of hippocampa?MN communicationg
correlated with scene perception and objantsequence memory performance. Those
of the parahippcampal cingulum, which connects other PMN areas, did not,
indicating the specific role of the hippocampus in spatiotemporal representation.
Those of the inferior longitudinal fasciculus, part of the Aldrelated with face
perception performance. PMN #¢ta/gamma power modulation occurred more during
scene perception than face perceptidn:taskMTL theta power modulation

(reflecting hippocampal/parahippocampal processing), and Ridéterior cingulate
cortex restingstate connectivity correlated withcene perception performance.
Conversely, AIN theta/gamma power modulations occurred during face perception.
These imply thaMTL regions are important for both perception and memory and that
two dissociable networks cater for the different modalities. Aplication of the

findings is thaMTL damage (e.gasoccursin f T K S A Y S Ndagnotpracice | & S

purely memorydisorders buimpair representations for use across behaviours.
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Chapter 1. Introduction to the topic.

Chapterl. Introduction to the topic

1.1 Network models of brain functiatissociatenodality-specific process.

Thisthesisexamined @inctional andstructural properties ofspatial processingietworks in
the brainto evaluatethe PerceptuaMnemonic(PM)View(Lee, Bussey, et al., 2005;
Murray & Bissey, 1999; Murray et al., 2007his viewchallengeshe commonlyheld

belief thatperceptual and mnemonic processes ocexclusivelyn separate areas of the
brain, a dchoticview of memory and perceptioitt isencompassedy two
representationay 2 RSt aX (GKS W9 @2t daEAM(Mrdidetal, ONB G A 2y a
2018)and the PosterioiMedial andAnterior-Temporal (PMAT) framewoilRanganath &
Ritchey, 2012; Ritchey et al., 201B)th models statethat Medial Temporal LobeTL)
regions conduct processthat aidboth perception and memorythat MTL regions
function as key regions two widespread cortical networksand that the functional
separation seen in MTL regions echoes the differing modality preferences of the two
widespread networkdDespitesome differences, the two networks they describe are
largely similarThis thesis focused onRosteromedial Network (PMNgontrasting it with
an Anteroinferior Network (AIN)The PMNs thought to conduct sequencing and
separation to create models for apotemporal navigationlt incorporatesnetwork areas
associated wittspatial processinfHodgetts et al., 2016; Nasr et al., 20a8p recollection
memory (Rugg and Vilberg, 20E8ich asposterior portions of théhippocampus
parahippocampal cortexetrosplenialcortex (RSG)posterior cingulatecortex (PCG)
inferior parietal cortexand medial prefrontal cortex (mMPFTheAlNis thought to conduct
aggregate processing to create models for identification and meaitiirgcorporates areas
associated wh semantic memory (Jefferies, 2013), object processing (Ishai et al., 2000)
and face processing (Haxby et al., 2000) sucthagerirhinal ortex (PrQ; inferior
temporal cortexjnferior occipitalcortex (IOC)orbitofrontal cortex; amygdala; and

temporal pole.

Thisintroductory chapterdescribes the backgroundf the PM-view, to assesshe evidence
for it, andto expanduponthe proposedPMNandAlNareasandfunctions.Thechapter
startsby describinghe two memorymodelsuponwhichthe thesisis predicated.Then,
functionalseparationof the MTLmemorysystemandthe rolesof the PMNand AINin
mnemonicprocessesre described highlightinghow similarunderlyingmechanismsnay

supportthe multiple rolesthesenetworkshavebeenassociatedvith - suchthat they can
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be consideredastwo generalizablg¢oolboxes It isthen arguedthat dissociableolesof
thesenetworks, andtheir generalizabldunctionality,alsoextendto processe®utsideof
LongTermMemory (LTM) Lasty, the aim of the thesis,to further investigatethe role of
the PMNin spatiotemporalprocessindy examiningndividualdifferencesin network

structure,network function andtaskperformance s outlined.

1.1.1 Complementanand differing ideasfthe EAM ad the PMATramework

The ideas described here, including the meeting of two vgigleead cortical networks in
the MTLthat act as generalizable toolboxes procesdiifterent modalities across different
cognitive contexts, are encompassed by the EMJrray et al., 2017and the PMAT
framework(Ranganath & Ritchey, 2012)he core premise of the EAM is that
representational brairsystems evolved from more primitive memory systemsluding: a
Navigationsystem which evolved in early vertebrates and utilizes visual and olfactory
information for mobile foraging; &eaturesystem which evolved in anthropoids and
supports visual repigentations toaid foraging;anda Goalsystem which also evolved in
anthropoids and provideabstract thinking and attributed context to memories, to
enhance foraging strategieEventually, &ocialsubjectiveSystem evolved in hominins
developed frontheseolder systemsand comprisea medial component for mental
simulation of eventshat encmompassean extended hippocampdsased Navigation
system, and a lateral component for concept comprehensiia encompassgFeature
and Goal system@urray et al., 2017)Therefore,tiis proposed thabur current brain
networks, and our human experience of memory, arose through interactions between
older brainsystemsThe EAMD®a SR A | f ingluslés ¢he NBF@CC, precuneus,
anterior cingulate cortex, medial parietal cortex, RSC, parahippocampal cortex and the
hippocampusThe EAMMW [ I (i S NJ fncludeShighie? diderreas of the ventral visual
streamandvarious frontal regions (including the orbitofrah region), inferior occipital
gyrus,Fusiform Face Area (FF-8)iperior temporal cortex and an anteritemporal lobe
YA SYI v {iMuay & dzp2017)

The networks of thePMAT framework NE o6 &SR dzLl2y oONI Ay FNBFaQ |yl i
connectivities and common functiorfRamanath & Ritchey, 2012; Ritchey et al., 2015)

The PMAT framewo&Wt 2 & G S NA 2 NJ AaySARAdzR S 33 &la (YSO2ONE NB O2f f SO0 A
comprising parahippocampal corteRSCangular gyrusPCC, precuneus, anterior thalamus

and mPFQtsW! yHAMINRS Y L2 NI f & & anieGoNi€npdraf coftedlzRBral t NJ =

orbitofrontal cortex, and amygdala
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These models diffemn two important waysThe frst concerns the view of hippocampal

function within the two networks. The EAM views an extended hgapapal system,
O2yySOGSR @Al (GKS F2NYAEZ Fa Ly AyidaSanNrt 02y
PMAT framework views the hippocampus as a convergence fooihbth networks

(Ritchey et al., 2015 herefore, the EAM predicts that the hippocampus is also important

for online spatiotemporal processes (such as complex scene perception) whereas the PMAT

does not. Howevetthe EAMagreesi K| & KA LILJ2 OF YLI £ | NB+ & G SNXS
KALILR O YLIza QX | NB A Y LWEWdEayefd., 201Z)Mdsa SYF yiA O YSY
FO1ly26f SRIAY I (i KshelerogeKoBs siubtiuk de@nis Y irodide

processing to multiple network systems. Sedynthere are differences in the general

network structuresThet a! ¢ TN} YEFA BNRANI ¢ SYLR NIt aeadsSyQ
inferior ventral visual stream areaghereasi KS W[ F SN} f ySig2N]JQ 27F
PMAT framework places more importanoe paretal areas such as the angular gyrus, as

LI NI 2F GKS Wt 230SNA2N) afisRARISRAZE A DSYG 20Ng Q0 R
outcome of these inconsistencies is the difference in the importance each model places in
connectingwhite matter. In the EAM, thefornix should connect PMN areasdthe Inferior

Longitudinal Fasciculuk.§ shouldconnectAINareas whereasdescriptions of th(PMAT

frameworkdo not discuss these tracts apgedicts only the importance of the

Parahippocampal CinguluRKIG andthe uncinate fasciculufor these functions

(Ranganath & Ritchey, 2012; Ritchey et al., 2015)

Ofcourse, neither model suggests that brain networks work in isolation and the differences
between the networks describecbuld be ascribed to differences in emphasis of network
functions anderminology.The PMAT framework does not discuss fineings that

support arole of the hippocampus in scene perceptual tasiguiringonline creations of
internal viewinvariant scene representations, but niottasks requiingface
representationgHodgetts et al., 2015; Lee, Buckley, et al., 2005; Lee et al., Z&@8)

section 1.3.3.)These findingsupportthe claim of the EAM that the hippocampugpt of
aWYSRA I f,rafh®rithareshthgbetween two networks. Howevére hippocampus

likely uses object information fed frof[ I G SNJ 2 Ny @@ ¢ Z SIN®R 2 NJ ¢ SY L2 NI f§
areas to fill its spatiotemporal magse., joining objects in scenes) amdth this view, the
hippocampuss acting as a convergence sitetao sysems aligning with the PMAT
framework In part, his thesisaims to address these differencesdiyectly compaingthe

importance of the fornix anthe PHOn spatiotemporal processinigp young healthy adults
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thereby testing the importance of hippocampammunicationyelative tocommunication

between other PMN areas, in PM#lated functions
1.2 The MTL as a meeting point of two wijgeadmemorynetworks.

TheMTLcontains heavily connected aremeluding thehippocampal complex (HP.@)e
amygdaloid corplex andthe cortical tissuesurroundingthese structuregVan Hoesen,
1995) TheHPCcompriseghe hippocampustself and the immediately adjacemntorhinal,
PrC and parahippocampabrtices.

Animalstudiesindicateunequal connectivity patterns between MTL ar¢faat closely

match the functional segregation within the systeTheparahippocampatortexis

strongly connected to the dorsal visual stream (Lavenex et al., 2002; Suzuki & Amaral,
1994a)and the PrC is strongly connected with the inferior temporal regions of the ventral
visual processing strea(®uzuki & Amaral, 1994he subiculum (an area of the
hippocampu¥, the mamillary bodies and thalamus (strongly connected tahibpocampus
through the fornix) show stroreg connections with theparahippocampatortexandRSC

than the PrC; and the amygdala is more strongly connected to the PrC than the PHC or the
RSCGAggleton, 2012; Stefanacci et al., 19F¢stingstate (RS¥unctional magnetic

resonance imaging (fMRI) analysis in humans has confirmed and extended this pattern of
two networks(Kahn et al., 2008Activity of anetwork thatincluded the anterior lateral
temporal lobe correlatd with activity of thePrCandthe head of thehippocampusActivity

of another, which includedhe inferior parietal lobul€IPL)the RSC anthe PCC

correlated with activity of theposteriorparahippocampatortexandthe body of the

hippocampugKahn et al., 2008)

Traditionalmnemonic views ofunctional separation in the MTL system closelNofvs this

pattern. Recognition memory is thought to have two components: recollection, which is
contextbound memory and reliant on thieippocampusand parahippocampal cortexand

familiarity, which is contextless and reliant on the RA®ninoff et al., 2013; Brown &

Aggleton, 2001/ 2 y G SEGQ Ay GKA& OF&Ss NBFSNER (2 (KS
time and/or space orelativeto other percepts or conceptsor example, recollection can

be the understanding that object A was encountered before object B when navigating a

route, or understanding the location relationship between block A and block B in a scene.

1Definition usedHippocampal Complex. (2009). In M. D. Binder, N. Hirok&wh, Windhorst (Eds.),
Encyclopedia of Neuroscien@p. 18401840). Springer Berlin Heidelberg.
https://doi.org/10.1007/9783-540-296782_2211

LJ2 a
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Conversely, familiarity is thehenomenonof knowing somethingfor exampleknowing

that object Ahas been encountered beforbut not being able tdink this knowledge with
details about the learning everithisdichotomyis referred to as the Dual Process Model
(Brown & Aggleton, 2001and it has gained support from several experimental mediums
including response time experimentshowing thafamiliarity arises more quickly than
recollection(Gronlund et al., 1997 analysis ofeceiver operating characteristicsirves
construced of hits (correctly identified reoccurrences) and false alarms (incorrectly
identifying a new occurrencas old, which show differing shapes fanswers labelled as
familiar and recollectivéYonelinas, 1994and through the study of everrelated

potentials which indicate electrophysiological differences between familiarity and

recollectionresponsegRugg & Curran, 2007)

Similarly, the BIC (Binding of Items and Context) model suggests that functional separation
is based on modalitgDiana et al., 2007; Eichenbaum et &@007) In this model, he PrC
processes object informatigthe parahippocampal cortegrocesses context information,

and thehippocampusginds these representations, creating sequences and scenes of

objects.

Thesemnemonicmodelscan be unifiedby considemg MTL regions deey aspects of two
networks withgeneralizable toolboxegossessing different processing qualities that make
them applicable to differing modalitiefor example, the hippocampissensitive to
representations of conjoined itenia a spatiotemporal comxt and the PrGs sensitive to

aggregate but contextlesstepresentations of items.
1.2.1 Thehippocampusand thecreation of contexbound memory.

The hippocampus has beshownto have a role in declarative memory genergbgoville

& Milner, 1957)and to have specific roles spatial(O'Keefe & Dostrovsky, 1971)
temporal(Hsieh et al., 2014nd abstract associatiy&eithamova et al., 2012)emory.

For exampe, presentation of novel scenes created by spatial rearrangement of familiar
objects gives an increase in immediate early gene expregsiomdirect marker of

neuronal activity)n the rathippocampusut not the PrC(Agdeton & Brown, 2005)The
involvement of thehippocampusn both recollection and spatial memory implicates it as a
builder of cognitive maps that are not constrained to portraying a geographical world, but
can be built by either relating conceptual Blents such as events in episodic memany

physical objects that may be encountered when navigating a sf&ateller et al., 2015)
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Supporting this idea is evidence of involvement of tifgopocampusn binding items in
temporal ordersHsieh et al(2014)usedmultivariate pattern analysison fMRI signals

during the retrieval of object sequences. Before scanning, participants learned several
different object sequences. There was one unique, fixed sequence, another two pairs of
sequences that shared common objects in particular positiand a random sequence.
During fMRI, the participants were tested on their memory of the sequences through
answering semantic questions. The creation of various similarity matrices showed that:
hippocampugesponse patterns are sensitive ebjectin-sequencanformation;
hippoampusactivity patterns for overlapping sequences are different; and that individual
differences in participant sequence learning correlated \hifsppocampugattern similarity
differences for learned, relative to random, sequences. The resulisatethat the
hippocampugsan support objectemporalkposition binding and, by comparing different
combinations of the sequences, that these patterns could not be explained by objegt or

temporal position alone.

Moreover, there is evidence of hippocampal prosieg of conjoined items in abstract

space Using fMRI andnultivariate pattern analysjZeithamova et a2012) found a
relationship between participanf&bilitiesto learn orerlapping associations and infer

novel relationships (learn AB then BC and infer AC), and patterns of hippocampal online
reactivation of old experiences (AB) during the encoding of related events (BC).
Importantly, these associations are not bound by time or space, further supporting the idea

that the hippocampusan form manipulable conceptual cognitive maps.

The underlying processes of thggpocampusthought to resultm its sensitivity to
conjoined items in caceptual cognitive mapsnight bethose ofpattern separation and
pattern completion(Rolls, 2016)The hippocampus appears $tore multiple memories in
the same neuronal circuitsy an unknown mechanism, perhaps explaining wipartial
cue of a menory canleadto recollection of the whole memorfHorner et al., 215; Rolls,
2016)

1.2.2 Aposteromedial networkor spatiotemporal navigatioim memory.

The hippocampus ahparahippocampal cortex connect to other cortical areas as part of
spatialprocessing and recollection networkitgat mostly reside in posteromedial locations.
The scene network is thought to include tR8C occipital place aredDPAor transverse
occipital sulcus), parahippocampalrtex, posterior parietal cortexCiaramelli et al., 2010;

Cukur et al., 2016; Nasr et al., 2018ngular gyrus, lateral piintal cortex(Summerfield
6
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et al., 2010pndhippocampugHodgetts et al., 2016pifferent regions of apdial network

may interact to produce spatial processing behaviour and menidyhippocampuss

thought to support the creation of allocentric (based upon stable locations and relative
positions of landmarks) cognitive mgms opposed to egocentricmap 6 | & SR dzLR Y
own personal movement and location), whiarethought to be created in posterior

parietal areagGramann et al., 2006Measurement using fMRI has shown that the OPA,

but not the parahippocampatortexor RSC, responds similarly to images of complete

rooms and to rooms that have been altered so that they no longer fit together to produce a
coherent scene, gigesting that the OPA procesthe component partsndividually,

rather than the global arrangemeamps et al2016) The BC is thought to aid

allocentric processingvann & Aggleton, 2002)nd navigationperhapsby coding

permanent landmarks in an environmefftuger et al., 2012; Auger et al., 20ang

supporting orentation within a broader spatial environme(&Epstein, 2008)The
parahippocampatortexis associated with the perception of local scefEegstein et al.,

2007) responding to coherent scenes orflamps et al., 201@nd this processing has

been shown ¢ be viewpointspecific(Epstein etal., 2003)

Similarly an episodiaecollection networkhas beerproposed to include thdippocampus
parahippocampatortex the RSC, posterior parietal cortex and the angular gRuy &
Vilberg, 2013)Theparahippocampatortexhas been shown to be involved in conteat
aspects of memory and associative memofigsinoff et al., P13). Importantly, this
function extends beyond the spatial doma#s theparahippocampatortexcanassociag

abstract conceptéWagner et al., 1998)nd odourqAlvarez et al., 2001)

Theseareas have also been implicated in temporal sequenangspect of episodic
recollection Hsieh & Ranganait2015)reanalysed tk data ofHsieh et al.(2014)
(describedn sectionl1.2.1). They found that activation patterns of tmePFC, RSC, and
angular gyrus represented information about the position of each objecsegaence
regardless of whether those positions wergsaciated with particular objects. Conversely,
the AC activation patterns represented information about objects only, regardless of
sequenceposition. These results further support the role of the PMN areas in
spatiotemporalnavigation and highlightthe differences between their processes and

those of the PrC

These networks and roles are unified bidN whichconduct sequencing, patterning

and separation to creatgeneralisednodels for spatiotemporgbrocessing, regardless of

7
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the precise nature of the cognitive proce€ontext can be thought of as arranged
objects/concepts/events with spatial or nespatial(such as temporalassociations
(Aminoff et al., 2013), so it is understandable that simil@chanismssupport both spatial

processing and episodic memory.

1.2.3 Associations and similarities between the PMN and the Default Mode
Network

PMNareasoverlap with theareas of theDefault Mode NetworKDMN), which includes the
mPFC, lateral parietal cortgrferior parietal lobeand posteromedial cortefPMO) ¢
containing thePCGnd the precuneugBellana et al., 2017; Raichle, 20T eDMNis
notable fordisplayngreduced fMRimeasured Blood Oxygen Lé@ependant (BOLD)
signalduringa task condition comparedith a baseline rest condition, suggesting reduced
activity during task engagemergRaichle, 2015)his has also been demonstrated as a
reduction in broadband gamma power through electrophysiological recoxdinef al.,
2019)andaspower suppessionassociated withncreasngtask difficulty(Ossandén et al.,
2011) Conversely, therés increased gamma power in the DMN during tasks involving
internal processing such as memaeyrieval (Foster et al., 20129nd imaginindBenoit &
Schacter, 2015)ndicating that DMN areas disengage during tasks requiring processing of

predominanty external stimuli but engage during internagjgnerated processes.

The parahippocampal cortex and tiRSGhow higher connectivity with the DMN than
doesthe PrCjndicating greatecommonality between the DMN and PMN, thbetween

the DMN andAIN(Kahn et al., 2008; Ranganath & Ritchey, 20R2)fMRI hashown

increased functional connectivity between the DMN and MTL during memorgvatrand
future imagining than at rest, while core DMN structures, such as the mPFC and the PCC,
showed increased connectivity during rest than during retrieval and imagiBieitana et

al., 2017) These results suggest that tR&N and DMN overlap when the current cognitive
state requires spatiotemporal processing of internally stored/generated information and
that connedivity patterns within and between them dynamically adjust during a rasige

processes.
1.2.4 Ananteroinferiornetworkfor aggregate processing

The PrCpart of the AINhas been shown to provide congphentary processing to face and
object processing networks, which reside mostly in anteroinferior locatidivisaari et al.,

2012; O'Neil et al., 2013ylemoryresearch has provided evidence that theChas a role

8
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in memory, separate to that of the hippocampus, involving recognitiontéons, without
context For example, the presentation of novel rather than familiar visual objects
associated with increaselevels of immediate early gene expression in the PrC but not the
hippocampuf the rat(Aggleton & Brown, 2005T heassociatiorbetweenthe PrC and
recognition memory is also supported by fMRRIdiesin humanswhichhave shown
modulated PrC BOLD in response to repeated obj&xsisalves et al., 2005; Kafkas &
Montaldi, 2012; Martin et al., 2016furthermore,PrC BOLD activity halsobeen shown

to be associated witkumulative lifetime familiarity of object concepas well as recent

object concep(names of object®¥xposure(Duke etal., 2017)

ThePrCmay al® play a rolén semantic memory. Categoespecific responses from the
PrC usingintracranialelectroencephalographyEEG, have been seeas early as 13Mhs
after the onset of the presentation of a written wo(@han et al., 2011 Areas of the
ventral anteriortemporal lobe, including the PrC, are thought to encode semantic
categories and interact with upstream visual processirgns, such as thaeccipitotemporal
cortex, during visual processingp aid object identification. Furthermore, through
multivariate pattern analysis of fMRI, it has been found that activity patterns in the PrC
reflect semantic similarities between indtival objectqClarke & Tyler, 2014 this study,
the PrC also showed increased activation when recognizing liighfysable objects,
indicating that thee objectglaced a higher demand on the Pr@th itsintegrative
function. The authors suggested that the PrC creamantic wholeobject

representations through compleaggregatiorof information fed fromconnecting areas

The PrC is proposed to be at the apex of the ventral visual pathway, a hieraratdaai st
that supportsvisualobject processingdlshai et al., 2000; Magazzini & Singh, 2048} that
includes early visual areaas well aghe inferior temporal cortex and thBrC(Bussey &
Saksida, 2007; Rottschy et al., 200WRI data fronparticipants who underwent an
objectnaming taskvere used to testhe idea ofa deep neural network model of vision
combired with an dattractor networké model of semanticsPosterior ventral temporal
cortex activity best representeglarly layers of the semantic network model, wher@a€
activity best representethte layers of the semantic networkodel, showing thgpassage

of information in a hierarchical fashigDevereux et al., 2018)

The face processing netwoik thought to comprise two parts, core and extended
subnetworkg(Haxby et al., 2000 he coresutnetwork comprigs theOccipitalFaceArea
(OFA)superior temporal sulcus arfdisiform Gyrus(FG) and the extendedsulnetwork



Chapter 1. Introduction to the topic.

includes the intraparietal sulcus, amygdala, anterior temporal cortex and the orbitofrontal
cortex(Haxby et al., 2000; Musch et al., 2018he extendedumetwork is thought to be
involved in the extraction of meaning from faces and the recognition of fddasch et al.,
2014) andthe PrC is thought to contribute to this network when a task demands face
based persorimemory or discrimination betweefaces with overlapping featurd€ollins &
Olson, 2014)Collins and Olsen (2014) suggekhat the PrC achieves thigy integrating
features into vewpoint-invariant representations designed to give identity and face
individuation.Relatedlyh Qb S A f(2D14)8xaminedR&MRI connectivity across regions
in afaceprocessing networkndfound resting connectivitpatterns between the PrC and
the FFAand the PrC and the amygdala. The former connectpatjerns correlated with
inter-individual differences in the extent to which inverting the orientation of@efa
disrupted subsequent recognition, indicating that individual differences in communication
between the PrC and members of the face network affect faeenoryperformance Faces
can also beonsidered asggregated whol®bjectitems. kolatedface or obgctitemscan
exist withoutcontext, highlighting a similaritpetween object/face processirgnd

familiarity memory.
1.2.5 Neurodegenerativeliseases matargetdistinctneuralnetworks

¢tKS WySig2N] RS 3 SujdeNsthasordefeuiideddfetntv@iseasasie
the results ofnetwork dysfunction Although, abnormalitieen the small scalar{olecular
neuropathologytleficits in neuronal firing behaviour or synaptic communication)
contribute to larger circuits and, ultimatelig network dysfunction(Palop et al., 2006}his
hypothesis highlights thatymptomcomplexes carnelate more closely talysSunction of
affectednetworksthanto underlying neuropathologie®rzezga, 2018Ywo degenerative
diseases! f 1T K S Pise&sNADHandsemanticdementiaunequally target PMN and AIN
areas(Ranganath & RitcheyP22) AD is associated withippocampal atrophyl ee et al.,
2019) abnormal DMN activityGreicius et al., 2004nd abnormalRSconnectivity
between MTL and DMN regio(Grajski & Bressler, 201emantic dementig associated
with atrophy of AINareas such athe amygdé#a, anterior temporal lob@nd temporal pole
(Boxer et al., 2003pnd semantic memory impairmentlates to PrC volume isemantic
dementiapatients(Davies et al., 2004)However, it should be noted that the brain areas

affected in these diseases are not entirely separable)

The PMview and representational models have implications for how we view diseases

such as AD and semantic dementia, which affect the Nfi&y are often seen as purely

10
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memory disorders, which may not be the cgblutchings et al., 2017; Quental et al., 2013)
and furthering our understanding of the functional roles of brain network may allow us to
better characterize network diseases, and potentigligvide earlier diagnoses by including

non-mnemonic based test&Gaynor et al., 2019; Wu et al., 2020)

1.2.6 Dissociableeliance onwvhite-matter tracts between the twmetworks.

The fornix andhe PHGconnectPMNareas The fornix is the major carrier bippocamgal
input/output tracts and contains afferents from the diencephal®aunders & Aggleton,
2007) Through the fornix, theippocampusmamillary bodies and anterior thalamic nuclei
are considered to form an extended hippocampal system for episodic memory and spatial
processingAggleton & Brown, 1999; Dumont et al., 201bhe fornix also connects this
formation with the prefrontal corteXMetzlerBaddeley et al., 2011frornix transection
causes amnesiahowing that it irucial in supportingpisodicmemory(Gaffan & Gaffan,
1991) Itsmicrostructure properties correlate with free recall performar{béetzler
Baddeley et al., 2012nd episodic content of autobiographical ré¢alodgéts, Postans,

et al., 2017) Moreover, nicrostructure properties of the fornithat may reflect fibre
damageare reportedin AD patientsandin the precursorcondition, mild cognitive

impairment(MCI)(Bozoki et al., 2012; Miedket al., 2009)

ThePHC is part ohie cingulum whichis comprised of long and short association fibres

and connects the temporal lobe to the frontal lobe, running along the dorsal surface of the
corpus callosuniBubb et al., 2018}t hassegmentswith differing connection patterns or
propertiesaccording to theeonnectionghey support(Bubb et al., 2017)The PHGs the

most lateral regiorextendinginto the temporal lobgJones, Christiansen, et al., 2018)d

is associated with episodic memory functioniiMetzler-Baddeley et al., 2012 comects

the MTL mostlythe parahippocampal cortexyith the occipital lobe and posterior parietal
cortex(Bubb et al., 2017; Jones, Christiansen, et al., 201318, 2016)Microstructure
properties of the PH@&Isodiffer between healthy adults and AD patieiiBozoki et al.,

2012) and have been found to correlate with recognition memory performance in MCI

patients(MetzlerBaddeley et al., 2012)

ThelLFanduncinatefasciculusonnect AIN areasT'he ILFs a major occipitalemporal
association pathway and connedlte ventral visual strear(Herbet et al., 2018)
emanating from the occipital lobe and concludingtia ventro-anterior temporal lobe
(includingconnections tahe PrGg (Catani et al., 2003}t maybe important in several areas

of cogntion, includingobject, face andemanticmemory, and socieemotional processing
11
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(Herbet et al., 2018)T'he range of processes associated withchritbe explained through
the breadth of areas connected through this traBased on connections within the
occipital lobejt hasdorsolateratoccipital, fusiform, cuneal and lingual segmermach with
differing proportions terminating in five temporal cortigagions(Latini, 2015)
Microstructure properties of the IL#&re different inchildren with impaired object
recognition(Ortibus et al., 2012)n progressive progmagnosigGrossi et al., 2014nd in
semantic dementigatients(Agosta et al., 2010; Sundqvist et al., 2020)mparedwith

healthy controls.

Theuncinate fasciculus a curved tracthat connects the medial and anterior temporal
lobe to the medial and orbital prefrontal cortéklau et al., 2017t isassociate with the
semantic retrieval aspect ¢dnguaggPapagno, 2011¥%ocb-emotional behaviouf(Coad et
al., 2017) and reward/valuebased associative learning (Thomasilet 2012)Its
microstructurealsodiffersin semantic dementia patienf@\gosta et al., 2010; Sundgvist et
al., 2020)comparedwith healthy controlsAn illustration of the proposed structures thfe
PMN and AIN are shown in Figure 1.

AN PMN IPL
Anterior PCC
temporal lobe PEC
Amygdala
RC
Orbito- ® T
frontal cortex Hpaz: amus
® PrcC N
Inferior [ { \ l h‘ Para |
occipitall @ B -~ ippocampa
temporalcortex ~ O ,’ cortex
TR e d oo
d wr d pHC

Figurel. The proposed anatomy for the AIN and PMN
AIN and PMN areas are shown with tracts that connect thestoured according to the keys.

AIN: Anterior InferioNetwork. PMN: Posteromedial Network. HPC: Hippocampal Conipfexinferior Longitudinal FasciculuBL:
Inferior Parietal LobulenPFC: medial Prefrontal Cortex. PCC: Posterior Cingulate Cortex. PHC: Parahippacguipiad rC:
Perirhinal Cortex. 8: Retrosplenial CortelF: Uncinate Fasciculus.
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1.3 Therolesof AIN and PMN areamitsideLTM

Contrary to a purannemonic view of the MTlthe PMview suggestsoles of the PMN and
AINthat extendbeyondmnemonic processeslowever, theroles of the hippocampus red
PrC in perceptual processere highly contestedSuzuki, 2009; Urgolites et al., 2018)
There are reports of intact performance in complex perceptual tasks inddiriaged
patients(Stark & Squire, 2000; Urgolites et al., 20E8)ggestions that impairments in
memory display as apparent impairments in percepiignutson et al., 2013and reports
of intact scene construction and perspective shifteippocampalesioned patients
(Rungratsameetaweemana & Squire, 20I8)efollowing evaluates the evidence that the
hippocampus and PrC contribute poocesses outside of memoanddiscusses thie

contributionsto PMN and AIN networks, respectively.

1.3.1 TheHippocampusand the PMN suppogpatiotemporalrepresentationover

short timescales.

The hippocampus is implicated in roles outside of memory, incluglitige spatial
processindVoss & Cohen, 2017; Warren et al., 2012; Yee, 20t4yning fictitious space
(Barry et al., 2019; Hassabis et al., 20@1¥J onlinetemporal encodindBanguet et al.,
2021)

Regardingnline spatial processing, a focus of animal research on the hippocampus is how
cognitive maps are formed, and how they affect subsequent behaviour. Thdnasiin

WL F 0OS OStftaQ It dSNI (KS bitde aninal indsiedvironReBtLIS Yy RA y 3
(O'Keefe & Dostrovsky, 197Thanges to the pattern of place cell activation during
exploration and the reun of this pattern during consolidation, have evidenced the
hippocampus in encoding during exploratig@osa et al., 2018However, hippocampal
processes may not be passive recipiesftsensory informationbut may guide orgoing
behaviour to manipulate information sampling. For examplearious trialand error
behaviouris a trait observed in rodenend involvedbackand-forth movements of the
headduring movement decisiong\nimals with intact hippocamplisplay morevicarious

trial and error behavioun trials prior to locating the reward, than aubsequent trials
whereas hippocampukesioned rodents do not show this patte(Bett et al., 2012)

indicating that internal model building or model retrieval by the hippocampus affects
online spatial decision&imilarly, apportingthe role of the hippocampum onlinevisual
processingsaccadi@ye-movementscan aligrwith the phase of the hippocangbtheta

rhythmin both humars and macaqus, during visual exploratiofHoffman et al., 2013)
13
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Exploratory behavioun humanscan be measured througelye-movementsrather than

head movementsand lumanswith hippocampal damage show impairegploration(Yee,
2014) In this studyparticipans were requiredo find a goal in novel scendsut their
exploration behaviour was made measurable by restricting the view of the scene through a
WAA S g A Y Fnat@duly Beangvad by the participant using a joystielulatingvisual
searchingPatients showed a less organised search strategy during the first attehgt

did healthy subjectsbyrevisiing areasmore and coveing lowerpercentages of the

images

In healthy humansyicarious trial and error behavioexpressed through eymovements)
has been associated with improved performance on a vigigilthe-odd-one-out task in
which multiple similar objects were shown simultaneously, with one differingtiliffloss
& Cohen, 2017)In this taskyicarious trial and error behavioaso correlated wittBOLD in

PMN areasuch as thénippocampusPFC and lateral parietal cortex

Several studies have evidenced a roleRMN areasn mental simulatioror future
imagininggAddis et al., 2007; Andelman et al., 2018)an fMRI study comparing
activation during periods of past and future imaginings, the posterior hippocampus, mPFC,
parahippocampal corteXRSCPCGnd precuneusvere found to be active in both states
and the IPL was ane active during future imaginingéddis et al., 2007 B5upporting the
role of the hippocampuspecificallyMEG recording during mental simulation has shown
that the mPFC drives hippocampal activity during novel scene imé@ersy et al., 2019)
and patients with hippocampal damage rendavorly detailed mental simulationghich
can lack spatial coherengelassabigt al., 2007)This deficit may also extend to mind
wandering as m@tients with hippocampl damage havalsobeen shown to have more
semantiebased (ather thanepisoce-based).and more abstract (rather thascenebased
thoughts, than controls, when ked to freely describe their though{dcCormick et al.,
2018) Furthermore, in a fMRIstudyin healthy individuals, functional connectivity
strength between the hippocampus adeasof the mPFCorrelatedpositivelywith
individual differences in the propensity to engage in futlaed pastfocused thoughts in

mind wandering[Karapanagiotidis et al., 2017)

Strong evidence for the involvement of the hippocampus in creating mental
representations of scenes comes from research investigdioundary extensiohis is
the phenomenon in which a memory erroneously includes more scene than was originally

viewed(Intraub & Richardson, 1989} canbe measured either by asking participants to

14
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draw previouslyiewed scenes by memory or by asking them to choose the previously
viewed image from a choice which includes widegled imagest Is evident after only 42
ms, the duration of a saccade, of thudied item being absent from viefickinson &
Intraub, 2008; Intraub & Dickinson, 200@hich strongly supports the idea that scene
representdions are formedwithin a perceptuatimeframe. It has been argued that

boundary errors occurring during visual scanning would be useful for scene perception
because it would aid the perception of a continuous landscape and that without sueh gap
filling the world would comprise disjointed fragments given from individual vigmisaub

& Dickinson, 2008)

Patients with bilateral hippocampalr ventro-mPFC damagehowattenuatedboundary
effects(De Luca et al., 2018; Mullally et al., 2QH2)d fMRIscanning of healthy individuals
found aboundaryeffect-related hippoampal BOLD respondhat manifested during, or
shortly after, the first presentation of the scenes and before the se¢@fdwick et al.,
2013) suggesting that thaippocampu&role in the boundary effect relates mote the

constructon ofinternal spatial representationsther thanto a recollection error

Monitoring of time also appears to be a procdisat the hippocampusonductsduring an
event(Banquet et al., 2021)ikeLt I OS OSftfaz WiAYS OSttaQ KI @S
hippocampusmPFC and striatum duritigne-delayswithin memory task®or at specific

moments in temporally structured taské8khlaghpour et al., 2016; Eichenbaum, 2017a;

Salz et al., 2016; Tiganj et al., 20ER®perimentation in rats lsshown thathippocampal

time cellscan monitorabsolute time in a delagnd update their firing patterns when delay

periods change to allow monitoring of bridging of temporally discontinuous but related

events(MacDonald et al., 2011)

This researchalong with episodic memory researatemonstrates that the hippocampus,

in conpnction with other PMN areas, suppsipatiotemporal processing across
behaviourgEichenbaum, 2017alndeed episodic memoryexploration, imagining

fictitious scenes and temporal processaiyrequiregroupingof sequentially encountered
information. For example, to compreheralroute, an animal must hold information and
places that were just revisited, and visual search involves scanning by swiftly moving the
foveal portion of the visual field. The space or the visual scene can only be understood

when the discrete pockets afiformation are joined.

The mechanism by which the hippocampéesformsreaktime sequencing is unclear

(Banquet et al., 2021A major form of temporal organisation seen across the brain is the
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synchronisation of population neuronekcitation and inhibitiondisplayed as oscillatory
activity. Osillations in the theta (8 Hz) and gamma (>30 Hz) bands may play particularly
important roles in hippocampal processi(@olgin, 2016)and firing patterns ofime and
place cells are known to interact with temporal properties of theta walragoi &
Buzsaki, 200@)rieu & Zugaro, 2019; Pastalkova et al., 2008) a larger scal&lfman et
al. (2014 desimeda computer modekimulatingthree input/output layers d the
hippocampugCA1 CA3 and dentate gyrusandinputs and outputgunningthrough an
entorhinal cortex layeremulating on-goingpattern completion and separation for
comparisons in memory and perceptiorhey successfully demonstrated that thenode
could simulate previousuman resultfrom memory and perception tasksnportantly,
they did not adjust model parameters between perception and memory tdsksead,
they foundthat differing signal patterns for each emerged as a result of the difteisesk
demands. The results suggest that thippocampuscontributes similar representations in

aid of both mnemonic and online processing.

1.3.2 ThePrC and AIN support aggregate item representatiees short

timescales.

The EAM and PMAT framework balhggest that the PrC is optimally placed, at the apex of
the ventral visual processing stream, to play a major mokeggregate item processing

acrosgerceptionandmemory(Murray et al., 2017; Ranganath & Ritchey, 2012)

As described above, tHerCalong withclassic face processing arehasbeen implicated in

face processing through neuroimagiand neuropsychology studigSollins & Olson, 2014;
O'Neil et al., 2013During perception, the PrC appears to be important in the identification
aspect of face processing. It has been shown to have increased activity in response to face
memory and prceptual discrimination tasks that require whole face processing, over tasks
that require isolated face feature processif@Neil et al., 2013)Correspondingly, patients

with ventral anterior temporal lobe damage (including the PrC) have been shown to be
impairedin a face identity judgmertask but not a face age judgment tagBlson et al.,

2015) which is thought to be because faage judgments can be performed by comparing

individual features, but identity judgment requires comparisons ofitthele object.

It is thought that the same underlying mechanisapports aggregate item representations
in the PrC across perception as well as men(8adil & Cowell, 20172 modelnetwork

was designedontairinga layer corresponding to aas of the posterior ventral visual
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AU0NBFYZ 6KAOK gSNB |aadzYSR (2 K2fR WFSIF (dzNBa
dimensions)and a top PrC layer, upon which features converged it was assumed to

represent whole objectsThe modekmulated a phenomg’ 2y yIF YSR WNBLINBaSy i |
tunedy’ S &The@uthorshypothesized that a familiarity anline discrimination decision

requires an individual to scan back and foefther between a memory andn

encountered object, or between two simultaneously encouetépbjects, and if the

representation of the second item appears less tuned, then this provides a mismatch signal.

By comparing resultwith and without a PrC layer, they successfully simulatagairments

shown by PrC lesioned patients: worse performameeliscriminationtasksbetween highly
ambiguousobjects(shating many feature¥ than less ambiguous objects (which could be
distinguished by their features by lower levelsid poorer object familiaritynemorythan

controls(Sadil & Cowell, Z¥). Together, this research shows that the PrC, in conjunction

with the AIN, is important foonline processing of aggregate items.

133 ¢KS W2RRAG& G1al1Q KIFIa LINPYARSR SOARSYy
processes

Results of studies using the perceptual oddity task have provided further support for the

roles of the hippocampus and PrC in perceptual spatiotemporal and aggregate processing,

respectivelyln a study by Buckley et.dR001) the perceptual oddity taskasfirst

introduced,with the aim of being abléo modulate perceptual difficulty while keeping

memory demands constant. In thésudy, monkeys were trained to identify the odd image

out of sixpresented images. Task types included: face oddity; object oduityur oddity;

degraded object oddity; sipee oddity; scene oddity and size oddity (control task in which

the subjects were required to identifie 2D shape of a different size). Face and object

oddity tasks showed images taken from different viewpaqiatsed monkeys with PrC lesions

were impairedwhen making perceptual discriminations in these tasks. They were

unimpairedin facetrialswhenthe imageswvere presented from one viewpoinbr on tasks

that required simple feature discrimination, such as those in the size and shape oddity

tasks, even wén these were difficult. These data support the idea that the PrC is required

to create representations of complex conjunctions as part of perceptual processes because

only performance on oddity tasks that required perceptual discrimination at an abstract

level was impaired.

The oddity task haalsobeen used to demonstrate MTL involvement in perception in
humans.Lee, et al(2005)aimed to provide evidence for, and differentiate between, the

roles of the hippocampuandthe PrGn spatial and object perceptignespectively, in
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humans. They investigated visual discrimination performance patiartvgo groups of
patients, one with MTL damage including hippocampus andgiCone with MTL damage
including hippocampus but not PrC. Both groups were found to be unimpaired on tasks
that could be solved on the basis of simple features and also comple& aceface tasks
that did not demand viewpoinindependent perceptionk-ortasks involing differing
viewpoints, both groups were impaired on scene tasksl the group with PrC damage
were also impaired on face and object tasks. Moreover, when examining the results from
repeated trials, lesioned patients performed worse than controls on the first trials of the
blocks, thus making it unlikely that differeagbetween lesion and control groups were

entirely due todifferences irmemory encoding.

The dissociable roles of the hippocampus and PrC in scene and face complex visual
perception is further supported by the results of fMRI sagin healthy humangHodgetts

et al., 2015; Lee et al., 200&) these, @rticipants were agtd to completediffering-view
faceandscene oddity taskand size oddity taskdgluring fMRI scanning. Face oddity tasks
were associated with greater BOLD signal in the PrC and the anterior hippocampus when
contrasted with scene oddity taskand sceneddity tasks were associated with greater
BOLD signal in the posterior hippocampus and parahippocampal cortex when contrasted
with face oddity taskéLee et al., 2008Moreover, the individual differences in the extent

of hippocampal and PrC BOLD modulation has been assouwitedcene and faceddity

task performance, respective(ilodgetts et al., 2015)

Further to the roles of the hippocampasd PrCoommunication betweerthese areas and
extraMTL areas haalsobeen shown to be important in oddity task completidmo
studies have testedorrelaions betweenperformance ocene and face odditysks with
diffusion MRI measures @fhite-matter tractsin healthy humans to evidence the
importance of network communication in complsgeneperception(Hodgetts et al., 2015;
Postans et al., 2014Theyassessed tract properties using Diffusion Tensor Imaging (DTI)
andconsidered higliractional Anisotropy (FA) and loMean Diffusivity (MD) of white
matter to indicate efficient transfer of informatiomn oneof these studiesfornix A was
found to correlate with scene discrimination performance in two tasks,vinieh
displayedthe scene sequentially with a delay (requiring memory) gredother, which
displayedthe images simultaneously, showing the importance of the fesnipported
communication across memory and percepti@ostans et al., 2014n the second study,
low MD in the fornix, and low MD and high FA of the tefted toscene oddity and face
oddity task performance, respectiveldodgetts et al., 2015%pince thefornix and ILF are
18
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thought to connect multiple areas in the PMN and AIN, respectively, the reduhese

studiesprovide evidence thagffectivecommunication within networks aidsognition

It could be argued that the MTL shows involvement in tasks with differing viengooot
because of the need to create representations of complex conjunctions for perceptibn
because they are generally more difficttoweveryesults from a study bBarense et al.
(2010)which specifically tested the effects of viewpoint on MTL involvemettié oddity
taskR2 y2i0 &dzLILI2 NI |+ WRATFTFAOdMzZ Gé& I O002dzyiQd
with and without differing viewpoints. Additionallthey included two types of the size

control condition, one difficult and one easy (depending om thnge of size changes). To
compare the viewpoint effects of faces and scenes, trials were contrasted in the following
pattern: (differing views facessame view faces) (differing views scenessame view

scenes). Greater viewpoint effects for facegioscenes was seen in the PrC and greater

viewpoint effects for scenes over faces was seen in the hippocampus. Aspects of their study

reduce the possibility that the results are a confound of task difficulty: only correct trials
were includedor analysisthere was actually less activity for difficult than for easy size

trials in all the MTL regions tested; and activity in the posterior hippocampus was related to
the scene processing task and not the size task even though these two task types were
matchedA y (G SN¥Ya 2F 0SKIFQGA2dzNI £ LISNI xdhinok y OS @
explainhow the different modality conditions differently modulated activity in MTL

regions.

Furthermore, it could be argued that the apparent involvement of MTL regions in the
completion of the oddity task is caused by a memory confoumether words, holding
scene or object images in memory may aid task performance. Howéeetasks used by
Barense et al2010) and Lee et al. (200&)mprisedtrial-unique stimulj meaning hat
memory of a scene or object viewed previously, could not aid performance in their tasks.
They also asked the participaib indicate the response as quickly as possitoleeduce

the risk that measured MTL signals refetencoding processes, whichay dominate

after a perceptual decision has been reachedspite this, it is still difficult to distinguish
between perception and memory from the resyles very shorterm memory, the holding

of visual information during saccades between simultangodsplayed images, may aid

task performance and also incite longer term encoding processes in MTL regions.

Lee et al(2013)specifically attempted to tease apart spatial perception and spatial

memory processes in the hippocampus during scene oddity task performance, by analysing
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fMRI data using univariate and multivariate analysis. They hypothesized that if the

K A LILI2 O I nvolvee® & thé scene oddity task was purely of a mnemonic kind, there
should be significantly increasé@hpocampusBOLD signal for correctly answered trials
when these are subsequently remembered, and not when they are forgotten. In addition,
they hypdhesized that if perception and memory were separatiassification between
correct and incorrecbddity trials should be possible regardless of the pattern of
subsequent memory. The results of the univariate analysis showed giepfmycampal
BOLD forarrect over incorrect oddity trialand, critically, this was not dependent on
whether the trials were subsequently rememberékhe results from the multivariate
analysis showed thaboth classificatiorbetweensubsequently remembered and
subsequently fogotten, and betweencorrect and incorrecoddity trials, was possible in

the hippocampusand that the classification result of the latter was not significantly
different to the classification results when only subsequently remembered trials were
included.Overall, these results indicatbat hippocampl processes contribute to the

perceptual processing stage, as well as mnemonic stagde stene oddity tasks

| 26 SOSNE fFoStfAy3a 2F WLISNOSLIidzr £t Q SSNAdza
isste. In some cases, the distinction between perception and memory becomes unclear.

For example, if a system processes information over time, there must be a memory of
sorts.Forshort timescales, this type of memory is referred to as working memoryiand

the dichotic view of memory and perceptidhis thoughtto be separatefrom long-term
memorybecausehere are descriptions afparedshort-term memoryin cases of MTL
damage(Baddeley& Warrington, 197Q)There are, however, differing opinions on whether
shortterm and longterm memory are fundamentally differeriNorris, 2017; Ranganath &
Blumenfeld,2008p ! ONRGAOAAY 2F (GKS 2RRAGa GFal A
another. Instead of altering the argument to ask whether MTL areas are involved with
short-scale memory as well as losgale memory, the PMiew stresses the needt

understand areas of the brain by their computat@abilities (for example, spatiotemporal
processing), instead of modularizing brain areas by assigned outwardly recognizable

functions (for example, LTM).
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1.4 Qurrentunderstanding of PMN and AIN functianin

e PMN AIN
L .=
ERS Novel scene
L S N imagination
- Exploration Spatiotemporal Aggregate I'Fem Object and face
S @ Representations Representations perception
(%]
QO =
& s Scene Concept
perception .
comprehension
> Sequence and Semantic
g .
- g route learning memory
S
a & Recollection Familiarity

Figure2. The two proposed types of representations that the PMN (left) and AIN (right) create that aid multiple cognitive proces

Examples of PMN and AIN functions are shown. Images under the PMN circle are linked by arrows tatsitemwstitan be linked in
space and time. Images under the AIN circle are plaaedomly to show that items and concepts can be understood without conte

(The scene and face images were made uBiags Ex (lon Storm, 2008)d Facegen (Singulémversions, 1998)seeChapter 3. The
objects are taken from a collection used in the experimerEiapter 7)

AIN: Anteroinferior Network. PMN: Posteromedial Network.

Figure2 illustratesthe roles of the PMN and AIN as described in this introduction and
suggested by the EAM and PMAT models. Concurring with thei@ the networks have
been demonstrated to have dissociabdasin processing different stimulhat span
perception and memoryHowever, there are aspects of research into these networks which
are in their infancyfFor examplewhile simultaneousnvestigation into the structural and
functional aspects of thEeMNand AIN supporting complex perception in healthy
individualsperformedby Hodgetts et al. (201%lghlighted the importance of hippocampal
BOLD and fornix microstructure in complex scene perception, and PrC BOLD and ILF
microstructure in complex face peaption, manyunanswered questioneemain Regarding
the functional resultsscene perception was associated whtippocampl BOLD decrease
whichis difficult to interpret due to the complex relationship between neuronal activity,
cerebral blood flow andxygen metabolism, and so the result provides little indication of
the hippocampabrocesses during perceptual decisioRer example, BOLD decredsses
been interpreted as inhibitiofDevor et al., 2007andcould reflect disengagement of the

hippocampus However, there are haemodynamicacimstances where a change in
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neuronal firing patterns, echoing engagement of hippocampal processedd produce
reduced BOLD signdHlillman, 2014)Similarly, the BOLD signal is slow compared with the
underlying neuronal activitgGlover, 2011)so the temporal asgcts of hippocampal
engagement with the task is uncle@oth shortcomings can be addressed using an
electrophysiological technigu&®egarding the structural results, Hodgetts et(2015 used
FA and MDwhich arenot specific to individual properties @fhite matter. For example,

both axon membraneharacteristicand myelin content can influence FBeaulieu, 2002)
Thus the importance ofunderlying biologicgbroperties of tracts supporting the PMN and
AIN in complex perceptiorare unclear. Furthermore, nareviousstudyhas assessed the
influence of functional connectivity between network areas and complex perception task
performance.Therefore, further experimettion into these networkQoles in complex

perception is necessary.

Another shortcomings our understanding of whethestructural and functional aspects of
thesenetworks equally support theange ofroles associated with tha. For example,
individual differences in fornix microstructureebeen associated with recollection
(Rudebeck et al., 2009nd scene memory and scene perceptigtodgetts et al., 2015;
Postans et al., 2014erformancein healthy adultsHowever, it is unknowwhether its

propertiessimilarlyrelate to temporal sequencing mempr

Additionally, nopreviousstudies have compared the importance of fornix and PHC
supported communication inomplex scenegrception and temporal sequence memory
both of which are PMN behaviourBothtractsare thought to support communication
between PMN areas but the fornix is the major communicating tract of the hippocampus
(Bubb et al., 2017)t would notbe possible toconcludethat hippocampusPMN
communication ispecifically important for spatiotemporal processihgtudies have

shown correlations between individual differences in fornix microstructure and a PMN
behaviour but have not shown a weaker or naxistent relationship between PHC

microstructure and tht PMN behaviour.
1.5 The aims of the PhD project

This PhD project aimed to expand our understanding of how the structure and function of
the PMN network supports PMN behaviouasid to contrast this with aspects of structure
and function of the AIN networkugporting AIN behaviour§ his was done by considering

the testable implications of the PMiew: the PMN and AIN networks should aid behaviours
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in different modalitiesMTL areas should be involved in processes across memory and
perception; and that the beavioural performance of those modalities should be related to
the structural and functional properties of the respective netwgi®saham et al., 2010;

Murray et al., 2017]stated again in Box 1 for clarity).

The implications wergested in two contexts, complex perceptual processing and temporal
sequencememonyt 2 AY @SadGA3IIGS GKS ySGg2N]laQ NBfSa
face oddity task waperformedin conjuncton with Magnetoencephalography (MEG)
recording, and measurement of microstructutedct properties was carried out with
microstructural MRIThe fornix, ILF and PHC were comparesithe functions of PMN was
the main focus of this thesis, and the AIN waamined as a contradtie other tract
connecting the AIN, thancinate fasciculysvas not examinedCorrelations between
individual differences in structure, function and behaviour were tesiathonline MEG
signals and ME@easured brain connectivitgt rest, were examinedlo assess the
networkgXoles in temporal sequence memory, datallected duringa previous

experiment vere used.Correlations were assessed between temporal sequence memory
performance andnicrostructure analysis of the fornix, ILF and Bi@larto that carried

out in the oddity task experiment.

Testable Implications of the P¥kw

1 The PMN and AIN should aiéhaviours in different

modalities

1 Network areas, includinlylTLareas, should be
involved inprocesses across memory and

perception.

1 Behavioural performance in tasks involvingtwork-
sensitivemodalities should be related to the
structural and functioal properties of the respective

networks.

Box 1: Implications of the PMiew that can be tested to further
our understanding of the roles of networksonnected to the
MTL
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Chapter2: Methodsto measure network properties and

functions in humans.

2.1 Usingmethods which cater to the aims of the research.

The aim of this project was &xpand our understanding of how the structure and function
of the PMN supports behaviour, and to contrast this with aspects of structure and function
of the AIN networkby looking fordissociableassociations between individual differences

in structure, function and behaviodor the two networks Structure and function were
measured wittMRland MEG respectivelyThesetechniques areon-invasiveso

properties of whitematter and group neuronal firings can beeasuredwith relative ease,

in healthy participants

MEG allowsneasuremenbf synchronisedctivity of groups of neuroneéSingh, 20123nd

both MEG and MRI can characterize brainmectivity (Hillebrand et al., 2012; Jones,

Knosche, et al., 2013; Marquetand et al., 2019; Messaritaki et al., 202@pectivity can

be characterized on varying scales, such as between selbr@dareage.g.Sulpizio et

al.,2016)or through the assessment of individual tra¢ésg. Postans et al., 2014r on a

larger scale througlvhole-brain network analysige.g.Messaritaki et al., 2020While

structural connectivitystrengthcan be inferred througmicrostructuremeasires(Jones,

Knosche, et al., 2013functional connectivitgan be defined as a statical dependency

0SG6SSy YSIadaNBa 2F oNIAY NBIA2yaQ OGAGAGe 238N
(Fox & Raichle, 2007; van Diessen et al., 2015)

Individual differences canebmeasured with state or trait properti€Schmitt & Blum,

2020) Statecharacteristics vary across tinaad relateto the currentbehaviour They can
include modulations offrain activity between tasks or in task versus rest, giving insight into
howA Yy R A @lirdihdetviokadapt and engage in different behaviours. Trait
characteristicaire less variablever time,generalizing over similar situationsnd they can

be measuredrrespective of current behaviouiThey can include structural brain properties
or functional activity during rest periods, and can indidabev nearstatic network

properties reflect in individual cognitive differencg&xhmitt & Blum, 20205tate
characteristicsare measured in this thesis through completion of the oddity task during
MEG recording. Structural tracharacteristicare measured using MRI and functional trait

associations areharacterizedisingRS MEG.
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This chapter outlines the imagitgchniques used within this thesis and describes our
current understanding of the biological bases of the resulting metrics. The sections describe
the techniquesand the resulting measurdbat are thought to be useful for understanding

network function

2.2 The use of intemdividual differences

Although patient data is useful in providing causational roles of brain areas and tracts in
behaviour, there are shortfalls of lesidnased work. For examplapt alldamage iequally
visiblewith structural MR(Lee & Newberg, 20050Iso0, damage (i.e. abnormal activity) to
heavily connected areas which form major nodes in netwaelg. the hippocampus) can
cause structural and functional alterations to connections elsewhere in the nepaork
phenomenont f £ SR W02y y S (Qarkesa &lorioni, RG14) Bhéréfdred ifcantbe
unclear whether an association between a behavioural impairment and injury necessarily
means that the affected area supported the behaviour. Moreover, there are benefits to
understanding the healthy braioy individual differences research as it enlightens our

understanding of normal brain variah.

Individual differences research has already been utilized by a myriad of studies to reveal
how properties of communication between areas of the PMN relate to performanoess
behaviours that require spatiotemporal processing. Examples incR8&RIstudies that
revealed thatincreased smalvorldness(reduced number of steps between nodesjd
modularity (existence of groups of nodes which more highly connected which each other
than others)of the navigation networkKong et al., 2017and increase functional
connectivity between the posteridrippocampusand RSCSulpizio et al., 201&¥e
associated with better navigation abiljtgn RS fMRI study that showed thedit

differences irepisodicautobiographical rememberingave beerrelated torestingneural
connectivity péterns betweenareas including the MTL and the parietal cort8keldon et

al., 2016) anda structuratbehaviouralstudythat showedthat sequential scene
discrimination performance correlated with fornix microstructure properties in young

healthy adult§Postans et al., 2014)

Experimentation using individual differences has provided support for dissociable PMN and
AIN rolesFor exampletelationships between fornix and ILF tract properties with episodic
and semantic aspects of autobiographical meniweye been identifiedn healthy

individuals. Episodic detail correlated with forniicrostructureproperties and semantic
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detail correlated with ILRicrostructureproperties(Hodgetts, Postans, et al., 201gge
also Hodgetts et al., 2015).

2.3 Measuringorain rhythmsusingMEG

Neurones of the brain operate through electrochemical interactions and groups of
neurones spiking synchronously can create oscillating elesagnetic fields, measurable
outside of the head. Multiple healthy brain oscillatory frequgbands have been
described, includingelta (1-4 H2 (Park et al., 2014}heta (4-8 H2 (Herweg et al., 2020)
alpha(8-13 H3 (Becker et al., 2018peta (12-30 Hz)(MacDonald et al., 2012nd ganma
(>40H2) (Harslmayr et al., 2012; Sato et al., 2014; Seymour et al., 2017)

MEG is a functional imaging technique that can measure the weak magnetic fields
generated by, andat9 RSINB S& (2T GKS ONIAyQa St SOUGNROIFEt | O
thought to come from possynaptic potentials, including sodium spikes and action
potentials(Baillet, 2017)Collective firing of the pyramidal cells of shallow cerebral cortex is
thought to produce the strongest signal because of their distance fromehemss and
elongated morphologyBaillet, 2017)In humans, neurongroup electrical activity can also

be measured witiEEGeither at scalp or intracraniallMEG and EEf@ethods provide a
temporal resolution with a timescale of milliseconds. However, MEG provides benefits over
EEG techniques. The need for surgical p#iemakes invasive recording difficult to access
and limits the scope of investigation. Nmvasive EEG suffers from poorer source
reconstruction because the electrical signal is distorted by the coveringtiBagarding

MEG recording, the cerebrospirfalid (CSFand skulhave high magnetic permeability so
there is littledistortion of the magnetic field¢Baillet, 2017)

The magnetic field measured outside the head is around 10 femtoteslas which is

O2yaARSNI 6f& avlft SN {(Ighy201d)KEmedskrélfieken@ak Y 3y SGA O 7
signals, the MEG machine comprises: a magnetically shielded rooruppadils coupled

with sensitive magnetometers called SQUIDS (Super Conducting Quantum Interference

Devices) held at arouris70°C (using liquid hdiY 0 = a2 NBR Ay GKS W5S4F N 6
container with two walls separated by a vacuum); and gradiometers, to calculate

background magnetic noise. Along with these: ar@elmet and chair connected to the

dewar, reference electrodes placed upon the three fidugiaints (the nasion and left and

2The exact frequency ranges included within the bands can differ between studies and the
references include here are example of studies which have used the same frequency band
definitions.
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right pre-auricular pointsjo continuously measure head positicemd a chin rest to help
the participant keep stilllt is essential to limiparticipantmovement as head movement
can disrupt the validity of the MEG signals and subsequent source locali@atiss et al.,
2013)

A challenge in understanding the signals measured from outside the brain is determining

the sources of the activity within the brain. This is referretitda G KS WAY JSNAE S

the modal parameters (the locations) must be estimated from the recorded SQUID signals.

However, there are no unique solutions. MEG research aims to create the best solution
using prior knowledge of the brain to constrain thdotdation. This wayanalysis usually
involves solving the forward problem before the inverse problem. The forward solution
includes a geometrically accurate modelleghd using realistic conductor models based on
structural MRland estimations of the conbutions each brain source would make to the
externally measured signals. These results are then used to inform calculations in the
inverse problem, attempting to map the topographical patterns of the real data to likely

tissue current source&sross et al., 2013)

Source reconstruction techniques vary in their applied constraBime assume one or
few dipole sources are active at one tirfMosher et al., 1992)while others do not make
assumptions about thaumber of active sources. The latter is caltlistributed-source
imaging(Michel & He, 2019nd includes adaptive and nedaptive methodgHamalainen
& limoniemi, 1994)Nonadaptive methods include mimum norm estimates which
assumes that the entire cortex is active and provides a solution with the minimum energy
(Hamalainen & limoniemi, 1994Adaptive methods include beamformi@gichel & He,
2019) Beamformers are signal processing techniques for directional signal recémion
phased arrays of sensonshich were developed for radar application mammonly used
in MEG anlysis(Hillebrand & Barnes, 2005; Van Veen & BygKI®88) The main
assumption of beamformer techniques is that no tm@uronal activity sources are
perfectly linearly correlated and only sources that are not correlated are considered
locations of interest. Beamformers attempt to focus on signals from locations of interest
and attenuate other signalsy selectively weightig the contributiors from the sensorto
the overall beamformer outpufHillebrand & Barnes, 2005; Van Veen & Buckley, 1888)
linear corstrained minimum variance (LCMV) beamfornsecommonly use@van Veen et
al., 1997) Here, the linear weighting of the sensor array is calculated using theoretical
models of the magnetic fields produced by given dipoles as priors and, along with the
covariance matrix, the second order statistics of the dat@ rEsults make it possible to
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estimatewave properties ofvirtual channe$' at the source locatios(Hillebrand & Barnes,
2005)

2.3.1 Measuring oscillatory activity from despurces

The possibility of detecting any activity from the MTL or hippocampus has been a source of

debate(Riggs et al., 2009; Steen et al., 2005jor multiple reasons. Foremost, the

AGNBYIGK 2F YIIySGAO ardyrta RAYRPAEKSE sAGK RAS

measuring MEG signals fraseeper sources is more difficult that shallow sources.
Additionally, a selection of source localization techniques, such a minimum norm
estimation, are biased towards shallower sour¢atal & Schwartz, 2013Also, the
KALILR Ol YLIza Q Oef AyYRNAROFf &KI LIS LINBaSyida

other, so homogenous activation could lead to signal cancellgfbifors et al., 2010)

However, simulatiorfQuraan et al., 2019nd empirical(Barry et al., 2019; Cornwell et al.,
2012)research, and recent reviewWBu, Cheyne, et al., 2018; Ruzich et al., 2pi®jide
substantial evidence that detection of hippocampal activity in MEG sensors is possible.
Modelling of magnetic fields have shown that although hippocampal fields are smaller than
those of cortical areas, they are still detectable with MEG, argdsitiggested that the

higher current densities in the hippocampus provide compensation for the dis{@it

& Schwartz, 2013)urthermore, simulation work has shown that simultaneous activation

of hippocampéasubfields does not produce complete signal cancellai@iephen et al.,

2005)

The research in this field indicates that successful recording of MEG activity is more feasible
with certain experimerdl designs, analyses and hardware. Qureaal. (2011) localized
hippocampal activation when primary visual sources were also active, which is commonly
the case when visual stimuli are used. They found that signal leakage from activity in visual
areas causes a challenge for beamformer analysiaume the strong visual signal is

present simultaneously with the weak hippocampal signal. To increase detection of
hippocampal activity, they suggestthat stimuli from task and control conditions should

have similar visual statisticand beamformer angses should involveourceimage
subtraction.A review byRuzich et al2019)suggestd a number of techniques to increase
sensitiviy to hippocampal signals. They stdtiat: source localization is more accurate

with participant structural MRIs, precise head digitization techniques and continuous head
movement recording; and analysis should include distributed source or beamforming

techniques and not equivalent current dipoles. In line with Quraan et al. (2011), they
28
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recommend contrasting condition task data with two types of control tasks where areas
other than the hippocampus are activated. Where MEG is used to measure MTL activity

this thesis, the methods were designed in lighttegse suggestions

In addition, separation of signals between MTL areas such &Rr@and hippocampus

would be useful for examining the Piiew, but it may not be possible because of their
proximityto each otherStephen et al(2005)usedsimulated interictal epileptic activitio
investigate whether MEG teciques could dissociate between signals originating from
hippocampal subfields (includinGAl, CA3jentate, entorhinal cortexand presubiculun),
parahippocampal cortex and neocortical areas. To make the data more realistic, generated
signals were added teeal RSdataand the signal dissociation was tested in the context of
simultaneous and sequential activation. Cortical activity and activity from the hippocampal
subfields or parahippocampus, could be dissociated. However, hippocampal and
parahippocampaéctivity could only be dissociated when the signals were sequential and
not if they temporally overlapped. Therefore, in the current experimsimceMTL signals

may be distinguishable from other cortical signals but the separation of MTL signals is

unlikely, an oscillatory activity in an ROI encompassing both the entire HPC was examined.

While multiple MEG studies have focused on hippocampal proce@3indgCheyne, et al.,
2018; Ruzich et al., 201%omparatively few have identified PrC actiit§oses et al.,

2009) and previous work has assumed MTL oscillatory modulations to originate from the
hippocampugGuitartMasip et al., 2013; Ruzich et al., 201dpreover, a study

attempting to distinguish MTL MEG sources usintigpendent Components Analysis (ICA)
and invasive recordings showed that, when searching for correlations between ICA
components from cotinuous MEG recordings amstiereoelectroencephalography
recordings from MTL areas, sources from the hippocanmpymarahippocampal cortex

were more robustly related (correlated in more patients) than signals from th€ARe&o et
al., 2019) Importantly, hippocampal oscillations may artefactually appear to affect local
surrounding tissue thragh the phenomenon of tissue volume conducti@irota et al.,

2008; Vinck et al., 2015 herefore, in the current projedit, was anticipated that MEG
measured signals from the MTL would more likely arise from the parahippocampal cortex
or hippocampus than PrElowever, there was a possibility thiaippocampal and PrC

processes during the oddity task manifest as differentliasory frequencies.
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2.3.2 Oscillatory frequencies of interest

The frequency bands may have specific roles or reflect different processes. They grant
differently sized temporal processing windows which may affectdharacteristicof the
underlying processeSimilarly, they can originate from differdysized cell groups with
lower frequency oscillations spanning larger areas than higher frequency oscillations
(Canolty & Knight, 2010; von Stein & Sarnthein, 2000)

Modulations in oscillatory patterns are understood to reflect modulations in brain
processe¢Buzséaki & Draguhn, 2004lodulations in power of particular frequency bands,
in particular brain areas, have been associated with particular functions. For example, theta
power modulations inlie hippocampus have been associated with memory processes
(Cornwell et al., 2008 andbeta power modulations in the motor cortex hakieen
associated with movement{hanna & Carmena, 201%elatedly, oscillatory synchrony
across brain areas, in the formspifasecoherenceand amplitudeamplitude coupling, is
thought to support longdistance communicatio(Palva et al., 2005; Samogin et al., 2020)
For example, increasephasecoherencebetween the MTL anthe frontal cortex has been
demonstrated during spatial retrievéKaplan et al., 2014Crosdrequency coupling
patterns, such as phasamplitude coupling (PAC), which is coupling between the
amplitude of high frequencies and the phase of low frequencies, also (Beymour et al.,
2017) Indeed, spatial retrieval was also demonstrated to coincide with increased PAC

between frontal cortex theta and medial parietal cortex gamidaplan et al., 2014)

Gamma, theta and alphaere of particular interest in this research because of their
involvement in multiple cognitive functions, including perception and memory, and their
occurrencer multiple brain regionsExamples includecortical gamma oscillations are
associated with conscious perceptiiieador et al., 2002andMTL gammdnas been
associated witlspatialencoding(Pu, Cornwellet al., 2018)MTL thetahas beerassociated
with spatial memoryPu et al., 2017and frontal thetahas beerassociated with working
memory processefHsieh & Ranganath, 2014hd alphamaysuppress oftask processes
(Jensen & Mazaheri, 2018hdbe associated with perceptual performan¢Briiers &
VanRullen, 2018Additionally, #ha coherence across brain areas isiggested
mechanism for long range communicati@hapeton et al., 2019The following sections
briefly describes possible roles of the oscillations and how they might represent underlying

neuronal processes
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2.3.2.1 Gamma

Gamma oscillations have been associated with several cognitive functions including
memory, attention and perceptiofCabralCalderin et al., 2015; Carr et al., 2012; Magazzini
& Singh, 2018)They can provide redilme characterizations of local circuit operations
because they emerge from interactions between excitatory and inhibitory neurones in local
cell circuitgCardin, 2016)Gamma oscillations can arise from multiple network
mechanisms, and experimental models have revealed at least two mechanisms in the
hippocampus which may work together or independenstyongly activaéd interneuront
interneuronnetworksand coactivaed reciprocally connected groups of pyramidalls and
interneurons In the cerebral cortex, the latter may be the dominant mechar(@ardin,

2016; Whittington et al., 2011)

There are multiple models which attempt to describe the functional role of gamma
oscillationgRay & Maunsell, 2015The Commugiation Through Coherence model

suggests that it offers communication between select neurones whose oscillations are
temporally coherent and thus share inhibitory and excitatory windows. Interactions are
Sailof AAKSR 0SOIdzaS (KBYYSNBDY SA2yAFRzR2 B ER
the same timgFries, 2005)The Phas€oding model proposes that gamma oscillations are
useful for coding sensory information through the timings of spikes (localised
depolarisations in individual neurones or small groups) relative to the phase of the ongoing
oscillation.Stronger excitatiortouldinducespikesduringstronger inhibitory times of the
cycles, whereas weaker excitations could only induce spikes when inhikiti@alker, so

the pattern of spikes codes stimulus intensitfFries et al., 2007; Ray & Maunsell, 2015)
Regardless of the exact role, gampravides a useful measure of neuronal activity and has

been associated with information processifiRpy & Maunsell, 2015)

Gamma oscillation may be important in spatiotemporal processing. In heman
hippocampal gamma may be associated with spatial learning as gamma power has been
found to decrease during repetitions of route navigati®ark et al., 2014nd gamma

power post routelearning has been found to positively correlate with subsequent

navigation performancéPu, Cornwell, et al., 2018)

Gamma oscillations may also support face processiegedtch inb face processing and
gamma activity has indicated that face sensitive areas exhibit gamma poadarlation
between upright faces and inverted faces, at around B8@0after stimulus presentation

(Uono et al., 2017pand thatgammapower is higher during the viewing of normally
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configuied faces, thascrambled facefGao et al., 2013)Also, induced gamma in response
to facesis reduced in individuals with congenital prosopagn¢Biabel et al., 2011)
Together, the results indicate that gamma is involvedaherentface perception. They

also suggest an underlying mechanism for the deficit in face pearejstiprosopagnosia.

2.3.2.2 Theta

The hippocampus is well known for activity in the theta range due to the large amount of
literature associating hippocampal theta with plaogll firing in locomotion in rodents

(Sosa et al., 2018Hippocampal thetds also associated with episodic and navigational
memary in humans and it is thought that the underlying processes for navigating physical
and mental spaces may be the sa(Baizsaki & Moser, 2013yhe hippocampus is thought
to be a major current generator of thet8uzsaki, 2003)ut the emergence of the rhythm
stems from theseptum/diagonal band of Brod¢aeao et al., 2015nd the

supramammillary are@Pan & McNaughton, 200#yhich are connected to the

hippocampus through the fornSwanson & Cowan, 197@psions to these areas cause

reductions in thetg Rawlins et al., 19738nd memory impairment§Aggleton et al., 1995)

Theta oscillations are thought to link neuronal cell processes, thus creating integrated
representations of complex concepts such as spaces or episodic merf@oigmn, 2016)

Placeand timecells have been shown to fire in relation to the phase of the oscillations of

(KS HdNNRdzyRAYI INBdzL) OStt I+ OGASICHGE Ay |+ LIKSY2Y

2016; Pastalkova et al., 2008)Jace celfiring occurs at progressively earlier phases of the
theta cycle as the animal moves through the place field such that firing aligns with the

beginning of the cycle as the animal leaves the fi@lieefe & Recce, 1993)ime

O2YLINBaaSR aSljdsSyoSasz OFtfSR WikKSidlF aSljdsSyoSaQ

and reflect the order of place cell firing and, therefore, the order in which place fields are
entered during exploratiofFoster & Wilson, 2007Blocking of theta oscillations rats has

been shown to disrupt theta sequences and spatial men(dfgng et al., 2015)

Although phase precession has not been described in humans, cells equivalent to place
cells have been identified using invasive recordkkstrom et al., 2003nd properties of
human hippocampal theta have been associated with spatial processing, even with non
invasive techniques. For example, a MEG study showed that
hippocampalparahippocampatheta was stronger during an earlier, than later, training
phase, of a virtual Morris water maze task, and that individual theta power in the earlier

phase correlated wit spatial navigation performand@u et al., 2017)Conversely, other
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studies havdfound hippocampatheta power decreases during encodif@respeGarcia et
al., 2016) that were associated with object and place retrieval accuraog during novel
scene imageryBarry et al., 2019 ogether, theesults indicate the impdance ofMTL

theta in spatiaprocessingn humans.
2.3.2.3 Delta

Hippocampatheta rhythms in humanbave beerreported to be lower (in the delta range
1-4H32 than those reported in rodentglacobs, 2014herefore, although theta is of

foremost interest for this project, MTL activity in the delta range was also explored.

Results of invasive studies of rat hippocampi have indicated that hippocampal delta
AYONBIFa8a RdNNAYy3I W2 T T théhsvd® ladkiSdedndtRéi Et alg K S NB (i K
2008; Schultheiss et al., 201®comotionis associated with increased hippocampal

engagementn the form of increased theta and gamma powBuzsaki, 2002; Colgin,

2016). Therefore, humarslower hippocampal theta rhythms may occur in delta ranges

because humaneuroimagingstudies often involve immobilitBohbot et al., 2017)

However, delta rhythms may indicatifferent procesesto theta. HumanEEG research
suggessthat delta oscillations support internal thought by inhibiting other processes, such
as processingxternalstimuli, which may disrupt internal concentratigdlarmony, 2013)
Similarly rat hippocampal delta has been demonstrated to become more prominent over
repetitions of the same treadmill rylespite no changes in the amount of locomotion,
which theresearchers attributed to fatigue or task habituatifffurtunato et al., 2020)
Therefore, increased hippocampatlth may reflect reduced external sensory input,

whereas reduced hippocampal delta may reflect increased online hippocampal processing.
2.3.2.4 Alpha

It is suggested that alpha suppression reflects disinhibition or information processing

because, for a particutdask,function-relevant brainregions show decreases in alpha

power whereasther regions cashow increased alpha powéiensen & Mazaheri, 2010)

Alpha activity ighust 2 82 OAF 1§ SR g A (i K (J&h3eh & Magaherip2d10A Y KA 0 A (0 A
this, top-down modulation of alpha oscillations in sensory areas may enhance a processing

stream by exciting taskelevant areas and inhibiting the irrelevant input. For example, in a
crossmodal attention task where participants were cued for upcogwisual or auditory

discrimination tasks, alpha activity was shown to increase in auditory processing areas, and
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decrease in visual processing areas, in response to a visual cue, anersa@®lazaheri et
al., 2014) Jiang et ak2015)showed that alpha inhibition can aid other processiir
MEG studyequiredparticipantsto learneither words or pictures, depending on a prior
cue,during trials in which the two were presentsi@multaneously. They found that alpha
increased in regions associated with the modality that was not cued and that memory
performancerelated toalpha decreases in regions relevant to the cued modgligng et
al., 2015) The results support the proposal that alpha channels information flow during

encoding.

Recently, alpha oscillations have also been shown to bther roles in cognition. A human
EEG study attempted to separate working memory and attention in visual @skkson et
al., 2019) Alpha suppression in frontal and posterior electrodes was higher in a task that
involved attending to, and memorizing, array of colours than the task that only involved
attending to the arrayThis suggesthat alpha suppressiooan actbeyond generalized
gating by inhibition, bygupportingmemory-specific processs In information theoryterms,
alpha suppressiomayallow increase coding capacity, as information richness may be

inversely related to synchrorHansimayr et al., 2012)

It wasthus anticipated that alpha power suppression would occur in PMN areas during

spatiotemporal processing and in AIN areas during aggregate item processing.

2.3.3 Cognitivdunctioning can involve interactiobgtween oscillations from

different brain areas and in different frequency bands.

Communication between brain areas through oscillatooyplingmay support complex
behavioursand lower frequenciemay bebetter suited to engage larger networks than
higher frequencie¢Chapeton et al., 2019; Doesburg et al., 2009; von Stein & Sarnthein,
2000) Kaplan et al. (2017) found th#teta phasecoupling between thenPFGind MTL
andRS@reas was highavhenimaginingtravellinga path with learned objects thawhen
imaginingthe objectsstatically.(The mPF@ associated with working memory
maintenancethe RSC with spatial memoyyrhis suggestbat collaboration between

these areas allowa more complex cognitive stat@gaplan et al., 2017Fimilarly, mental
construction of novel scenes has been shown to increase theta coherence between the
mPFC and the hippocampus, especially when those scenes are greatigdd@aity et al.,
2019)

34



Chapter 2: Methods to measure network properties and functiohanmans.

Thetd gamma interplays common duringognitive functiongLisman & Jensen, 2013)
Gamma activity may be more prominent in the MTL during encoding than theta, which
appears to increase in power with experience. Invasive recording in heiroaapled with

a virtual reality navigation task which involved learning associations between objects and
places, showed that hippocampal theta and delta power was higher in familiar, over novel,
environments(Park et al., 2014Highgamma(defined at 53100 Hzhowever, decreased
duringblocks with high behawural performance. The authors concluded that low
frequency oscillations are associated with encoding novel spaces whereagahigha is

more related to successful objetri-location encodingPark et al., 2014 Similarly, during

a virtual Morriswater maze taskMEGrecordedhippocampal/parahippocampal high
gamma power was higher in the intaral period after navigation of aavel, thanafter a
familiar, space. This higlamma power correlated with theta power during navigation and
the speed of learning in the subsequent task biffel, Cornwell, et al., 2018hisprovides
evidence that understanding and learningasps may require theta and gamma oscillations

that can covary over time.

Theta and gamma interactions are ateported inperceptual processinfato et al.,

2014) retrieval(Kaplan et al., 2014and working memoryCanolty et al., 2006 he

Wi KBIYY L ySdzNI t  Of2isaféh afd Jdniged & R618)astates that
oscillatory coupling allows orderestorage of multiple items. Gamma oscillations are
proposed to allow coding, and separation of, multiple items by synchronising and
separating spikes. Theta oscillations are proposed to aithmanication of the multiple

items between areas by providing a phase reference, shared by the communicating brain
regions(Lisman & Jensen, 2013)he oscillations canteractthrough crosdrequency
coupling, such aBACwhich can occur in single areas, or across brain redidasolty &
Knight, 2010)

2.3.4 Measuringunctionalconnectivity with RS MEG anadysi

RS MEG datanalysis isimilar tothat of taskbased data but relies on parcellation of the
brain before connectivity analysi®nce the data is in template source space, publicly
available atlasesugh as the Automatiénatomical Lab&hg (AAL) atlas can be used for
parcellation Correlation analyss between signals from these parcellatiaare performed
across thewvhole brain, and theresultscan be compared between groups or tested for

correlations withmeasures of individual differences.
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RSconnectivitypatternscan provide information about the quality of a netwahkdcan

KStf LI RAFFSNBYUGALFGS RATTS NBeyitpatigrisvith 2ifielledt Q Fdzy OUG A 2y 3
cognitive deficits. RS analysis across frequency bands has shown that the connectivity of
usuallywell-connected areas, such as the hippocampus inRNEN is disrupted in AQYu

et al., 2017)whereas phaséag index analysis of EEG signals has shown the importance of

frontal networks in behaviouralariant frontotemporal dementiacompared withAD(Yu et

al., 2016) Unequal disruption of brain networks may contribute to unedogiavioural

impairmentsin these patientsADtypically involvesnemory deficits whildehavioural

variant frontotemporal demerna patientsoften display deficits in complex behaviours and

can have personality changésg.Bang et al(2015)and Mielke(2012).
2.4 Measuringorainstructure using MRI

MRI scanners have three main components: a static magnetic field that aligns the spin axis
of protons; radiefrequency coils that transmit energy and increase the proportion of spins

in a high energy staten¢t alignedwith the magnetic field); and a receiver coil that

measures the energy emitted as the protons return to the &@vergy state During

excitation, net magnetizatiomovesfrom the longitudinal to the transverse plane and the
spin phases align,\gng a higher transverse signal. T2 relaxation is the decay of the
transverse component due to a decreasgirasecoherenceT1 relaxation is the energy
released as the longitudinal net magnetization is recovefégsemages are commonly

used to delinete brain structure and as a template for other imagining modalities, such as

MEG sourcespace analysi&ross et al., 2013)

Gradient coils, able to produce magnetic gradients with different orientationsgritieal

for Diffusion Weighted Imagin@WI). A temporary magnetic gradient causes a phase shift
and a second magnetic gradient, at the same strength for the same duration the in
opposite direction, causes another phase shift that shoutdlign the phases. Howey;,

the resulting emitted signal is reduced because the protons will have moved during this
process. Diffusion is the random motion of molecules and if the molecules move randomly,
equally in all directions, the resulting signal will be lower than if mamtrwas restricted.

¢ KS ONI AYyQa& & NHiforin dzdtdsted\iidvententi Ror exayhple/ iayloxel
contains tracts aligned in a single orientation, the DWI signals for that voxel will differ
greatly across different diffusion orientations anddreallest in the orientation with the

most movement (the same orientation as the tract). However, in a ventricle, the DWI signal

will not differ greatly across orientation$he strength of diffusion effecisdetermined by
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the strength, spacing and duiah of the applied magnetigradients, which are combined

into one factor, the bvalue (unitss/mny).

In thisproject, DWI wa used to indirectly assess the properties of tracts thought to be
involved in thePMN and AINA DWI experiment requires decisie about: the data
acquisition sequence; the model for tractography; and the model for the calculation of MR

derived tract properties.

Diffusion tensor imaging (DTI) is@mmonlyusedbranch ofDWI(Jones, Knosche, et al.,
2013) that studies the random motion of water molecules in a medium with diffusion
hindering tissuesuch aswhite matter. This hindrance turns diffusion from isotropic to
anisotropic(turning dispersion from a point from a sphere to an ellipséidjure 3 DTI
assumes that the probabilities of displacement from a point show Gaussian distribution.
Magnetic gradientsre applied at rightangles to each other inCBspace. The result is a 3x3
matrix, the tensor. Each voxel contains information about the average diffusion distance,
the degree of directionality of the diffusion and its direction. In the ellipsoid constducte
(Figure 3Ajrom the tensor, these data are presented as its size, shape and orientation. The
metrics for these are the majgrmedium and minoreigenvalues, the FAnd the major
eigenvector respectively. Tractography constructs streamlines througtlsybased othe
major orientationwith the expectatiorthat these run parallel to the reathite-matter

fibres(Alexander et al., 2011; Jones, Knosche, et al., 2013)

Whentensors are used to calculate tract streamlinBdlis vulnerable to errors due to

fibre crossing within voxels, which causesaes of incorrect prediction of orientation

(Farquharson et al., 2013YNR & a A y 3 T A 0 NB dad wHeng QdltighRidrd | y& aAid
orientations appear within one voxel, including fibres brushing past each other or one fibre

WT | vy AJ6res, Bndech®, et al., 201Bost tractography algorithms produce

streamlines based on local estimates of fibre orientatidones, Knosche, et al., 2018)

even very small errors in local orientation estimation can cause a streamline to fall onto a

different fibreor stop completely.

Forthis reason, multorientation models can be more accurafhey can involve

SaGAYLFGAY3I I NBERJzOS Rprop&yat 363 yalSIRspasioa XS UjKS W
Tournier, 2013)A point in gspace iglefined by the gradient strength {lalue) and

gradient directionThespin propagatocharacterizes the proportion of spins with

particular starting positions that have moved particular distances. To obtaispime

propagatorfrom g-space, a 3D Fourier transfo is used. Different acquisition models
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differ in how they acquire data from different points irsgace. Diffusiogpectrum
imaging offers the most thorough coverage e$gaceg many images are obtained with
differing orientations and gradient strengtlisandthe most complete characterization of
diffusion(Tuch, 2004; Wedeen et al., 2005)

Forfibre tracking, the spin propagatis used to calculate the diffusion orientation density
function (dODF). The dODF displays the directidmffusionpeaksand thereforeuses
only a subset ofliffusion spectrum imagindata. Acquisition timesare long considerinthe

amount of informationneededfor tractography(Tuch, 2004)

High Angular Resolution Diffion Imaging (HARDcquisition offers a compromisk.
explores a spherical shell ofspacewhere the orientation of each image differs, but the
gradient strength(b-value)stays constant(Tud, 2004; Tuch et al., 20Q2) is possiblgo
estimate fire ODF directlyfODF) with HARDI acquisitionith spherical deconvolution
whichdoes not require modelling of the diffusion process itself but assumes that the
characteristics of the diffusionggial are the same for all fibre bundl€sournier et al.,
2004) An example is the dampedRichardsor_ucy(dRL)algorithm, which was designedio

reduce isotropic partial volume effecisom CSFnd grey mattefDell'acqua et al., 2010)

Scan protocols can inade multiple shells (with different-oalues). Higher4values give
greatercontrastto noise ratios in the angular domaivhich helps to resolve crossing
fibres(Mori & Tournier, 2013)However, thé lower Signal to Noise Ratio (SNah make
motion and eddycurrent correction challengin@vori & Tournier, 2013)Therefore, low b
value imagesire alsacollected. Moreover, higher order models can require ripldt shells

to gain enough diffusion information for the model @ori & Tournier, 2013)

To estimate tract properties, bur measurements are often taken from the diffusion tensor.
FAis calculated using mets related to the difference between the major, medium and
minor eigenvalues. It gives an indication of the major direction of diffusion and the extent
of restriction of free movement within white mattg¢range 0- 1). High FA is often takeio
indicate high structural quality(Soares et al., 2013)MDgivesan indication of diffusion rate
across the three orthogonal directiofgnits: 10°* mm?/s), and low MD is often taketo
indicatehigh structural qualitfSoares et al., 2013xial Diffusivity (RD)gives tke mean
diffusion coefficient along the main axisdiffusion(though to be parallelto the tract) and
isthought to relate to axon structur@units: 10" mm?/s). Radial diffusivityRD)isthe mean

of the two smaller eigenvalues of the tensor modid isthought to reflect themagnitude

of diffusion perpendicular to the fibre trac(anits: 10™ mm?s). AxDmayreflect axon
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structure while RDnayreflect myelin proportion(Song et al., 2003However, the
meaningfulness dD Tl measurets vulnerable to the effect of crossing fibres on the
calculation of the tensofDe Santis et al., 2014Yloreover, they are nospecific to

individual properties of the white matter. For example, both axon membranes and myelin

content can influence F@eaulieu, 2002)

Meaaures from ligherorder models may prove to be more biologically meaningful. DTI
assumes that water molecule movement follow&aussian distributionwhich is unlikely

in tissue because of the presence of cell membranes and cellular bodies. Some models do
not make this assumptigout view tissue as comprisingultiple compartments with

differing diffusion propertiegMori & Tournier, 2013)

TheComposite Hindered and Restricted Model of Diffusion (CHARMEDYph®quires a
multi-shellHARDI acquisitiowith awide range of bvalues. The model views white matter
as a medium containing extaxonal space with hindered diffusion of water and intra
axonal space with restricted diffusion of watgyssaf & Basser, 200&)igure 3B)The latter
measure, theRestricted Fraction (FRrange: 1) can be thought of as a probe for axonal
density,making itmore specific thafrA. Furthermord-A values depend on the
orientations of fibres within a voxéBudde & Annese, 2018)hereas FR appears to be

independent of thifDe Santis et al., 2014)

Neurite Orientation Dispersion andensity imagingNODDI) shares similarities with
CHARMED but was designed to be more clinically feasible, as it can be acquired using
two-shell HARDI acquisition. The resulting measures inéhitkcellular volume fraction
(ICVFjrange: 01) and Crientation Dispersion(OD)(range: 01). OD and FA are negatively
related in white mattey whileICVF has a smaller, positive relationshith FA(Zhang et al.,
2012)

DTI results can be contaminated by CSF, a probleichwhay not affect FBr ICVRo the
same degree becauseSF dataould be incorporatednto other modelcompartmens (De

Santis et al., 2014; Zhang et al., 2012)

QuantitativeMagnetization TransfefgMT) imaging uses the Magnetization TransiT)
technique and gives an indication of molecular density, making it more sensitive to
measures of myelinatioMT overcomes the fact thabbtainingMRI information from the
protons bound in myelimns unachievabl¢because the T2 is too shrby utiliang their

broad range of resonance frequencies. The free water around these axeasvieay
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narrow spectrum of resonant frequencibst longer, and therefore measurable, T2
relaxation timesBy emittingradiofrequercy pulseswith frequendgesdifferent from free
water resonance frequencitee water is unaffected, butound protons will resonat
(Figure 3C)However, byMT, the magnetization of the liquid pool will reduce. The ratio of
the free water signal with andihout the pulse is theMT ratio. Increases ithis ratio
correlate with increased concentrations of bound protpasd can imply more myelin in
the tissue(Alexander et al.,@L1) For gMT, this twepool model is fitted to data resulting
from multiple MT pulses witmultiple frequencies and amplitudg#\lexander et al., 2011)
The resultingMolecular Proton Fraction (MPF) can be taken as a measure of nnagliion
(Giulietti et al., 2012; MetzleBaddeley et al., 2019)

2.4.1 Themicrostructuremethodschosenin thisthesis.

Thetemporatsequencanemoryexperiment describeéh Chapter 7uses a tweshell HARDI
acquisition, spherical deconvolution for the streamline calculation, and DTI and NODDI for
tract property calculationsDualshell data is beneficial bease the high kvalue(here
2400)gives more angular contrast and the lowalalue(here 1200)ives higherSNR

(Andersson and Sotiropoulos, 2015; Sotiropoulos et al., 26b3he former can be used to
calculate tractography and the latter can be used to calcubaié measuresAlthoughDTI
measurescan be vulnerable to crossing fibres and are difficult to interpret biologically, they
can stillprovide a useful measure fdine involvement of a tract in a task when used in an
individual differences style experiment. To provide some more direct markers of underlying

structure, NODDI measures, ICVF andvdde also calculated.

Theoddity experiment described i€hapter Suseddata acquired through a CHARMED
protocolthat compriseal diffusionweighted imagescquired over a wide range ofdalues
with some significantly larger than traditional HARDI acquisitiertgs,4000) From this,

data acquired using-balues around 1200 @n?2400couldstill be used to calculate DTI
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measurestractographyand NODDIgMT was also used/icrostructuremethods used in

this thesis are illistrated in Figure 3.

A B C

Isotropic Myelin-bound protons
Free water

rotons
P oo

® o,
L
®

MNeurites

Free water protons

E ra-cellular
(Hindered)

Off-resonance
radiofrequency

pulse Myelin-bound protons

Diffusion ellipsoid N 0 +
A Hz

Figure3. Diagrams of microstructure methods used in this project.

A) Isotropic diffusion is illustrated afiffusion within a perfect sphere (topivhereit occursequallyin all directions.
Anisotropic diffusion is illustrated as diffusion in an ellipsoid (middle) witdgenot equal in all directions. The
diffusionellipsoidis illustrated (bottom)with three eigenvectors (illustrated as arrows) and three eigenvakias £
<H X |.{H® canbarepresented in a 3 by 3 matrix, calleditfiesiontensor. Diffusion paths are exemplified
orange.

B) CHARMED and NODDI models assume that there are two ¢omepts, hindered and restrictedhe former
occurring in extracellular space and the latter occurring in intracellular space. A diffusion path is exemplified
orange.

C) gMT allows the estimation of the proportion of macromolecular protons bound inimyep, blue) despite thei
immeasurablyshort T2 signals, by utilizing their broad range of resaerequencies (bottom, bluefree water
has a narrow range of resonance frequencies (bottom, greenjiaasurablylong T2 relaxation times. By emittiia
radiofrequency pulse away from the free water resonance frequency, but within the range of the +bgatia
protons, the free water T2 signal can be altered because the spin states of the 4ngetid protons influence thos
of the protons in the liquighool by magnetization transfeaxchanggtop, illustrated as a red arrow)

2.5 Statisticaimethods torelatefunctional, structural and behavioural data.

Linear correlation analysis between behavioural data and imaging(daggHodgetts et
al., 2015; Postans et al., 2014; Pu et al., 2@t@Yide a useful and simple clarification of
GKS NBfFIA2YEAKALI 6S06SSy s T2 NJtédproperiess =

or between behaviourand NI Ay | NBF &dQ Fdzy OGAz2ylf NBf I

41

SKI @
A2y a



Chapter 2: Methods to measure network properties and functioharimans.

Whole-brainsearches for linear correlations between behaviour &mttionarealso
useful. For exampl|d=ieldtrip(Oostenveld et al., 2011 program for electrophysiological
data analysisallows for a searcfor correlationsbetween values of interessuch as a

behavioural measurgndwhole-brainfrequency power values

For instances where coefficients of correlation tests were predicted to be different (for
example,in Chapter 5the coefficient of the correlation between fornix microstructure and
scene oddity performance was predicted to be stronger than that of the correlation
between ILF microstructure and scene oddity performance), the coefficients were
compared using the Pedtsy | Y R C fPeadisény1@%v) (i S & i

Partial correlatinswere alsoused in this thesis, allowing theeasurement of correlation
between two variables while controlling for a third. For examplé& mapter the

correlation between a fornix microstructure property and an objigesequence retrieval
score wagested while controlling for anbjectin-sequencedéarning scor@to testif a
relationship existd between fornix microstructure andbjectin-sequenceaetrieval that

was independent of learnin&imilarly, multiple linear regression analyses were wisaf
occasions where it was of interest to understand whether a variable independently
predicted another variable or whether other measures also contributed. For example, to
ask whether microstructure properties from all three tracts contribute to a b&havscore

andwhether fornixmicrostructureis an independent contributor.

Some of the hypotheses in this project were that specific phenomena shotfwtcur.For
example, when designing the stimfdr the oddity studythrough piloting(described in
Chapter 3, BayesiafiRepeated Measures Analysis of Variance (RM ANOVA)sedgo
assess whether accuracy scores for¢beditions (scene, face or size) did not differ
Therefore along withinferential statisticsBayes Factors (BRggre alsocalculated using
BayesFactor package i(fRorey & Rouder, 2018)r using JASEASP Team, 202@nd
were reported as BE(evidence of the alternative model over the null model).B&lues
between 1 and ®an betaken as weak evidence in favour of the alternative model, values
exceeding 3 taken to reflect stronger evidepaadvalues between 1 and 0.33, and below
0.33, taken as weak and stronger evidence in favour of the null, respectjiRalitery,

1995) In the cases whera third variableneeded to be controlledor, Bayesian
correlations between the residuals of variables were tegtsiwith traditional partial

correlations)
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PCAs usefulwhen there is high multicollinearity among variablelgre, it wasused to

reduce microstructurelata, as different measuresan give overlapping informatioR.CA
identifies components in the data by lkiog for linear correlations between the variables.
The first component explains the largest amount of variance in the data and subsequent
orthogonal components explain sequentiadiypaller amounts ofesulting variancéAbdi &
Williams, 2010)As an example of the advantages of this techni@ifgmberland et al.
(2019) used PCA to reduce 10 Migfived tract properties, antbundthat the first

component of the inferior fronteoccipital fasciculus correlated with age
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Chapter3. Adapting tle oddity task for use with MEG

3.1 Introduction

3.1.1 Background.

The oddity taskredominantlytests complex perceptual processiag it involveonline
discriminatiors of items displayed simultaneousllyut with differing viewangles.Thetask
caninclude scenes, faces/objecand shapesizes (control)lit has been usetb reveal
impairments in MTllesionedpatients(Barense et al., 2007; Lee, Buckley,|et2005) It
producesMTL BOLD modulation irealthy participantgBarense et al., 2010; Hodgetts et
al., 2015; Hodgetts, Voets, et al., 2017; Lee et al., 200@prtantly,these paternswere
only seen when the images were displayed at differing angles, suggesting that the MTL
areas aid in the creation aflineview-invariant internal modelgthe shapesize control
task, in which participants identify a shape of a different sizesdus require the creation
of a viewinvariant internal model and does not produce these patterBxamples of the
stimuli used in these previous oddity studies are shown in FiguFeis project usd the
oddity task in conjunction with ME® examine the roles of the PMN and AIN in complex
perception This had not previously been doMéEG records brain activity with precise
timings butits ability to localisedeep brainsources is challengingnd eg-movements can
influence MEG signa(&ross et al., 2013; Quraan et al., 20Tis chaptediscusseshe
design and piloting of an oddity tasklaptedfor use with MEG

Object/face Scene Size (control)

Figure4. Examples of oddity task stimuli used in previous studies.

Images copied from: Barense et al(2010; Hodgetts et al(2015); and Lee et al(2013), without permission.
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3.1.2 Aims andconsiderations

Likeprevious oddity studies, trials in the current oddity task compriede images
presented simultaneously. Thesere virtual scensor faces, from three different angles.
To make this study comparable to Hodgetts et al. (2015),esx;dace and shape stimuli
were used.The odd scene had different spatial relationships betweenathjectswithin
the image different orientations or locations. Similarly, the odd face had altered features,
for example the eyes and mouth might have adtgishaps or distance between thenThe
control task was designed not to requioelineinternal model generation and involved
identifyingthe different-sizedcircle.Althoughprevious work had used squares (e.g.
Hodgetts et al., 2015), rather than circlésere was a risk that the prominent edge
orientation information in these images may make Mii&asured visual signals
comparatively stronger in this condition than in the scene or face conditions (the

importance of matching image statistics is discudsether below in section 3.2.2).

While this projectusedMEG, pevious research combining oddity task completion with
neuroimaging in humans daised fMRI[Barense et al., 2010; Hodgetts et al., 2015;
Hodgetts, Voets, et al., 2017; Lee et al., 2013; Lee et al., ZDB8)e are several
methodological considerations involved in adapting the stimuli and paradigms of fMRI
studies for ME research. Different designs were tested over six behavioural pilot studies,
which are collectively described in this chapter. $pecificconsiderations and aims are
described belowsections 3.2.1-3.12.4).

3.1.2.1 Increasing temporal precision

Due to thetime-lag of the BOLD response, the temporal qualities of MTL and outer
network involvement ironline processing isinclear The current experiment was designed
to utilize the precise timing of MEG. Whereas previous experiments gave participants a
fixed time period to view the stimuli (e.g. 5.5 slige et al., 2013 here the trial ended as
soon as the participant made their choice. It is likely thaine perceptual processes and
mnemonic processes temporally overlap (and they are thought to be intijmetdédted in
the PMrview), but it was postulated that the timperiod after a decision, where the
participant passively views thegimulusfor the remainder of the trial, would be dominated
by mnemonic processe3hereforethe current method may reduce nemonicdominant
brain signals in the trial period$he pevious fMREtudiesdid not take this approach,
presumably because of restraints regarding the temporal characteristics of the

haemodynamic response functigAmaro& Barker, 2006)
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The design meant that trials could be of variable lengths. Therefore, it was important that
trials were viewed long enough so that sufficient recording ofltlreoscillation

frequendesof interest(e.g. those within the delta/thetadnds)was possibleAn aim was

for trials to last longer than.bs. This wouldallow at leastone whole cycle of the lowest

delta frequency (1 Hz) and at le&stycles of thetd4-8 Hz)frequenciesParticipants were

given 6 s (pilots-R) or 8 s (pilot &) in total for each trial but were asked to indicate their
answer as soon as they had come to a decision. They were advised that accuracy was more
important than speed, and that theesponse could be made any time during thal. This

differed from a pevious administration of the oddity task in fMRI, where the researchers
a1 SR LI NI A OA skuicklydut asmccindely bapysiifledelet al., 2008)t

was important that thestimuli were difficult enough so that completion of most trials

would take longer than b s and, ideally, up to 8 s. Although part of the aim of phigect

was to replicate the findings of Hodgetts et al. (2015), the scene stimuli used in Lee at al.
(2013) were chosen as they were more difficult. This latter study gave participargd®.5
complete each trial and had around a 50% accuracy(citence level at 33%Jhe current

pilot studiesinitially aimed for accuracy of arouriaD% (Pilots -B) but this was then

increased t®60%(Pilots 46)tol £ f 26 F2NJ I WwWal FSde ySiQ Ay OFasS (K
caused a reduction in accuracy scores. It hgzedthat this higher accuracy levelould

be achievel through the longer trial times.

The face and size stiti were generated with the aim of matching the scene stimuli in

mean and distribution of accuracthere was a jittered 41.5 s interval in between task

trialso SEOS LI G K2a$8 LINB (s8ebbld)navhich la fixstidnicieds wds2 y G NRA | £ Q
displayel. A jitteredtimef Sy 3G K A& AYLRNIFyd G2 NBRdAzZOS (GKS ST7F
expectations of upcoming trials and teecumulation ofecurring cycliénterferencefrom

line noise for examplewhen calculating thaverageover trials(Gross et al., 2013)

3.1.2.2 Increasig the likelihood of deep source localization by matching image statistics

between conditions

4 RAAOdA ABENAIWE AT I GA2Y 2F RSSL) 42dNDS&a A& || OKlE
Ad TOhaxot! KSey ©I vEMNI FyyOSInhfipoonnmm@l 2Dy AT SR |
GKSY LINAYINB QArddzf az2dNOSa 6SNB faz2z | OUADBSST 6K
aGAYdzZ A | NB dz&ASR FyR A& fA1S8tée GKS OFr&asS Ay (KS C
TNRBY | OUADBAGE AY @AadzZ t | NBlar Dl dASkEdzA S OKKS f S NE
GradzZ £ AAIylLt A& LINBASYyld aAavYdz {i2 ¢z8R28za% ¥ 38 (1 K (K&
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In an effort to match the lowevel statistic§luminance and Fourier spectrbgtween
categories, the face, scene and size stimuli underwent statis@étsinmg using the SHINE
toolbox for MATLABMATLAB, 2015)vhich reduced differences between condition

A Y I FusieRamplitude and luminance patter(willenbockel et al., @10)

In previous studies the control condition required participants to judge the size of black
squares on white backgrounds. This straigtige highcontrast shape does not visually
match the scene and face stimuli, which are more complex, and sogeries can
strongly affect visual cortex oscillatory activityadjipapas et al., 2015)he control task
needed to be adaptedithout changing its lack of requirement feiew-invariantinternal
representations The task was changed to size judgment of seamislucent circles overlaid

on phase scrambled face and scene stimuli.
3.1.2.3 Increasing the likelihood déep source localization by adapting layout and timing

Thelayout and timingof the presentation of the stimuli differed from previous oddiagk
studies with the aim of limiting head movement while also increasing trial number. Quraan
et al.(2011)simulated hippocampal localization intdaets with 10 to 150 trials. They

found that localization error did not increase when reducing from 150 to 100 trials, but it
increased when reducing from 100 to 50 trials and increased again between 50 and 10
trials. Previous studies had used relativigly trials (e.g. Hodgetts et gR015)used 18 per
condition). To limit scan time, and to assist with counterbalancing, the current study used

96 trials per condition.

To allow for breaks and reduce heatvement distance within recording sessions, #ial
were split into 4 blocks, lasting around-frinutes eachThe head positionwasre-mapped

before eaclrecordingblock
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Eyemovement carcreate physiological artefacis the MEGecording(Gross et al2013)

so it was important that the extent of saccades between images within the trials was kept
to a minimum. The ocular angle of the first pilot vesdimated to be the smallest possible
while still visible to the participant. The intention wasrtmluce this angle in subsequent
pilotsif possible However, accuracy scores did not reach the target mean of 60% so ocular
angle was not reduced. The distance between participant and screen and the screen size
differed between the behavioural laboratory sitty and the MEG lab setting so the image

size was altered to keep ocular angle the same in the two settings.
3.1.2.4 The importance of a subsequent unforeseen memory test

In addition to the oddity task, it is important to include a post scanning memory tekeof t
oddity trials. A criticism of previous work is that MTL BOLD changes during the trial could
be a result of incidental encoding process&khough this can be countered by the
evidence that theassociatiorbetween hippocampal signal strength and oddégk
performance is independent of subsequent memory for the oddity stithele et al., 2013)

it is important to test for incidental encoding as well as complex perception perforenanc
This allows the researchers to ensure that associations between structure or function
neuroimaging measures and performance in this complex perceptual task, are not simply
reflections of an association between these neuroimaging measures and incidental
encoding, and that incidental encoding aids performance in the complex perceptual task.
Rilots 1and5 included arunexpectednemory test following the oddity tasko test the
paradigmsieasibility and to examine whethéncidental encoding afcene and face

stimuli facilitates oddity task completion.
3.2 Methods

3.2.1 Participants

Participants for all pilotsand all subsequent experiments presented in this thegese

NBEONHzA 6 SR GKNRAZAK / F NRATT ! yAOS Nenthee { OK22f
projects were approved by Cardiff University School of Psychology ethicsrdepa

Participants were asked to volunteer only if they were taking no psychoactive medication

and had normal, or correctetb-normal, visionAll volunteers gave informed consent prior

to participation.
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Since the aim was to create adaptation of theoddity ta¥, a task that has been used in
several studies previously, the purpose of the pilots was to check that the trials were
answerable, and that the condition accuracies were equal. Therefore, small sample sizes
were sufficient The participant demogphics for eacloddity pilot are shown ifTable 1.

For each pilot, there was a target b3-15 participants and the resulting sample size varied
according to the number sessions that could be run withitime allocated to the pilots

(for example, more ®unteers are available at certain times of the ye&ite that

participants could not contribute to more than one pil@tue to a recording error, the ages
of the participants in pilots 1 and 2 were not recorded. However, the age range is likely to

be smilar to other pilots because they were recruited from the same participant pool.

Pilot Number | Number of Number of Mean Age Number Left
Participants Males handed
1 15 3 n/a 2
2 9 3 n/a 1
3 15 2 20 SD1.3 2
4 10 0 22 SD1.9 0
5 9 3 23 SD2.6 1
6 9 1 20 SD1.5 0
Tablel. Participant demographics for oddity task pilots@.
138 gla y2i 02ff SOGSR F2NI LAt20a M FYR H® wmn

one individual did not appear to engage with the task so this dataset was not used and another
participant was recruited. 15 participants were origigatcruited for pilot 1 but two datasets were
not fully collected due to recording errors.

Ykl T Wy2i I @FAtlFofSQ

3.2.2 Theoddity task

3.2.2.1 Layoutand timing of presentation of the stimuli.

The oddity task required participants to examine triplet images of scenes, faces or circles
and to identify the odebne-out. For the scene and face stimuli, the images were shown at
three different angles andifferent locations. Onémage had either diffeng object

relationships (scene condition) or differing facial features (face condition). For the control
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Chapter 3. Adapting the oddity task for use with MEG.

task (sizecondition), 3 circles were shown with different locations and one circle differed in

size.

There was a total of 96 size trials antiTace and scene trials. For each participant, the
oddity task included all 96 size trials, 96 of the face trials, and 96 of the scene trials. To
reduce fatigue and head movement over trials, the resulting 288 trials of the oddity task
were split into four conterbalanced blocks of 72 trialBarticipants responded using a

keyboard with their right hand. In the oddity task, three keys represented the three images

To reduce predictability, there was an element of random ordering of stimuli within blocks.
Howeve, complete randomness of trial order may increase the time taken for networks to
fully engageThe trials were grouped into mifilocks of three trials of the same condition
with the aim of inducing maximal engagement of the scene andriat@orks These mini
blocks were then presented within blocks in a psewdiodom order, such that each mini
block was different from the previous one. An illustration of the rbinick design is shown

in Figures.

In the oddity task, the first trial of eaamini-block was preceded by a 5 s fixation period of
a black screen with a white cross at the centre. The second and third trial of eaeh mini
block were preceded byranter-trial fixation period for a time thatandomly varied
between 1 s and 1.5 s. Paipants were shown trials for up to 6 s (pilots L and 2) or 8 s

(pilots 36) but each trial ended as soon as a response was made.

To make the behavioural laboratory setting similar to the MEG laboratory setting,
participants were asked to sit with theiehd 1m from the screen and to keep as still as

possible during the experiment blocks.
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Figureb. Layout of the oddity task.

The upper image illustrates a miniock comprising 3 scene, facesize stimuli, separated by short{1.5s) intertrial

fixation periods, preceded and followed by 5 s fixation periods. The trials could be displayed up to 6 or 8s in tot
(depending on pilot number) but ended as soon as the participant made a respdhe 3 lower images are exampl

of the final ilot 6) oddity stimuli. The asterisk indicates the ealte-out.
3.2.2.2 Stimulugdesign

Scene stimuli were made usiagommercially available computer game, Deugl&x
Storm, 2000and the majority had been previously made by Lee et al. (2013). Screenshots
were takenfrom thevirtual O K I NI O i S NI2 éom diffensich anifie® WithiitBe sdene,

by placing the character in different positions in the room.

Face stmuli were made using Facegésingular Inversions, 199&fter applying the

default settings for face type (race, age, symmetry) and settingéxeating equidistant
betweenmale and female, the 'generate random face' function was ukesdas important
that facial characteristics pertaining to race and gender did not vary greatly because they
can influence individual differences in recognition of fa@@akudi & Hills, 2019)n light of

this osme faces needed additional editing t@move shading emulating facial hair, as this
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made faces look male. The cdde-out was constructed by using the 'genetics' tab and

applying a variation of 0.4.

All faces within a trial were presented from three differemtwpointsfrom four
possibilites, 'right' (48 right), 'leftup' (4% left and 20 up), 'up' (20 up) and$traightonQ

(0°). Viewing angle and location oddity were counterbalanced across trials.

Toreduce differences in image statistics between the task and control conditions, the size
images were constructed using 24 phasgambled scene images and 24 phaseambled

face images, equally taken from eastimulusgroup (described belown 3.2.3. Fhase

scrambling was performed usiagtechnigue(Perry, 2016yvhich allows the user to
RSGSNXY¥AYyS GKS fS@St 2F LKIAS aONlYotAy3 o
(Dakinetal., 20028 KA & | RRa y2A4asS (2 aLI dAlf LIKIF&aSa
weighting factor, in the range of-0L. The weighting factor determines the proportion of
unaltered spatial phase kepty G KS &ONI Yot SR AYIF3ISd | WgQ
has been shown to produce a subthreshold detection (&erry, 2016)To reflect the

similarity in spatial phase between three similar scenes and faces portrayed at different

angles, each scrambleéshage was used 3 times in each size triplet.

PaAy 3 (KS LI ((Krgegh, 201:2)04nsluBedt hdbtodenos black circles were
placed ove the scrambled images. Circles were rendered inside square areas randomly
sized between 60x6Qixels to 90x90 pixels. These square areas were randomly placed
within a larger area covering 305x205 pixels. Three circle images were made for each triplet
(eath with the same scrambled background), two with the same size dimensions and one
with a different sized square. The changes in size in pixels of the pilots are as follows: pilot
1=5,7,9, 11, pilot 2 = 6; pilot 3 = 5, 6; and pilots 4 to 6 = 4. For &admpilot 6, if two

square areas were size 60x60, the third would Be63.

Images for all three conditions, face, scene and size, were converted to greyscale, cropped

to a size of 400x300 pixels and ordered into a triplet pattern on a black background
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Chapter 3. Adapting the oddity task for use with MEG.

3.2.2.3 Matchingimagestatistics with the SHIN&olbox.

Triplef greyscale images were altered using SH\NiHlenbockekt al., 2010) Luminance

gla y2NXIFfATSR | ONRPaa AYIF3ASa dzaAy3d (GKS Widzral (OK
GSNBE YIGOKSR dzaAy3a (KS WKAalGal GOKQ FdzyOlAz2yd ¢ KS
Slidz GAYy3a C2dzZNASNI I YL Al tzR8a VEOHR & DKDDA ¥@BA | Wa SIS
lenient as it preserves the amplitude distribution across orientations but ensures that the

rotational average amplitudes for given spatial frequencies are equated across images.

sfMatch was used here because the taskthis experiment require the participant to

judge differences between similar images and, therefore, image quality is important.

SHINE incorporates a method by Avar{aRio9)which can improve the quality of the
histogrammatched images tlmugh optimising the Structural Similarity Indébeasure
(SSIM)YWang et al., 2004)ver a series of stepSSIM is a measure of the similarity

between the original and output images and is used as a proxy for quality: meastred O
where 1 would imply identical imageSor each iteration, an image with a target histogram

is produced, the SSIM index and gradient are then calculated and the gradient is used to
improve the SSIM of the output image. For the stimuli of the final pilot, the SSIM index was
0.88.

Histogram and-ourier amplitude specifications can affect each other so SHINE facilitates
an iterative approach where the targets are recalculatedach repetition. 15 iterations

were used.

To visualize the effects of SHINE, images of the Fourier spectrum and freapeotrum
were made using the inbuilt MATLAB Fourier Transform fun¢iRTLAB, 2013nd the
luminance hid 2 3 N> Y& 6SNB YIRS dzaAy3d (KSshekstea il 6aQ Fdzy O
averaged image properties from each condition before and after undergoing SHINE

alterations

% Note that in pilots 34, SHINE editing occurred before triplet images were stitched
together, causing unequal noise to be added to each image, which was thought to be
making the task more difficult. In pilots 5 and 6, SHINE editing occurred after tha trip

images were stitched together.
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After | Averaged Fourier Averaged Frequency Spectrum Averaged Luminance Histogram Example Image
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Figure6. The averaged imagproperties from each condition before and after undergoing SHINE alterations

Average image statistics for each condition are shown, before and after SHINE. The stimuli after SHINE applicat®werilsed for the subsegut experiments in this
thesis. From left to right the boxes display: the Fourier spectra in polar plots; the power per frequency (averaged exr@ag®os) in log plots; luminance histograms and
example images.
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Chapter 3. Adapting the oddity task for use with MEG.

3.2.3 The memory task.
3.2.3.1 Layout and timing ofrpsentation of the stimuli.

The memory task included the remaining 48 scene and 48 face noalssed in the oddity
task,plus 48 of the previously used scene trials and 48 of the previously used face trials
(192 trials in total)To be consistent with the methods of Lee et al. (2013), the trials were
presented in the same layout as those of the oddity task (triplet imadesgnsure a

balanced split between scenes and faces used for the oddity and memory tasks, the stimuli
were split into 3 groups of 48: A, B, C. The participants were also split into three groups
with each group receiving different combinations of stimujusups for the oddity and

memory tasks. For example, if scene stimuli groups A and B were used in the oddity task,
GKSy GKS YSY2NER {(lal ¢2dZ R dzi

OK2aSy GNRIFft&a FTNRY aO03\R® aANAYdzZaxh INP dzLIA !

Participants responded using a keyboard with their right hand. Four keys represented four
FyasSNBRY WRSTAYyAGSte 2f{RQY WL GKAY]l AdQa
for this integrated response in the memory task (conignold/new discrimination with
confident/unconfident) was to allow for further detail on the memorability of the stimuli,

without lengthening the duration of the experiment with an additional question.

As in the oddity task, memory trials were groupetbimini-blocks of three trials of the
same condition which were then displayed in a pseudorandomized dbdeision making
in the memory task was predicted to be faster than that of the oddity tsskjals lasted
onlyfor up to 3.5 s and mirthlocks vere separated by 2 s fixation per@dPrevious studies
using delayed recognition tests of scenes and facee feported RTs shorter than 3.%
(Blondin & Lepage, 2008; Burns et 2014) so this wagxpectedto give enough time for a
recognition decisionSimilar to the oddity task, the intdrial fixation period also randomly

varied between 1 s and 1.5 s. An illustration of the memory task is shokigure?.
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Chapter 3. Adapting the oddity task for use with MEG.

Figure?. Thelayout of the unexpected memory task.

lllustration of amini-block comprising 3 scera face stimuli, separated by short {1..5s) intertrial fixation
periods, preceded and followed I2s fixation periods. The trials could be displayeda.5 sin total but
ended as soon as the participant made a respoRsgticipants were asked todicate whether they had
previously seen the triplet image within the oddity task blocks, or whether it was new, and to indicate
confidence. Using four keys, participants could respp&® S F A y AHLS (&K A3 R QUIKRaY: 12
FYRTFWREGStE e ySgQ

3.2.4 Statistical analyses

Statistical analyses were carried out usik@tudioqR Core Team, 2018; RStudio Team,
2015)and JASP (JASP Team, 2@&esian RM ANOW#asusedto assesthe evidence

that the stimuli groups were equally difficult in the oddity task. When comparing the oddity
task accuracies to chance level (using frequentist statistics), an alpha level of 0.016 (0.05/3)
was applied to correct for the three contdins. For the memory task, an alpha level of

0.025 (0.05/2) was applied when comparing memory scores to chance Aetrelditional

alpha level of 0.05 was used for all other tests, to maximise sensitivity.

3.3 Results

3.3.1 Odditytaskresults

The aims were: todwe accuracy scores significantly above chance level (33%), which was
achieved in Pilot 1; to have equal means and spreads of accuracy scores in the scene, face

and size conditions, which were achieved by Pilot 4; and to have mean accuracies of around
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Chapter 3. Adapting the oddity task for use with MEG.

60%,whichwasachieved by Pilot 6he accuracies arfdeaction TimefRT$ across the

pilot studies are shown in Figur8sand9.

3.3.1.1 Accuracy in Pilots@.

Equal accuracy scores across the conditisase achieved by pilot 6. Table 2 gives a

summary of the acaacy resultsas means anstandard @viations (SDfpr each pilot.

Pilot | Stimublisdetails Results Comments
1 Edited scene stimuli| Aiming for accuracy means 3@%. The simuli needed altering
frzoorz 3Lee etal. It was possible to complete the task above chan to (gjet equ3I accuracy mean
( )- level, but accuracy means across conditions wer an ds_{_)rea S across
not equal. conditions.
Accuracy scores of
individual cirte size
ACCURACY (%) SCENE FACE SIZE changes inspected. 5 was
too low (40%) and 7 was
MEAN 45.03 48.48 61.54 too high (59%)so size
change 6vasused inthe
sD 7.40 5.59 17.89 next pilot.
Chance level 33% exceeded (p<0.01).
Bayesian RM ANOVA results provided evidence
that accuracy means were differerBfo =
200.359.
2 Scene and face Aimed to increase
stimuli unchanged, performance means and
circle size change of| | ACCURACY (¥ SCENE FACE  SIZE spreads withincreased trial
6 used. times.
MEAN 48.38 50.35  62.15
SD 5.314 6.400  15.256
Chance level 33% exceeded (p<0.01).
Bayesian RM ANOVA results provided evidence
that accuracy means were differerBfo= 11.760).
3 Scene and face Circle size change needlto
stimuliunchanged, ACCURACY (% SCENE FACE SIZE be reduced to increase
circle size change of difficulty.
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Trial times extended
from 6s to 8s.

SD 6.09 7.00 11.65

Chance level 33% exceeded (p<0.01).

Bayesian RM ANOVA results provided evidence
that accuracy means were differerBfo=36.502.

Scene and face
stimuli unchanged,
circle size change of
4 used.

Aiming for accuracy means at 60%.

L/l wi/ {/9b9 Cl/9 {L%9

a9l b ny ®dyppmedniny dyp

ndcc

{5 TODT MMdny

Chance level 33% exceeded (p<0.01).

Bayesian RM ANOVA results provided evidence
that accuracy means were not differemRo=
0.272).

Aimedto increase accuracy
scores to 60% and increase
spread for scenes and faceg

Additionally, performance of
individual scene trials was
inspected to see if some
scene trials were
consistently answered
incorrectly. Those answereg
correctly by less than 4086
participants were removed
and replaced with new scen
stimuli.

SHINE processing
moved to after
triplet image
stitching. New sceneg
stimuli replaced
difficult scene trials.

Face and size accuracy increased but not scene
accuracy

LI/t wi/ {/19b9 Cl /9 {L%9

ag9!b pmMm®dTncndo.cndon

{5 ydcn ™MHPcimoPhn

Chance level 33% exceeded (p<0.01).

Bayesian RM ANOVA results provided weak
evidence that accuracy means were differeBfg
= 1.334).

Performance of individual
scene trials over pilots 4 ang
5 were inspected to assess
accuracy levels of new scen
stimuli.

Additional new scene stimul
were added to pilot 6.

New scene stimuli
replaced difficult
scene trials.

Scene accuracy scoraised and spread increased

Y/l wr/ {1/ 9b9 C! /9 {LZ¥%9

a9lb py ®pc ppdnicodrrT

Accuracy and spread
between groups matched
more closely.
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{5 MpPHPp ydPyn mndpo

Chance level 33% exceeded (p<0.01).

Bayesian RM ANOVA results provided weak
evidence that accuracy means were equghd{=
0.527).

Table2. Summary oficcuracyresults of oddity pilots 16.
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Percentage Accuracy for Scene, Face and Size Oddity T
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Figure8. Violin plots showing condition accuracies for pilots6l

The scene dataregreen, the face datare pink, and the size datareblue. The horizontal red line indicate
the chance level at 33%. As a visual aid, horizontal yellow line indicates 60%. The white dots indicate
median, the thick vertical black lines indicate th&erquartile ranges and the thin vertical black lines indic
the 1.5 x interquartile ranges.

By pilot 6, distribution and means of the accuracy scores are well matched between conditions.
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3.3.1.2 RTdn Pilots 16.

TheRTsacross the conditions could not be matchaald there were consistent

relationships between the groups: sceR@> faceRT> sizeRT RTan pilot 6 for scene, face
and size trials (mean (SD)) were 4713 (1079), 3691 (1230), 2664 (946) ms respectively.
However, the majority of trials exceeded the aim dd 4econd minimum legth and the

spread across conditions was reasonably matched in pilot 6.

Reaction Times for Scene, Face and Size Oddity Tria
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Figure9. Violin plots showing condition RTs for pilots@.

The scene dataregreen, the face datare pink, and the size datare blue. The horizontal red line indicate
the target minimum trial length of 1.5s. The white dots indictite median, the thick vertical black lines
indicate the interquartile ranges and the thin vertical black lines indicate the 1.5 x interquartile ranges.
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3.3.2 Memorytaskresults
3.3.2.1 Pilot 1 memory task results

Overall, memory performance was podihe mearof scene hit ratesvas 050 (= 0143,

with ameanfalse alarm rate of @6 (SD =.083). The mearof facehit rateswas 054 (D=

0.119), with a false alarm rate of 4 (D= 0129). To compare memory performance

across conditiong}-LINA YS 6 R 0 @z@PgaB dlarnts)) viete Gaficildied for

scenes and faces. K S Y Sdongs fdR Szenes and faces wérb7 and 0.29, respectively

and were both above the chance level of @t 3.873, p = 0.002i:13= 3.653, p = 0.003)

Apairedti S$a Gz GSadAiAy3a GKS RATTSNBY Sgificant (12Q a02NBa 06!
2.39, p = 0.034).

The mean proportion diitsk Y38 4 SNBR ¢gAGK KAIK O2@FARSYOS oWL(GQA
opposedtof 245 O2y T A RSy OForthéiscends Kas §.§6D A 0.888)ndFof R Q 0
the faces was 0.3@D = 0.304) (fracns of total number of correct remembered

responses)There was no significant difference between these valyes«i.35, p=0.19).

For both scene and face trials, there was no significant difference betwearuthber of
oddity-correctand subsequetly remembered stimuli andddity-incorrectand
subsequently remembered stimulisy=1.56, p=0.15; t12=-0.51, p=0.62, respectively

for scenes and facgs
3.3.2.2 Pilot 5 memory task results

The mearof scene hit ratesvas 061 (D = 0140), with ameanfalse alarm rate 00.41(SD

=0.131). The mearof facehit rateswas 058 (D = 0165), with a false alarm rate @f.45

(D=0149.¢ KS YSIy RQ a02NBa O62addazdJesRdivelindR T 0Sa 65
were both above the chancevel of 0 (= 3.513, p = 0.004¢t= 2.178, p = 0.0507

pairedti SaiGx GSadAay3a GKS RAFFSNBYOS Ay RQ a02NBa o6S
traditional alpha threshold (= 2.21, p = 0.054).

The mean proportion dfits answered with highcof@Sy OS o WL (G Qa RSTAYyAGSt e 2f
2LII2ASR (G2 26 O2yTFTARS@SwadoldSDa KBHridfoA 6 Qa 2f RQVO D

the faces was 0.35D = 0.22(fractions of total number of correct remembered

responses). There was a significant differenegveen these values §=4.23, p=0.003).
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For both scene and face trials, there was no significant difference betweearuthber of
correctly answered and subsequently remembered stimuli and incorrectly answered and

subsequently remembered stimuligt=-0.89, p=0.34; {5=-0.18, p=0.86, respectively).
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3.4 Discussion

The pilot behavioural studies allowed the stimuli, their latyand presentation sequences
to be adapted for an oddity study in the MEG environment. One consideration is that trials
had to be long enough fanultiple delta/theta cyclesto occur during decision time and
therefore the trials had to be made difficulheugh so thaRTs would béonger than 15s.
The scene stimuli of Lee et al. (2015) were chdssrause of their difficulty, anfdice and
size stimuli were developed to matthe scene accuracy levels second challenge was to
minimise the differences iimage properties across the stimuli conditions, which involved
redesigning thecontrol size task and matching the images with the SHINE todibexm,
aims of the piloting includedgorodudng matched accuracy scores acrasmgestatistics
matchedcondtions, accuracy scoreaveraging at around 60%, atmdesign a

unforeseen memory tesappropriate to examinéncidental encoding@f stimuli Thefirst

two wereachieved by Pilot 6 and tHastwas achieved by Pilot 1 but-tested in Pilot 5

due to the $imuli and paradigm changes.

Although oddity accuracy matched between group3did not. Altering the stimuli with

the aim of matchindRTswould likely alter accuracy scores and it niithat the brain
processes involved imaking perceptual decisionsi@cene, face and circle images take
different lengths of timeSupporting this, a early MEG study compared the time course of
predominant evoked MEG signals in response to viewing scenes and3ate®t al.,
1999)and found thatscenerelatedsignals were localised to the right parietooccipital
junction and parahippocampal gyrus and had a latency of around 300ms, whereas face
related signals werdocalised to thed=Gand had a latency of around 160n\dore recent
studiesexamining scenwiewing relatedelectrophysiological signalevealsoreported
timescaledonger than those reported imore recentstudies examining faceiewing(Gao

et al., 2013; Halgren et al., 2000; Mormann et al., 2017; Vicek et al.,.20@Bover, the
hypothesis tested in this thesis is that scenes and faces require different processing and
that two brain networks possess the respective processing qualities required. It is

conceivable that these networks may function at different speeds.

TheR 2sults of the memory task indicated thitte stimuli were memorable above chance
level and thathe scenestimuli were more memorable than face stimufiowever, theR Q
scoresalsoindicated that memory for both was poorhis may be due to the number of

trials shown in the oddity and the length of the sessions. There were 96 scenes and faces

shown in the oddity tastwhich could last up t&0 minutes. Erthermore, participants were
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not told abouta subsequent memory task because active encoding of theitimas not

an aim of the task. Interestingly, the memory results of Lee et al. (2013), who also used
large numbers of stimuli and an unforeseen subsequent memory test, also showed poor
recollection of scene oddity triafs R @56P) These results may indicate a success in
oddity paradigndesign, as the aim is facite online perceptual processes and not
incidental encoding processdmportantly, there was no differencbetween the number

of remembered correct scenes or fad@mswered correctly during the oddity tasknd the
number ofremembered incorrect scenes or fad@siswered incorrectly during the oddity
task), in eitherPilots1 or 5 suggesting that recognition memory performance was not

modulated by successful completiofthis complex perceptual task.

The higher memorability of scene stimtiian face stimuli may mean that scene and face
stimuli have differing effects on memory processBse differencan memorability was

also echoedn the proportion of confidently mmembered scenes and fagdn pilot 5, the
proportion ofscene hitanswered with high confidence was higher than that of fadhs.
objects within scenes vary more than features on fadhgs pattern may bedue to the
higher similarity between images ihe face conditionHowever, this finding may not
undermine the use of the oddity task to measure complex perception. Stere oddity
accuracy was lower than that of facespilots 1 and 5it is unlikely thatprevious stuéka Q
findings that scene odti and face oddity completion incite neuronal activity in different
brain areagHodgetts et al., 2015; Lee et al., 2068 reflections of the differing
propensities of the stimuli to incitbeneficialincidental encoding processddn the other
hand, itcould be that the more a trial incites memory passes, the poorer the perceptual
performance. Considering this, the relationship between hippocampal BOLD and scene
oddity performance found by Hodgetts et al. (2015) may be mediated by the amount of
memory processes during the task, and the hippocamptivity may reflect memory
encoding rather than reflect the involvement of the hippocampus in scene perception.
Therefore, it is important that in any research where a correlation between a neuroimaging
measure andgcene/faceoddity performanceddemonstated, the relationshipbetween

the same neuroimaging measure and subsequent scene/face memory performmarste

also be testedseeChapter 5section 5.3.5).

The level at which to match image statistics between the conditions was a compromise. It
was imporant that the conditions were as visually similar as possible because a challenge
with recording deep brain signals in MEG is the spread of stronger visual signals from visual
areas which can pervade into the deep brain signal recordij@sraan et al., 2011)
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However, complete matching woutdsult in identical images and all levels below this
cause graded@mprovementson the image quality. It was important to mattfe condition
images as closely as possiblithout degrading image quality to the extent thidie task

was too difficult to comlete. ThereforeapplyingSHINE, the rotational average amplitudes
for the spatial frequencies were matched across images while the amplitude distributions
across the orientations were unchanged as this helps to preserve image quality
(Willenbockel et al., 2010)

As the aim was to use this study design in conjunction with MEG, it is important to note
similarities andlifferences between the behavioural laboratory and MEG laboratory
settings. To make these similar, participants were asked to sit with their dtemfixed

distance from the monitor and keegsstill as possible during the experimeahblocks.

However, MEG sessions differ from behavioucally sessions in several ways: the timing,

due to setup time before MEG recording; the environment, for example participants must
wear reference electrodes and sit in a shielded room; and comfort and freedom of
movement | & LJ- NI A OA Lihyyidalgrastricted WhenvirsStye(MEG system. For
these reasons, it was noted that the accuracy scores could decrease in the MEG setting. It
was hoped that the final average oddity accuracy score of 60% would provide a large

enough safety net so that accuracy levels could drop without reaching chance level.

In conclusion, the oddity task was adapted to be suitable for a MEG study and to allow
further investigation into the timing and nature of processes underlying conmpiéine
scene and face processing. The target results were decided before the pilasshedjan
and included target accuracy scores that matched between conditions. The stimuli and
their timing and layout ifPilot 6 were used in the subsequent MEG and microstructure

study.
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Chapter 4. Examining oscillatory power modulation within

PMN areasluring complex scene perception, usMgG

4.1 Introduction

4.1.1 Background

Implications of the PMriewinclude the PMN and AIN networks should aid behaviours in
different modalities; network areas, including MTL areas, should be involved in processes
across menory and perception; and that the behavioural performance of those modalities
should be related to the structural and functional properties of the respective networks
(Graham et al., 2010; Murray et al., 201This chapter continues the investigation bét

first two implications by measuring brain oscillatory behaviour during completion of the

oddity task,using MEG.

Oddity tasks can be used to incite complex perceptual processes. The task requires the
participants to pick the oddne-out from multipleimages of scenes or faces, each
presented at a different view angle. It is understood that successful completion of the task
requires the construction of a viemvariant internal model of a scene or fa@@arense et

al., 2010) Previous fMRI work has shown BOLDeases in the hippocampus afiC

during the completion of scene and face visual oddity tasks, respectBatgnse et al.,

2010; Hogetts, Voets, et al., 201,7and increased hippocampal BOding correctversus
incorrect scene oddityrials (Lee et al., 2013)These studies indicate the importance of
these MTL areas in complex visual processing in two modaMm@mzover, Hodgetts et al.
(2015)found an increase in PrC BOLD during the face task that selectively correlated with
face task performance, and not with performances in the scene task or pidgment

control task. In contrast, hippocampal BOLD decrease dthingcene task selectively
correlated with scene task performance and not with face or size task performance.
Together, since the PrC and hippocampus are thought to be members of tlamdliNe

PMN, respectively, the results support the proposal that the AIN and PMN cater for
different modalities, but they leave some unanswered questions. The discrepancy in
relationship between the scene task and hippocampal BOLD increase or decreaéfsmils d

to interpret due to the complex relationship between neuronal activity and the BOLD
responsgEkstrom, 2010; Ekstrom et al., 200®joreover, the BOLD signal is slow

compared with the underlying neuronal activignd so the result provides little detail of
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the temporal dynamics of hippocampal processes during perceptual decisions. Indeed, the
results of Hodgetts et al. (2015) were created from averaging BOLD in 6 s trials. In addition,
Hodgetts et al(2015)like previous work(Barense et al., 2010; Lee et al., 20¥8used on
activity in single areas of the networks. Further investigation of thevig&W requires

assessment of functional modulation assonetworks.

The current study aimed to expand on previous work using fMRI and the oddity task by
measuring oscillatory power modulatioRACand phasecoherenceacross multiple

network areas in the first 2 s of oddity task completion, using MEG. Thera warticular
focus on the oscillatory power modulatisnof PMN areas, durindne sceneoddity

condition, and this was contrasted witbscillatory power modulations of AIN areas during
the faceoddity condition. Assessment of arda-area communication waalso used to

study how theHPCand other PMN structures interact durimgmplex scene perception

Awhole-brainassessment of timaveraged oscillatory power was carried out, to assess

the differential involvement of brain regions in complex scene and face processing. Virtual
Sensors (VSs) of six PMN regions were then extracted: right amtPl€ftomprising the
hippocampus and parahippocaralareas); right and leftPL(including the supramarginal
gyrus and the angular gyrus); PCC; aRFCTimefrequency analysis was carried out on
each.PAGwithin right and left HPC and mPFC VS data, and theta/alphsecohernce

modulationsbetween all VSs, were then measured.

4.1.1.1 Electrophysiological correlates of activity in the PMN and AIN.

MTL oscillatory activity tthnot previouslybeen explored during complex visual perceptual
processes but previous human memory researcngring the MTL, or perceptual work
examining other ROIs, points towards the importance of oscillations in the gamma (40
80Hz) and theta (8Hz) range$Colgin & Moser, 2010; Fell et al., 2011; Monk et al., 2020;
Pu et al., 2Q7; Pu, Cornwell, et al., 2018; Sweetitged et al., 2016)

The hippocampus is well known for activity in the theta range due to the wealth of
literature associating hippocampal theta with placell firing in locomotion in rodents

(Sosa et al., 2018and episodic and navigational processes in hunflimnset al., 201;7Pu

et al., 2017) The hippocampus is understood to be a major current generator (contributor
to magnitude of power) of the hippocampal and limbic theta rhytfiocsis et al., 1999)
Thetarhythmscould allow grouping angeparation of information and processes in an

extended hippocampal networBuzsaki, 2002)nd this abilityto sequence and separate
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may underly both memory and navigation proces@eishenbaum, 2017blf is thought

that the underlying processes for navigating physical and mental spaces may be the same
(Buzsaki & Moser, 2013and, therefore, theta rhythms may also be important during
complex scene perception, witirequires the construction of viesmvariant internal
representationsindeed, the reduction in hippocampal BOLD during scene task completion,
compared with a size judgment control task, reported in Hodgetts et al. (2015) may
correspond to underlying imease in hippocampal thetBOLD decreases have been

reported to relate to increases in low frequency powEeliner et al., 2016; Scheeringa et

al., 2011)and, in particular to MTL theta power increases duringhemonic encoding

(Fellner et al., 2016)

However, previous research that used a similar oddity task found hippocampal voxels that
displayed increased BOLD during viewing of scene oddity trials involving images of scenes
displayed at differing angles (requiring internal representation construgiimontrast to

scene oddity trials involving images of scenes displayed at consistent éBgtesse et al.,
2010) Additionally, two studies using a mental scene construction task reported a decrease
in anterior hippocampal thetéMonk et al., 2020andan increase in anterior hippocampal
BOLODalton et al., 2018Wwhen compared with construction of a n@eene mental array.
Power decreases in lower frequency bands can coincide with power increases in higher
frequency ranges, such as gam(hukamel et al., 2005; Scheeringa et al., 20This

pattern has been related to increed BOLConner et al., 2011; Kilner et al., 200&nd
therefore implies increased engagement of a brain area. It is likely that different
hippocampal processes are reflected in theta and gamma oscillations. For example, a study
inspecting virtual navigation in humans found that delta and theta poweevaver in

novel environments compared with familiar ones, whereas low garttetined as31-50
Hz)power showed an opposite patteiiPark et al., 2014)rhe discrepancy in BOLD change
direction between these findings and those of Hotlget al. (2015) may be due to the

blurred BOLD representation of multiple processes with different temporal or oscillatory
characteristics taking place during the trial. Therefore, in the current study, it was
hypothesized that hippocampal theta and ga@nvould be modulated during completion

of the scene oddity task, when compared with face or size judgment oddity conditions.
However, due to the discrepant BOLD results, and the lack of previous research into
oscillatory correlates of hippocampal perceptpaocesses, the direction of modulation

was unspecified. Moreover, tiragequency analysis was carried out on multiglggo

study the duration of the oscillatory patterns that were observed.
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In conjunction with changes in hippocampal oscillatory agtivi was hypothesized that

other areas of the PMN network would specifically engage in the scene oddity task. Theta
in the mPFC has been reported to increase during spatial working memory(Kelglgn et

al., 2017)and spatial memory retrievgKaplan et al., 20145calprecorded frontal midline
theta is associated with several PMN functions, such as episodic memory encoding and
retrieval, and is thought to be largely contributed to by the mPFC, and influenced by other
areas of the DMMNnd the hippocampuéHsieh & Ranganath, 2014y addition, the inferior
parietal cortex is understood to be important for sjmaemporal integration in visual

spatial working memoryPisella, 2017)and parieal gamma oscillations have been
associated with manipulation of visual and spatial representations in working memory
(Morgan et al., 2011)The PCC may also play a role in the PMN processing as inhibitory
stimulation of this area during encoding disrupts subsequent rédaliu et al., 2019)and
successful item encoding is associated with decreased low frequency power and increased
gamma powelLega et al., 2017 onsidering these findings, theta and gamma oscillations
may be a markeof spatiotemporal processing, not only in the hippocampus, but across the
PMN.

Increased power in the gamma range in response to object or face processing has been
reported in areas across the ventral visual hierarchy including early visual(@aa<t al.,
2013;Magazzini & Singh, 2018; Perry & Singh, 20d&htral occipitotemporal cortex

(Engell & McCarthy, 2@)and fusiform corteXGao et al., 2013Moreover,PrCcells
NEALRYyaAdS (2 202SONUMNBWTRAON2NBEaAaR2YOFVIKNASAZY ¢
phases around the rhythm peak) in the gamma band, after repeated experience of an
object(Ahn et al., 209), and it is thought thaPrCgamma may be a result of a transfer of
gamma oscillations from other visual areas carrying object infGongAhn et al., 2019;
Collins et al., 2001}t is suggested that unified percepts are brought about by oscillatory
synchronisation in the gamma range in distributed netwdisrtrand & TallosBaudry,

2000) and that gamma activity facilitates tlmtegration ofnew visual inputinto internal
perceptual model¢Gao et al., 2013)ndeed, previous MEG research has indicated a-feed
forward role of gamma activity, passingnsory information up the ventral visual hierarchy
(Magazzini & Singh, 2018; Michalareas et al., 20Ml&grefore, in this work, ventral visual
stream gamma power was predicted to be elevated durmgface oddity task, in contrast

to scene or size judgment oddity conditions.

In accordance with the increased PrC BOLD during face oddity task completion reported in
Hodgetts et al. (2015), it might be expected that power in low frequency oscillatidhs of
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PrC would decrease, while power in high frequency oscillations would increase, during the
face oddity task, in contrast to scene or size judgment oddity conditions. However,
distinguishing between different sources amavd Lstructures (such as between the
hippocampus and the PrC) is challenging with MEG. This is because of the lofv SNR
signals originating from deep tissuedy because of their proximity, the influence of head
movements(Ruzich et al., 2019%ince successful separation of hippocampal &n@

sources with MEG was unlikely, and hippocampal signals may be more reliably detected
(seeChapter), it was assumed that modulation of MTL oscillations would predominantly
reflect hippocampabr parahippocampabrocessing, rather than PrC processing. Therefore,

it waspredicted that MTL oscillatory modulation be unique to the scene condition.

For thewhole-brainanalysis, the theta band chosen wa8 Bz, as human hippocampal

signals have previously been measured in this range with BBy et al., 2019)The

gamma band chosen was-80Hz, but this was analysed in two lolsnlow (4660Hz) and

high (6680Hz) gamma. This was to aid specificity about signal ranges important to the
OdzZNNBy G GF a1z IAGSY GKS 6ARS NI yIMoreavdr, T NBIj dzS
in the context of novel spatial encoding, higher and logggmma signals have been shown

to have different functions in the hippocampus, with the latter relating to encoding success

(Park et al., 2014)

These frequency band definitions vary across studies. In previous studies, and in the
present study, the definitions are somewhat arbitrary. However, broadband-time
frequency analysis of PMN RQdgy(,using 190 Hz) help in understandinthe spread of
frequency modulation. For example, theta band modulatioosldbe accompanied by
modulations in delta (4 Hz)and alpha (8.3 Hz). If only theta is inspected, it is unclear
whether modulation in this band is specific to this band, or espnts a general

modulation of lower frequencies. Similarly, homologues of rodent theta in humans are
often reported to be lower, residing in the delta ba(\Watrous et al., 2013)There were no
specific hypotheses regarding hippocampal oscillatory modulation in the range between
alpha and gamma (beta, 43 Hz), but this is included so that: broadband modulations can
be appropriately captured; and to include higbkta (although not commonly reptad,

high beta modulation of the hippocampus has been descr{Bednca et al., 2013)In
addition, the timefrequency analysis allowed inspection of the temporal dynamics of
oscillatory power modulations within the first 2wsith the aim of illustrating a complete

picture of osdlation modulation during the oddity task.
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4.1.1.2 Communication within and between brain area®Bgand phasecoherenceén

the PMN.

Interactions between oscillations of different frequencies are understood to reflect the
coordination of information processingitltin local groups of neuronePACdescribes a
phenomenon whereby the phase of the lower frequency range provides a temporal
reference for amplitude modulation in higher frequenc{@nnefond et al., 2017)

Although PAC is thought to occur across the bBaonnefond et al., 2017Jo assess its

role in the PMN, the current study focused on PAC in MTL and mBi®@s, which have
been associated with mnemonic functions. For example, PAC between theta and
beta/gamma within the human hippocampus has been associatedméttmoryload in a

task requiring maintaining multiple items in working mem@txmacher et al., 2010and

PAC between theta andw gamma within the rat mPFC was more pronounced during
correct trials of a ¥naze working memory task than with incorrect triéls et al., 2012)A
study exploring the association between hippocampal PAC and encoding discovered two
sets of neuronesnedisplaying increasePACandthe other displaying decreasd@AC

during successful encodirfgega et al., 2016)n the former subset the higher frequency
range was predominantly modulated by low theta/delta (8.6z), rather than the

traditional theta band, and this low frequency also showed an incraapewer during
successful encoding. In addition, neurones displaying increased PAC (with traditional theta
4-9 H2 with successful encoding were found in the frontal cortex (Lega et al., 2016).
Considering these results, modulation of PAC within the@n&#ed hippocampus may be a

hallmark of successful PMN functioning.

Phasecoherencebetween brain regions may also signify network communication. For
example, thetgphasecoherencebetween the hippocampus and mPFC has been shown to
increase during retrievan free recall compared to baselit@nderson et al., 201@nd to

be associated with successful memory integratiBackus et al., 201@nd encoding of

spatial positionZielinski eal., 2019) Kaplan et al. (2014) used MEG to investigate spatial
memory retrieval and revealed modulationsgifasecoherene and PAC between the
hippocampus, the mPFC and the parietal cortex. Increases in mPFC theta power, mPFC
hippocampus theta coherence, and PAC between mPFC theta and parietal cortex gamma,
occurred during cued retrieval of spatial representations comparil fixation baseline.

More recently phasecoherencebetween these regions was investigated in the context of

b REYEYAO YSydlf aSljdSyO0S NBOFEt GF&13 Ay 6KAOK

through a learned scene, passing the learned objestgisntially(Kaplan et al., 2017 his
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task incited increased thetahasecouplingbetween the mPFC and poster MTLRSC
compared to baseline. Together, these results suggest that-aremphasecoherenceas
important for PMN processing and may support the maintenance of internal mental

representations of scenes, associations, and sequences.

Beneficiabhasecoherencemay extend outside of the theta range. Work combining fMRI
and EEG found that functional binding between the hippocampus and the PFC during
recollection related to hippocampal low frequency oscillations, spanning the theta and
alpha bandgHerweg et al., 2016 herefore, the current experiment explorptiase
coherenceover 412 Hz betweenthe HPC and mPFC R@isd thenexploratorly between

in the remaining PMN RQls

4.1.1.3 The overlap between the RhMnd theDMN.

Understanding the role of the mPFC and PCC in complex scene processing is of particular
interest because they are also members of the DMN, a collection of areas which display
reduced activity during active engagement with a téRkichle, 2015Whereas multiple
studies have evidenced the importance of complementary mPFC and hippocampal
processing in spatial processing and meni{@sckus et al., 2016; Dahmani & Bohbot,

2015; Kaplan et al., 2017; Kaplan et al., 20i4ine with the mPFC being within the PMN
network, othershave shown an association between increased task difficulty and reduced
DMN activation, in the form of broadband gamma suppresg§idssandon et al., 201and
reduced BOLI[e Dreu et al., 2019 the mPFC. In addition, the PCC is commonly
associated with the DMN and shows taskated activation decreasdShulman et al.,
1997)but has also been reported to show increased camination with the hippocampus

during encodindLega et al., 2017)

It may be that mPFC and PCC engagements are not always consistent with hippocampal
engagement across PMN functions. There is evidence that DMN areas show reduced
activity during encoding but increased activity during retrieval, a process known as the
encodingretrieval flip(Huijbers et al., 2012whereas the hippocampus does not display
this pattern(Huijbers et al., 2011)his may be because encoding phases tend to involve
processing of exteral information (e.g. a visually presented sequence) whereas retrieval
involves internal processes (e.g. mentallyimeagning a sequence). Therefore, while it was
hypothesized that oscillatory power modulation in the mPFC and PCC, and increased
coherencebetween the HPC and mPROIswould be associated with the scene task

because of their roles in the PMN, if these areas showed activity in line with their
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involvement in the DMN, there may be no detectable differences between the scene and
face tasks. Thimay help to clarify the roles of these areas in complex visual perceptual

processes.
4.1.2 Aims anchypotheses

This project aimed to investigate the role of the PMN in complex scene processing, and
contrast this with complex face processing, using the oddi#i and MEG recordisgThis

work builds upon previous fMRI wo(Barense et al., 2010; Hodgetts et al., 2015; Hodgetts,
Postans, et al., 201 By investigating oscillatory modulations associated with complex
scene perception, not only in the MTL, but in several areas of the PMN. Furthermore,
whereas previous fMRI work had averaged BObDutations over long trials (e.g. 6 s in
Hodgetts et al., 2015), in the current study the trial ended as soon as participants indicated
their perceptual decision and trial analysis was restricted to the first 2 s (permissible with
the temporal precision mvided by MEG). This was done with the aim of reducing
measurements of oscillatory modulations reflectingaffk thoughts and to increase the

proportion of oscillatory modulations reflecting perceptual processes.

First, wholebrain theta and gamma poweluring the first 2 s of the scene and face tasks
were contrasted with the first 2 s of the size task, and each other. It was hypothesized that
there would be theta and gamma modulations in the PMN areas, including thetvak

would be specific to the soe task, and that there would be increased gamma power in

areas of the ventral visual stream specific to the face task.

Second, broadband timequency analysis was carried out on virtual sensor data on six
PMN ROls (left HPC, right HPC, mPFC, PABLIafid right IPL). It was hypothesized that
these would also reflect modulations in theta and gamma power, specific to the scene task.
However, this additional analysis was included mainly to aid understanding of the
frequency band specificity, lateralignd temporal dynamics of effects found in the whole

brain analysis.

Lastly, PAC within the mPFC and HPC ROIlphasdcoherencebetween all PMN ROls,

wereinvestigated It was hypothesized that increased®FC and HFRACand HPC mPFC
phasecoherencewould be specific to the scene task. Additional exploratory analyses
investigated whether scene specifibasecoherencemodulations occurred between the

remaining PMN ROls.

78



Chapter 4: Examingnoscillatory power modulation within PMN areas during complex scene perception, using
MEG.

4.2 Methods

This chapterChapter5 and Chaper 6 descrbe different aspects of tk sameexperiment.

4.2.1 Participants.

The sample size of this study wassbd on themicrostructurebehaviour correlation

resultsoffl 2 R3ISGGa S Ffd® onHnmMpOYI GKAOK NBLRZNILISR |
fornix MO and scene oddity accura¢microstructurebehaviour correlationestsare

relevant toChapter 5. ThereforeusingG*Power(Faul et al., 2009; ket al., 2007}t was

calculated thaB38 participants were needetb achievean 80%chance ofletectinga
Bonferroniadjusted(0.01L7, adjusted for3 condition3 one-sided correlationTo ensure

enough data \ere collected if some collection sessions were unsuccessful or produced

outliers, the number of participants recruited was,4B8is being approximately 10% above

the calculated requirementRelevant to the cuent chapter, this sample size exceeded that

reported in multiple previous MEG studitat produced significant results when

examining MTL oscillatory patterns in healthy participants with NF@&ich et al., 2019)

Forty-threevolunteers(mean age: 2.4 years, S[3.0, range: 8-38years 31female) with

no reported neurological pathologwere recruited After giving informed consenthey
participated in a MEG session, in which they undertook the behavioural task, and a follow
up dMRI session. Due ttata collectiondisruptions data from three participantaiere
incomplete, leavindorty datases (mean age: 2.5 years, S[.0, range: 8-38years 30

female)
4.2.2 Theoddity task.

Participants were asked to perforstene, face and sizeldity tasks. The creation of the
stimuli and further details of the paradigm are describedhiapter 3 Three further

examples of the stimuli are shown in Figud.

There were 96 trials of each condition (288 trials in total), displayed in a pseudo
randomised orderThe 288 trials were split into 4 counterbalanced blocks (72 trials in each

block, 24 of each condition).

4 Note that the correlation between ILF MD and face oddity accuracy was also of interest, but the
NELI2ZNIGSR tSFENAR2YyQa N gl a I KAIKSNI Gt dSo
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Participants indicated their answer using &tbua box placed in their right hand. Each trial

could last up to 8 seconds, but participants could answer at any point during trial display

and their response would end the trig®h NA | £ & 2F (GKS &l YS GeL)S 6SNBE INP
o t 2 Qriald @thin miniblockswere preceded by haseline screen of a white fixation

cross on a black background with a duration that varied between 1 andThége were

also longer fixation screens, of 5 s, between rbioicks.

Figurel0. Examples of the scene, face and size trials.

The triplets of images were presented simultaneously. For trasngke, an asterisk is placed over the eafte-out.

4.2.3 MRI scanning protocol

A 2 4 A x

0 NHZOG eNEt #8NB O2ff SOGSR dzaay3a + { mSYSya t NA
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4.2.4 MEG recording and anaégs
4.2.4.1 MEG acquisition

The MEG recordings were performed using a-@ff&nnel (1 channel was faulty) axial
gradiometer CTF system, located inside a magnetically shielded room. The data were
acquired continuously, with a sampling rate of 1201 Electromagnetic coils were placed
on three fiducial locations, the nasion, and left and right-aueicular regions. During the
MEG recording, these sensors were energised with afnigluency signal, in order to

locate their positions relative to the MEG sensors. The locations of theididpoints for
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each participant, and head shape, were recorded digitally using an Xsensor camera system
(ANT Neuro, Enschede, The Netherlan@isgsedatawere subsequently used to eo
NEIAAGSNI GKS a9D RF G (2eighteddRicad: Therewere LI y i Q&
individual MEG scans for each of the four oddity task blocks, each beginning with head

localization.
4.2.4.2 MEG data prgrocessing

All MEG analyses were carried out using the Fieldtrip todl@mstenveld et al., 20119r
MATLABMATLAB, 2015 he recordings were inspected manually for muscle and system
artefacts before being downsampled (600Hz) and decomposed into 100 components using
ICAG dza A Yy 3 CA S f (IRyiaNden,JI0a9; Gobténveld &t All, A01Apmponents

relating to eyemovement, heart rate, and movement, were removed from the original

data. These data were then cut into trials. These were visually inspected, and aoyeleft
artefacts were manually excluded. Two partigifsaeach had one block removed due to

large head movements, resulting in fewer trials surviving artefact remémagéch

participant, theremaining numbers of trials for each condition, after data cleaning and

cutting for two differently sized epochsan be found inAppendx 1).
4.2.4.3 MEG to MR¢to-registration

Volume conduction models for each participant were computed using segmented
individual Taweighted images (brain, skull and scalp) arsmirealistic mode(Nolte,

2003) The source model was computed usingrarersewarping procedure to create
subject-specific grids thaare equivalent across subjects in normalized spdeer this, a
template MNI brain was divided into arBm resolution grid (provided by
Fieldtrip(Oostenveld et al., 201Bnd each individual anatomical MRI was warped to the
template MRI. The inverse transformation matrix was then used to warp the template grid
into an individual grid for each participant. The source models and head mededsused

to compute the leadfield matrix.
4.2.4.4 Wholebrainfrequency andourceanalysis

This study is primarily concerned with earlier perceptual processes, rather than later
encoding processes (though these likely overlap), so analyses were focusedfiost e
of the trials. Fowhole-brainanalysis, trials were cut to includé spre-stimulusand 2 s

poststimulus onsetOscillatory power in the frequency bands theta3#z), low gamma
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(40-60Hz) and high gamma (@D Hz) were calculated usirgeldNA LIQa FO Y FNBI Iyl f &8 aA 2
0 KB i WYriuii-@per method fast Fourier transform) meth@®ostenveld et al., 2011)

which entails windowing the data and performingrastFourierTransform Source

localizationwas carried out using theinearly Constrained Minimum Varian@e&CMV)

beamforming methodVan Veen et al., 1997)o reduce the magnitude of participant

movement in each beamformer calculation, data were not concathacross the

experimenal blocks.For each frequency band, common filters were calculated using all

task conditions (face, scene, size). The source images were interpolated to a template

source model included with Fieldtrip and anatomically parcellatgdgitheAALatlas

(TzourieMazoyer et al., 2002plso included with Fieldtrip.

All calculations were carried out peial (rather than on averaged trial data), and the
resulting trial source images were collated within conditions across blocks, for each

participant.
4.2.45 Extraction oiVStimeseries, andime-frequency, PAC ardherene analysis

Adaptations of freely available code by Seymour et al. (2017) (available here:
https://github.com/neurofractal/PACmeg/tree/master/frontiers_papewere used to

create VS time series and to perform subsequent PAC analysis.

ROI maskof the left and right HE were made using the AAL ROls: right hippocampus and
parahippocampal regions, and left hippocampus and parahippocampal regions,
respectively. An ROl mask of the mPFC was made using AAL ROls: oatafahédial

orbital, bilateralmiddle fontal, andbilateral superior mediakrbntal regions. ROl masks of

the right and leftPLwere made using AAL ROIs: left and rigtiinferior parietal gyrus,
angular gyrus and supramarginal gyrus AAL ROIs), respectively. Lastly, a PCC ROl mask was
made using theight and left PCC AAL RQWhole-brainfrequency analysis and source
analysis was recomputed as above but over the frequency rafi@®iz. To construct VS
time-series data, a single spatial filter for each ROl was obtained by multiplying the spatial
vertices extracted from an ROI mask by the seteeel covariance matrix, and then
performing PCA and taking the first principal compondiiie sensctevel data was then

multiplied by the spatial filters for each R@Skeymour et al., 2017)

Timefrequency analysis of the VSs was calculated over awmdow of G1.2s with fixed
sliding time window of 0.2 (but the last 0.2 were disregarded to remove edgeefHcts)

in two frequency vk Y R 2 ¢ andmcan¥ol & Yagef niethod fast Convolution)
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method was used. A lower window oflb Hzwas analysed in Hzintervals with 5Hz
frequency smoothing, and a higher window of4GHzwas analysed in BHzintervals with

10 Hzfrequency smoothing. This was because increased smoothing for higher frequencies
(>30Hz) increases sensitivity as the gamma bandwidth is larger than the lower frequency
bands and subject variability in peak frequency is more pronounced in higher frequency
bands(Grosst al., 2013)

For PAC analysis, edgedfarcts are particularly problematig<ramer et al., 2008pbut a

long time window is necessary for reliable calculati@®symour et al., 2017Therefore,
trials were cut to includel s prestimulus and 2.3 poststimulus onset. PAC was then
calcuhted using times @2 s, to reduce spurious PAC from edge artefacts. The low and high
frequency windows spannedl0 Hzand 2490 Hz, respectively. The phase of the lower
window, and the amplitude of the higher window, were extracted using a fourth order,
two-pass Butterworth filter before applying the Hilbert transform. As in Seymour et al.
(2017), a variable bandwidth, of 0.4 x centre frequency, was used for filtering to improve
the ability to detect PAC. Coupling between the phases and amplitudes wakatsdc

using the phaséocking value modulation indgfCohen, 2008)In this, the Hilbert

transform is used to construct envelopes of the signals in the hifjaguency band and
then the relationships between the phases of these envelopes, and the phases of the

signals in the lower frequency band, are expressed with pladéng values.

Phasecoherenceanalysis was carried out between each VS over a-tiindow of 01.8s,

dzZaAy 3 CA St RGN LIQa (Ossierivaideay, A Diffel fil@duéndy@nalysisl £ & & A &
wascarried out at 8Hzwith 4 Hzsmoothing. The imaginary aspect was analysed, removing

0 phaselag, therebysuppressg spurious coherenceesultingfrom electromagnetic field

spread(Nolte et al., 2004)

4.2.5 Variabletrial lengths

Trials ended as soon as participants had responded with the button box, which meant that
the trial lengths varied. It also resulted in different average trial length between the
conditions §ee Results section 4.3Fdr RT$. This study is primarily coamed with earlier
perceptual processes, rather than later encoding processes (though these likely overlap)
but trials needed to be long enough so that lower frequencies could be reliably measured.
Therefore, the first 2 were explored. However, some {8avere shorter than 8, so they

were not included in the wholbrain power analysis and VS tifrequency analysis. This

length inclusion criterion, in combination with data cleaning duringgmecessing,
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resulted in different trial numbers within cortebns. Although a common solution to this
problem is to randomly remove trials to equalise trial numbers across condii@nss et

al., 2013) this is wasteful, and large trial numbers are required to localise signals to deep
brain structureqQuraan et al., 2011Moreover, unequal trial numbers akess of an issue
when measuring mean amplitudes, as done in wHmigin source analysis here, than when

measuring peak amplitud¢ghomas et al., 2004)

Nonetheless, trial numbers affeBNRand comparing one condition with higher SNR to
another with lower SNR would bias the results. There wereistamgly fewer size
condition trials than scene or face condition trials. For example, trials cut at 2s post
stimulus onset, resulted in 82 scene trials, 82 face trials &wsiz# trials, on average.
Appendiceda and 1kshow the trial numbers for each gécipant. To combat this bias in
the wholebrain source analysis and VS tifnequency analysis, variance information was

included in the statistical tests (séelow, section 4.2)6
4.2.6 Statisticabnalysis

Statistical comparisons of whel@ain source images of the three conditions, face, scene
and size, were carried out in two stages, to account for unequal trial numbers between
conditions. First the conditions were compared at the individual level with Riél N& LJQ &
WTF G P a2 dzNIgDBsteivield 6t al. (12010 QA v 3 a ltest[with.usedual tiariance
(MATLAB, 2015Y his resulted in-inaps for each condition comparison (scene vs size, face
Vs size, scene vs face) for each individdtlitional tmaps were created by sighpping

each tmap and the conditions were then compared with their siljpped counterparts, at
the group level, using a dependeséamples ttest with Monte Carlo sampling and 5000
permutations.Locations of sigrifant clusters were interpreted using an AAL atlas overlay.
Statistical comparisons of VS tifieNB I dzSy 0& RI Gl ¢SNB O NNA SR 2 dzi
ft_fregstatistics (and involved the same tvetage statistical analysis described above, to

account for unequairial numbers across conditions), with equivalent parameters

The alpha threshokin these analysesere Bonferronicorrected in accordance with the
number of tests included in a section (with one hypothesis per section). The alpha
threshold applied intte wholebrain power comparisons was 0.017 (0.05ddditiong.

The alpha threshold applied in the VS tinequency power comparisons was 0.008 (0.05 /
6 tests per section3 conditions with frequency range split into 2 partSor both, the
clusteralX I G KNBaKz2f R ¢ [Warreottdin aipha®ptiGrindd aRplieddo LIQ &

further correct for twosided tests.
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Unequal variance, caused by unequal trial numbers, could not be overmR&C and
coherence analyses as the Fieldtrip functions do not permit siniglleanalysis. Moreover,

the trials were cut longer (2.2 s) for PAC, resulting in fewer trials perteam@see

Appendk 1B). Therefore, rather than delete trials and reduce SNR, these analyses were
carriedout with unequal trial numbers and were classed as exploratory in nature, with the
understanding that the method may create false positives fafgk negatives. Alpha

threshold was not as strict, and no Bonferraairrectiors were applied. Statistical

comparisons of PMN ROI PAC results were carried out using the methods of Seymour et al.
OHNAMTOZ dziAf AT Ay 3 (itehieR ét N A0KEAd aBlépand@eNtS j & G F G A a G
samples #test with Monte Carlo sampling and 5000 permutations. The alpha, and cluster
alpha, thresholds were both 0.05. For statistical comparisons in the coherence analysis,
phasecoherence statistics from each condition were contrasted through subtraction, for
each individual. Then, a grodgvelone-tailed t-test was carried out on each comparison,
comparing to 0 (no difference) and the alpha threshold was kept at the traditional alpha
threshold of 0.05.
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4.3 Results

4.3.1 Odditybehaviouradata

Descriptive statistics of the oddity behavioural task results are showalite 3. No outliers

(values largethan threeSDsSrom the mean) were identified. Thesasno evidence that

mean accuracies differed across conditiofss RMANOV Ao test for differences between

accuracy scores for the three conditions gave a-significant result (ffsge2.13= 0.A.0, p =

0.868)°, and the equivalent Bayesian ANOVA test indicated evidence in favour of the null

(BRo=0.09), suggesting that task difficulties were well matched. HoweR@igdid
significantly differ between conditionsfs= 250.2, p<0.00 BRo=3x1G?). Post hoc

analysis with Bonferroni correction identified that scene RT was significantly larger than

face RT (p >0.001) which in turn was significantly larger thamR3ie >0.001). This may

have implications for subsequent analysis and interpretation of the resultdJiseeaission
section4.4).

Scene Face Size Scene RT Face RT Size RT

Accuracy  Accuracy  Accuracy (s) (s) (s)

(%) (%) (%)

Mean 60.52 60.68 61.30 5.14 4.16 3.14
SD 7.18 8.841 13.00 0.51 0.78 0.70
Minimum 38.54 39.58 29.17 3.95 2.56 2.14
Maximum 70.83 80.21 89.58 6.00 5.48 4.96

Table3. Descriptive statistics of oddity task performance results

RT: Reaction Time. SD: Standard Deviation.
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4.3.2 Dissociabilitpf complex scene and face processing networks through

oscillatory power change

Wholebraintheta and gamma power differencessnene, face and siz@nditions were
assessed first.I@ster-basedpermutation tests revealed differences in oscillatory power

within the selected & time window between the task conditions.
4.3.2.1 Differences in theta {8 H2 power between scene and face conditions.

It had been hypothesized that theta power modulation in the MTL and other PMN areas
would occur during the scene condition, and not the face condition, when compared with
the size condition. The clustéased permutation test, comparing the scene conditigth

the size condition revealed two significant clusters of theta reduction (both clustatyes
=0.00@®; 0.0008). These encompassed areas of left medial and inferior temporal lobe

(including the hippocampus), and the medial occipital co(fégurell).

Scene>size Let Right

JEL:y

-4

Pty

-6

Size>scene

Figurell Theta powerdifference between scene and size trials.

Reduced theta power was localized to the left medial and inferior temporal lobes, and the medial occipital cortex.
represent tvalues, and the scale is shown on the-kifte bar. L = left. R = right.

The clustetbased permutation test comparing the face condition with the size condition
revealedtwo significant clusters. A positive cluster (clustergtue =0.0002) encompassed
areas of thdOC A negative cluster (clusteralue = 0.0016) encompassed areas of the

left lateral and inferior frontal cortices (Figuie).
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Face>size
Left Right

6

Size>face

Figurel2. Theta powerdifference between face and size trials.

Increased theta power was localized to tinéerior medial occipital corteXDecreased theta power was localizedeft
lateral and inferior frontal cortices

Colours representvalues, and the scale is shown thie left-side bar. L = left. R = right.

The clustethased permutation test comparing the scene condition with the face condition
revealeda significant negative cluster (clustewplue = 0.0002)This encompassed areas of
occipital cortex that also showed decreased and increased theta power in the previous
scene and face versus size contrasts, respectively. Additionally the cluster included the right

MTL areas including the hippocampus (FiglBe

Scene>face ,
Left Right

-6
-8

Face>scene

Figurel3. Theta power difference between scene and face trials.

Decreased theta power was localized to occipital, midline and right medial temporal structures, including the
hippocampus.

Colours represent-values, and the scale is shown on the-kfte bar. L = left. R = right.
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4.3.2.2 Differences in low gamma (0 H2 power between scene and face conditions

The clustetbased permutation test comparing the scene condition to the size condition

revealed a significantegativecluster (cluster pralues £0.0068), encompassing areas of

the medial occipital cortefigurels).

Scene>size )
] Left Right

EE
BRA

6
1ze>scene

Figurel4. Low gamma power difference between scene and size trials.

Decreased gamma power was localised medial occipital cortex.
Colours represent-values, and the scale is shown on the-fte bar. L = left. R = right.

The clustetbased permutatio test comparing the face condition with the size condition
revealed a positive cluster (clustetvplue = 0.0078) encompassing right posterior inferior

temporal cortex, including thEG(Figurel5).

Face>size
Left Right

B & 8

i i i
v = w

Size>face

Figurel5. Low gamma power difference between face and size trials.

Increased low gamma power was localised to the right inferior temporal cortex, including the fusiform gyrus.
Colours represent-values, and the scale is shown on the-fte bar. L = left. R = right.
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The clustethased permutation test comparing the scene condition with the face condition
revealed one positive cluster (clustewvplue = 0.0040) andne negative cluster (cluster p
value = 0.0046), The positive cluster encompassed the left inferior parietal cortex and the

negative cluster encompassed areas of the rig@€and inferior posterior temporal cortex,

including theFG(Figurel6).
Scene>face Left Right
6
4 pl’ (%
o
-2 X
4
Face>scene

Figurel6. Low gamma power difference between scene and face trials.

Increased low gamma power was localised to the left parietal cortex. Decreased gamma power was localised to the
posterior inferior temporal cortex.

Colours represnt t-values, and the scale is shown on the-fte bar. L = left. R = right.
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4.3.2.3 Differences in high gamma (80 H2 power between scene and face conditions

The clustetbased permutation test comparing the scene condition with the size condition
revealed one positive cluster (clustewvplue = 0.0004) encompassing areas of the hiddte
medial occipital lobes and extending: superiorly and anteriorly to include areas t®lthe

and medially and anteriorly to include the right precuneus (Fidije

Scene>size
P Left Right

16

14

-6

-8
Size>scene

Figurel?7. High gamma powedifference between scene and size trials.
Increased high gamma power was localized to bilateral medial occipital lobes, inferior parietal lobule and the righ

precuneus.
Colours representvalues, and the scale is shown on the-gfte bar. L = left. Rright.
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The clustethased permutation tetscomparing the face condition with the size condition
revealed two positive clusters (clustetwvplues = 0.0004; 0.004) both encompassdg

and one also extending anteriorly to include the rigi@&(Figurel8).

Face>size .
Left Right
16

-6

Size>face

Figurel8. High gamma power difference between face and size trials.

Increased high gamma power was localized to right inferior occipital and right inferior temporal lobes.
Colours represent-values, and the scale is shown on the-gfte bar. L = left. R = right.

The clustethased permutation test comparing the scene condition with the face condition
revealed one positive cluster (clustewplue = 0.0006) encompassing bilateral areahef

superior parietal cortex, inferior parietal lobule and precuneus (Fig8ye 1

S >f )
EELSgace Left Right

16

-6

ace>scene

Figurel9. High gamma power difference between scene and face trials.

Increased high gamma power was localized to bilateral superior parietal cortex, inferior parietal lobule and precui
Colours represent-tvalues, and the scale shown on the lefside bar. L = left. R = right
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4.3.3 Timefrequency analysis of regions of the PMN.
4.3.3.1 Right HPC virtual sensor tiftlequency analysis.

Timefrequency analysis of theght HPC VS, in the lower frequencieslBlHz), revealed a
significant decrease in power in tlseene condition compared with tteze condition,
starting at approximately 1.6 s post stimwosset (cluster pralue = 0.0008). Equivalent
tests in thehigher flequencieg15-90Hz) revealed a significant increase in power in the
scene condition compared with tr@ze condition, starting at approximately 0.5 s post
stimulusonset (cluster pralue = 0.0072). No significant clusters were revealed in the low
or highright HPC VS tim&equency data in the comparison of the face and sizeditions,

or between the scene and face conditions (Figz0B).
4.3.3.2 Left HP@irtual sensor timérequency analysis

Timefrequency analysis of theft HPC VS, in the lower frequenciessealed significant
decreases in poweén the scene conditiortompared with thesize condition, starting at
approximately 1.3 s post stimuhanset, and appearing as two clusters on the spectrogram
(cluster pvalues = 0.0002; 0.0004). There were sigaift increases and decreases in
power in theface condition compared with thgize condition, starting within 0.2 s of
stimulus onset (clustergalue = 0.0026), and at approximately 1.4 s post stimohset
(cluster pvalue = 0.0028), respectiveMo sgnificant clusters were revealed in thaw left
HPC VS timfrequency data in the comparison of the scene and face conditions.-Time
frequency analysis of theft HPC in the higher frequencies revealed no significant

differences between any of the conditis (Figur00).
4.3.3.3 RightlPLvirtual sensor timdérequency analysis.

Timefrequency analysis of the righPLVS in the lower frequencies revealed a significant
increase in high theta/alpha in the sceoendition compared with thsizecondition,
starting d approximately 0.3 post stimulusonset(cluster pvalue = 0.002). There was
alsoa decrease in delta powetarting at approximatelit.6s post stimulusonset(cluster
p-value = 0.08). There was an increase in theta/alpha in the scemedition compared to
the face condition starting at approximately 0.2 s post stimuwwsset(cluster pvalue =

0.00@). There were no significant differences between the face and size conditions.

Equivalent tests in thhigher frequenciesrevealed aignificant increase in high beta

power in the sceneondition compared with thaize condition, appearing as two clusters
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starting within 0.2 s of stimulus onset (clustevglues = 0.0016; 0.0020). An equivalent
increase in high beta power was also s@ethe scenecondition compared to théace
condition, starting at approximately 0.5 s post stimutusset (cluster pzalue = 0.0002).

There were no significant differences between the face and size conditions (B@ft)re

4.3.3.4 LeftIPLvirtual sensor timdérequency analysis.

Timefrequency analysis of the |efPLVS, in the lower frequencies revealed a significant
increase in high alpha power in the scarmdition compared with theize condition,

starting at less than 0.2 s post stimulosset (cluster pralue = 0.0002). There was also a
significant decrease in theta/delta starting at approximatelyslgst stimulusnset

(cluster pvalue = 0.0038). There was a significant increase in high alpha power in the face
condition compared with thaize conditionstarting at approximately 0.7 s post stimwus
onset (cluster pralue = 0.0002). There was a significant increase in theta/alpha power in
the scenecondition compared with théace condition, starting at approximately Gsost

stimulusonset (cluster alpa = 0.0022).

Equivalent tests in thhigher frequenciesevealed broad increases in low gamma/beta
power in the sceneondition compared to thaize condition, appearing as two clusters
starting at less than 0.2 s post stimuloisset (cluster pralues = M002; 0.0036). There
were similar increases in low gamma/beta power in the famadition compared with the
size condition, appearing as two clusters, but these had a later onset, starting at
approximately 0.4 s post stimuhmset (cluster pralues = 0.014; 0.002). There was a
significant increase in low gamma/beta power in the scemeditions compared with the
face condition, starting at approximately 0.2 s post stimwdnset (cluster pralue =
0.0068;Figure20F).

4.3.3.5 mPFQirtual sensor timdérequency aalysis

Timefrequency analysis of the mPFC VS, in the lower frequemeiesaled no significant

differences between any of the conditions.

Equivalent tests in the high frequenciesrevealed a significant decrease in gamma power
in the scenecondition compared with theize condition, starting at approximately 0.8 s
post stimulusonset (cluster pralue = 0.0024). There was a significant decrease in gamma
power in the faceconditions compared with theize condition, starting at around 0.2 sgb

stimulusonset (cluster pralue = 0.0074). No significant clusters were revealed in the
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comparison between high mPFC VS timeguency data in the face and the scene
conditions(Figure20H).

4.3.3.6 PCQirtual sensor timérequency analysis.

Timefrequency amlysis of the PCC VS in the lower frequencies revealed a significant
increase in alpha power in the sceogndition compared with thaize condition, starting
at approximately 0.6 s post stimukasiset (cluster pralue = 0.0078)There was a
significant itrease in alpha power in the facenditions compared with theize condition,
appearing as three clusters, starting at approximatelysOpbst stimulusonset (cluster p
values = 0.0002, 0.0002, 0.0018here was a significant decrease in alpha/theta poim
the scene condition compared with tHace condition, starting at approximately Gs4ost

stimulusonset (cluster pvalue = 0.0002).

Equivalent tests in the high frequenciesevealed a significant decrease in beta power in
the face condition comared with thesize condition, at approximately 0.4 s post stimulus
onset (cluster pvalue = 0.0068). There were no significant differences between the scene

and size conditions, or between the scene and face conditions (F2§dye
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Figure20. Comparison of VS tim&equency data between conditions.

ROImasks of the HPC (A), IPL (D), mPFC (G), PCC (1), illustrated over template brains are shown to the left-retiieeticieresults of each corresponding VS. Hiraguency
spectrograms of the right HPC (B), left HPC (C), right IPL (E), left IPIEE{Hn&nd PCC (J) virtual sensors are shown for three contrasts: scene versus size; face versus size and scene vers

face.The black dotted lines outline clusters significant at an alpha threshold of 0.008. Colours represielesst and the scale is@hin on the bar to the right of each spectrogram.
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4.3.4 PhaseAmplitude Coupling Within Regions of the PMN

Contrary to the hypothesis, comparison between PAC values in the scene and size conditions
revealed reduced mPFC deftamma coufing in the sceneondition compared with thaize

condition (cluster pvalue = 0.0280)Therewere no other significant differences in the other

comparisongFigure2l).

An exploratory search of PAC in the HPC VSs revealed no significant differences in the right or left

HPC PAC between any of the conditions @&eeendix 4L

| Scene > Sizel | Face > Size | | Scene > Facq
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Figure21. mPFC PAC in scene and face trials.

The scene and size conditions comparison revealed decreasedgdeitaa PAC. This was also indicated in the scene and face conditic

comparison, but it was not significant.
The colours representvalues. The colour scale biarshown to the right of edcimage. The black dashed line outlines a cluster significe

an alpha threshold of 0.05.
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4.3.5 Phasecoherence between regions of tiMN

Contrary to the hypothesis, analysis of thetiphaphasecoherencg4-12Hz) revealed no

differences in right or left HR@PFC coherence, between any of the conditions(j2489). An
exploratory searclfalpha threshold set at uncorrected 0.06) coherence between all VSs,

compared between the conditions, indicated iaased coherence between the right HPC and left

IPL in the scene and size conditions comparison (p = 0.0331). In the scene and face conditions
comparison, there was increased coherence between the left HPC and the left IPL (p = 0.0494), and
decreased coherce between the left IPL and the PCC (p = 0.0110) There were no significant

differences in coherence in the face and size conditions comparison (2@ure

333 33 3 333 55 3 T 3333 3

6 s - »r- 0 T Q0 5 g 83 R 5 F o
mPFC . . .
HPCR ' 1 ‘
HPCL ) - -
IPLR U ° °
IPLL :
PCC ) )

Scene > Size Face > Size Scene > Facd

Figure22. Differences in thetealphaphasecoherencebetween conditions.

The scene and siz®nditions comparison revealed increased coherence between the right HPC and left IPL. The scene and fa
conditions comparison showed increased coherence between the left HPC and left IPL and reduced coherence between the r
and the PCC.

The colous represent values. The colour scale bar for each image is shown tddheof each image. The black dashed line outlin
significance at an alpha threshold of 0.05.

HPCRright Hippocampal CompleXPCL: lefippocampal ComplexPLR: righinferior Parietal LobulelPLL: leftnferior Parietal
Lobule mPFC: medial Prefrontal Cortex. PCC: Posterior Cingulate Cortex.
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4.4 Discussion

This project aimed to investigate the role of the PMN in complex scene processing, and contrast this
with complex face processing, using the oddity task and MEG recording. The results build upon
previous fMRI workBarenseet al., 2010; Hodgetts et al., 2015; Hodgetts et al., 2@y Aevealing
oscillatory modulations associated with complex scene perception, not only in the MTL, but in
several areas of the PMN. Whdbeain theta (48 Hz) power analyses revealed power ratations in
MTL and other posteromedial areas that were specific to complex scene perceptual processing.
Whole-brain gamma power analyses revealed power modulations in low gamm@0(@) in the

right IOCand FGareas that were specific to complex fac@gessing, and high gamma (B0Hz) in

the inferior parietal cortex and precuneus that were specific to complex scene processing. Time
frequency analysis of théSdata revealed further temporal and frequency detail of the
engagements of PMN ROIs during stene condition. Although the decreased low frequency power
during the scene condition compared with the face condition was not significant, it indicated that
the scene specific decrease in right HPC theta power, found in the sehaile analysis, waslang
lasting effect throughout the 2 s timgeriod. The right IPL and PCC regmliseshowed power
modulationsduring the scene conditigwompared with the face and size oddity conditiphat

these lasted shorter durationg&xploratory PAC and phaseherence analysis results differed from
the hypotheses, as the mPFC VS data showed reduced PAC during the scene pasisand
coherencebetween the hippocampus and mPFC VSs did not differ between any conditions.
Together, the results suggest that areas witthe PMN network engaged during complex scene

processing, and not during face or size processing.

4.4.1 Results ofvhole-braintheta and gamma power analyga®vide some suppofor a

dissociation betweethe networks.

In accordance with the hypotheses, there were brain areas displaying dissociable oscillatory power

modulations inrPMNareasduring the scene condition, and AlNareas during the face condition.

Whole-braintheta power comparison between the scene arzkestonditions revealed significant
differences in the oscillatory power in areas including the medial occipital cortex and left MTL. The
comparison between the face and size conditions did not reveal any power differences in MTL
regions, but instead showddcreased theta power in an area including tl8Cand decreased theta

in an area including left lateral and inferior frontal cortex. Since the size control task is thought not
to incite the creation of an internakpresentation the results reveal braiareas that are involved in

creatingrepresentationgo aid complexperception(Barense et al., 2010Further comparison
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between scene and face conditions, revealed reduced theta power in the right MTL. Together, the
results suggest that power reduction in the MTL was specific to complex scene processing which
aligns with the results of previous MEG studies, which identieldiced hippocampal theta power
during novel scene image(Barry et al., 209; Monk et al., 2020)A commonality between this

novel scene imagery task and the scene oddity task, isatpgirement to construct vievinvariant
internal representationof scenes, so the current finding of a reduction in MTL theta may reflect

hippocampal processes that support internal scene representations.

Whole-braingamma power comparison between the seeand size condition revealed decreased

low gamma power and increased high gamma power in the medial occipital cortex. This could relate
to the engagement of th©PAa member of the scene netwollasr et al., 2013)ndeed, the OPA
hasbeen implicated in several functions including local scene elements (items within a scene)
processindKamps et al., 2016and inhibition of the OPA lyanscraniamagneticstimulation has

been shown to selectively disrupt scene discriminatiahleave face discrimination intafilks et

al., 2013) The decrease in power in low gamma and the increase in power in high gamma could
reflect a shift in gamma frequency power in this area, thig is challenging to interpret as the

primary visual cortex was anticipated to be engaged during the size task. Indeed, visual evoked
gamma measured from occipital lobes, has been shown to occur during a simple circle size
discrimination tasKkGhorashi & Spencer, 2013)herefore, for example, this apparent shift in

frequency power could arise if the size condition induced a weaker, broadband effect, and the scene
condition induced a larger increase in a narrower higher frequency range. However, these significant
differences in medial occipital gamma power between scenesiralconditions were not present in

the comparison between scene and face condigiamplying thatthis power modulation may not

reflect scenespecific processes$urther research, combining MEG and fMRI, for more accurate
spatial localization, may alloeonfirmation, and/or further understanding, of the role of OPA

gamma power increase in scene oddity task completion.

Increased low and high gamma power in the left parietal cortex was also seen in the scene condition
compared with the face condition. Was hypothesized that the IPL would be engaged in complex

scene processing because of its role in the PMN. The IPL has been identified as a member of the
WFEYyGSNRA2NI a0SyS ySiGaeg2N]l QX || 02ttt SOilAz2zy 2F a0SyS
areasof the DMN and the hippocampBaldassano et al., 2016}ontradictory to the current

results, the anterior scene network, in particular the IPL, is associated with mnemonic rather than
perceptual functions, because it seems unresponsivedodard scene localizers in fMRI studies

using unfamiliar scenes or sequences of unrelated sc@esgassano et al., 2016)jowever, it is

thought to act as a crossiodal hub(Seghier, 2013)ntegrating visual information with internal

memory information, allowing recognition of an image of a scene and relating tpl#ice it depicts
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(Baldassano et al., 2016; Montaldi et al., 2008)the case of the oddity task, it may be that this area
integrates incoming visual information, from visual sampling of the triplet imaggsthe internal

scene model concurrently being constructed elsewhere in the PMN, such as in the hippocampus.

For the face condition, there was a significant increase in low and high gamma power in the right
inferior occipital and temporal lobes, incling) theFG compared with the size task. The low gamma
change was also significantly different from the scene condition, indicating that this process is
specific to complex face processing. The brain areas included in the cluster cont@iRAbrd the

FFA, two areas of the core face processing netwgiliaxby et al., 2000These results align with

those of atranscranial nagnetic stimulatiorstudy, which showed that inhibition of the rigltFA
impaired face discrimination but left scene discrimination unimpa(i2itks et al., 2013and a MEG
study which showed low and high gamma power increases in both thel@gland the rightFGin
response ¢ images of faces as opposed to hou@dsno et al., 2017)Modulations in gmma power

in these areas has been shown to be sensitive to gestalt face processing, displaying increased activity
to whole faces over facial features not presented on a {&#o et al., 2013and over scrambled

face imagegPerry & Singh, 2014)herefore, gamma oscillations in the I0C andr&® aid

completion of the face oddity task since it was proposed that it requires aggregate praresin

faces to complete.

In general, the whokdrain power analyses support the Phew by showing MTL involvement in
scene perceptual processing, and reveaidNandAINbrain areas which were differently
modulated during scene or face perceptual processing. Inwittethe hypotheses regarding the
PMN, activity in the MTL, parietal and medial occipital areas was modulated during scene
perception.In linewith the hypotheses regarding thAIN, activity in areas along the ventral visual

stream,including theFG was modulated during the face task.

4.4.2 Timefrequency analysis of PMitual sensorglaboratel on the temporal and

frequency properties of the responses

4.4.2.1 Results fm theRight and Left HPC suggest a mixture of short aneldstigg oscillatory

modulations in response to scenes

The right and left HPC VSs displayed decreased theta/delta power near the end of the time window
in the comparison between scene and sipaditions. Although this could be interpreted as a

bilateral lateappearing frequencgpecific effect, the comparison between the right HPC VS data in
the scene and face conditions indicated a ldasting decrease in power covering delta and theta
rangesstarting at the beginning of the time window. This trend was apparent, but thalge of the

cluster did not survive multipleomparison correctionNonetheless, this pattern would explain the
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decreased right MTL theta power between scene and face conditiesulting from thevhole-brain
analysis. The results do not support a specific theta effect in the MTL for scenes, but rather a general
power decrease in the lower frequencies. This has been postulated to mirror engagement of a brain
area in encodingrad retrieval taskgHansImayr et al., 2016and may reflect a shift in power to

higher frequencies, which is agsated with increased BOLDonner et al., 2011)

In this way, the results of the right HPC VS do not adhere to predictions made from the results of
Hodgetts et al. (2015) but might reflect the results of Barense €2@l0) The latter used a similar

oddity task, comparing BOLD signals in the PrC and the hippocampus in response to scene, face and
object oddity tasks. Some of these contained images with differing angles (like the stimuli used here;
to incite the creation of eew-invariant internal models) and some contained images with fixed

angles. They found voxels in the right hippocampus which showed increased BOLD when comparing
scene viewpoint effects (an increase in BOLD when compsegtgeoddity trials comprising inges

with differing image angles over oddity trials comprising images shown at fixed angles) with face and
object viewpoint effects. However, considering the results of Barense et al. (20I8)jderinghat
decreases in low frequency power have been shéavaccompany increases in power in higher
frequencieqScheeringa et al., 201,19nd considering that an increase in BOLD signal can reflect a
shift in power from lower to higher frequencies, an increase in HPC gamma power may have been
expected in the current result¥hiswasnot the case. Interestingly, Barry et al. (2019), who

identified a ME@neasured decrease in hippocampal theta in response to novel scene imagery, also
reported no equivalenpower change irhigher frequencies. It may be the case that increased power

in higher frequencies did occur but were undetected, because accurate localization of higher
frequency signals from deep sources with MEG is more challenging than localization of lower
frequency signals, because of decreased SNR due to seemser distance ahmuscle artefacts
(Muthukumaraswamy, 2013)nvasive recording of MTL oscillatory signals during scene oddity

performance may help addredsis uncertainty.

There was, however, a transient increase in power in the rang@024r in the right HPC VS data,
during the scene condition compared with the size condition, which may motivate further research.
This range has been described as beta@ modulation of beta2 was associated with novel scene
perception in an invasive recording study in r@@erke et al., 2008During early stages of novel
environment exploration, local field potential recordings revealed pulses of increased bet30 (23
Hz) which decreased during subsequent laps of the environment and during a revisitsntiee
environment the follovingday. The authors suggested that hippocampal activity within the beta
range may reflect, or facilitate, a plastic state aiding the construction of contextual representations.
However, further research is needed to understdhd role of modulations of right HPC beta2

during the scene oddity task, as this effect was not found in the comparison between right HPC VS
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data in the scene and face conditions, indicating that it may not be specific to complex scene

processing.

Resultdrom the left HPC VS do not support its unique involvement in scene processing. Similar to
the right HPC, there was a decrease in delta power near the end of theatinow in the scene

and size condition comparison. However, a similar delta power deereas also revealed in the

face and size comparison, and there were no significant differences revealed in the scene and face
conditions comparison. These results match the wHuwigin theta power analysis, which also did

not reveal any power differencdsetween scene and face conditions in left MTL areas.

Considering the wholerain and VS timérequency analysis together, the results may indicate
bilateral MTL involvement in complex scene processing, but that only the right HPC is selectively
engaged dting scene, as opposed to face, processing. Although this is in disagreement with
Hodgetts et al. (2017), who found increased bilateral hippocampal BOLD during scene oddity trials
over face or object oddity trials, asymmetrical hippocampal involvemergatia processing has

been previously demonstratedee et al., 2016)In a study that compared hippocampal BOLD during
two stages of a vinal reality task, one requiring objeplace association retrieval artde other

requiring spatial navigation, it was shown that tleét hippocampus wasiore engaged inetrieval

2T 20 2 S Osiwhiethe righ hippdicainNlsvas more engaged iretrieval ofspatial memory

(Lee et al., 2016Yogether with the current results, this may suggest that the bilateral hippocampi
are involved in conjunctive processes but that the right hippocampus is specific to spatial processing.
As left and right HPC oscillatory power modulations were not direottypared in the current

project, afuture study would be necessary to elaborate on lateralized MTL processing in complex

scene perception.
4.4.2.2 Results from the mPFC may reflect its role in the.DMN

Previous studies have demonstrated increased mPFC thetarghwieg spatial memory retrieval
(Kaplan et b, 2014) thetagamma PAC during working memdky et al., 2012)and hippocampal
mPFQommunication during spatial processing in dynamic mental exploration of previleasht
sceneqKaplan et al.2017) Therefore, it was hypothesized that the same phenomena would be

more prevalent during the scene condition than during the face or size conditions. However,
increased theta power was not revealed in either thleole-brainanalysis or the VS datRather,

the mPFC results may reflect DMN processes, asftieggiency analysis of the VS data revealed
decreased gamma power in both the scene and face conditions compared with the size condition. A
decrease in dorsahPFC gamma, has been reported to odauesponse to task difficultfOssandon

et al., 2011) Although the oddity task was designed to result in equal accuracy scores across

conditions (se&€hapter 3 and the accuracy scores were equal across conditions in this experiment,
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the RT differed across conditis such that scene RT > face RT > size RT (a pattern that was also
consistent in task pilotingseeChapter 3. Longer RTs may imply that a task differs in cognitive
demand inasmuch as the necessary processes took longer. Moreover, the size conditiontdoes
necessitate the creation of an internal representation, making it an appropriate control task, but this

may also reduce cognitive demand.

If the mPFC oscillatory modulations recorded in the present study do indicate functioning akin to the
DMN, it inplies thatHPCand DMN areas display differing engagements during the scene oddity task,
despite these areas featuring in both the PMN and the DMN. Relatddijgerset al. (2011)

assessed whether DMN areas worked cohesively with the hippocampus during encoding and
NEBOGNRSOIFE AF 020K 6SNB WAYGSNYyIf{tQ 6SyO2RAY3 | YR
encoding trials asked participants to imagine arsbor image when presented with a word and to

remember this association. They found evidence of differing BOLD modulations within the two

phases: the PCC, mPFC and ventral parietal cortex displayed reduced BOLD during encoding, and
increased BOLD duringtrieval, whereas the hippocampus displayed increased BOLD during both
encoding and retrievalt may be that functional coupling between HPC and mPFC areas occurs

during spatiotemporal processing in some circumstances but not others.

The reduction in mPRGeta-gamma PAC resulting from the scene and size conditions comparison
may be related to the decreased gamma power in the equivalent comparison in the mPFC VS, and
further supports the suggestion that the mPFC disengaged during scene trials. On thhasttier

while increased PAC is often reported as functionally benefiCatolty & Knight, 2010 has been
suggested that it yields an inflexibility in cortical processing, and PAC has also been found to diminish
in memoryrelatedbrain areas during encoding and retrie(dhz et al., 2017Due to this

uncertainty, and because this analysis was exploratory, further research is necessary to understand

modulations in mPFC PAC during complex scene processing.

The difference betweethe current results and previous work relating mPFC processes to spatial
processing may also have come about because of the specific requirements of the scene oddity task.
The hypotheses of mPFC scene specific modulations were based upon previous workngxa

memory functiongKaplan et al., 2017; Kaplan et al., 2Qid)ereas the oddity task has been shown

to incite nonmnemonic processedee et al., 2013 ogether, these results imply that scene

selective engagement of the mPFC, PAC within the mPFC, and hippocaRtfalcommunication,

may be restrictedo PMN processemvolved in memory, and that the processing of tiaique

novel stimuli, used in the oddity task, may incite different network dynamics. Future work could
attempt to clarify the role of the mPFC in the PMN by using an adapted oddity task with differing
levels of mnemonic demand. For example, by comparing PMN activity diniimg scene oddity

task completion(trials comprig simultaneously displayed images and requnimmediate
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responseas done heregwith PMN activityduringoddity task completion Wwere images are
displayed sequentially witdelaysin which the internal representation must be h€lh example of
the latter wasused byPostans et a(2014).

4.4.2.3 Results from theight and Left IPL suggest a unique role of the inferior parietal areas in

sene processing

The rightlPLVS demonstrated a broadband increase in power spreading across alpha to gamma
bands, commencing early in the time window, which was specific to the scene condition. TRé& left
VS, however, did not display specificity for #aene task over the face task: increased broadband
power modulation was also present in the face condition compared to the size condition. These
results were contrary to thevhole-braingamma analyses which showed increased low gamma
power in the left inérior parietal cortex and increased high gamma power in bilateral inferior
parietal areas in the scermverface conditions comparison. The whdieain analyses involved
averaging activity over time, so the conflicting results may arise through differéamtemporal

dynamics in left and right inferior parietal processes.

The parietal cortex is known to be important for spatial cognition, as lesions can cause spatial
neglect(Karnath & Rorden, 2012nental rotation deficit§Bestmann et al., 2002nd spatial

working memory deficit§Mackey et al., 2016 he results of an experiment showing that areas of
the posterior parietal cortex (containing thEL respond differently to changes in perspective of
familiar and unfamiliascene images, may provide insight into the role of the parietal cortex in the
scene oddity task.ah Asschet al. (2016) showed participants sequential images portraying the
same scene at different angles, either in a sequential order or a scrambled todest the role of

the posterior parietal cortex in integration of information to create coherent spatial representations.
Using fMRI, they found that the rostriitLdiffered from other parietal areas examined, as it showed
increased BOLD for unfamiliscenes versus familiar scenes, when the angle images were presented
in a coherent order. The results suggested that this area played a role in spatiotemporally mapping
different viewpoints into a coherent internal scene representatjean Assche et al., 2016)

Similarly, it is postulated that the contribution of the posterior parietal cortex to visual perception is
to support working memory, allowing the integration of information over saccédilla, 2017)in
particular, the rightPLmay be important in spatiotemporal mapping, as unilateral damage ban
produce bilateral deficits in spatial attentigMalhotra et al., 2009&nd spatial working memory
(Malhotra et al., 2005)

The increase in broa@mnd power in the IPL VSs warrants further investigation. It reggcta
phaselocked eventrelated field, rather than an induced response spanning multiple frequency

ranges. A follow up analysis extracting only phias&ed signals would be beneficial.
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Aligning with the wholéorain and VS timérequency results, exploratory phaseherence analysis
indicated increased HRP®L coherence during the scene task, suggesting that, in addition to their
processes being contributory to PMN functioning, commumicabetween these areas may also

have been important. However, this conclusion would need to be further supported by confirmatory

analyses.
4.4.2.4 PCC patterns are complex, displaying DMN and PMN characteristics.

The PCC VS showed increased alpha power in both the scene and face conditions compared with the
size condition. Previous studies have shown positive associations between BOLD and alpha power in
the PCQJavadi et al., 2018nd DMN areagMayhew et al., 2013)0 the current results may

indicate similar engagemeif the PCC in complex scene and face processing, perhaps by supporting
internal representations in both taskseech & Smailood, 2019) However, there was a transient
decrease in lower frequency power in the scene condition when compared with the face condition,
indicating that PCC processes during these tasks were not identical. It may be that, despite it being in
the DMN,the PCC contributes processing specific to the PMN, displaying-speniic decreases in

low frequency power resembling those seen in the MTL.

The results of Shine et al. (2015) also illustrate complex PCC activity dynamics with the scene oddity
task.They used fMRI to compare PCC BOLD in scene, face and object oddity conditfoO&sinf

carriers and noftarriers, and found PCC deactivation, compared with baseline, for all conditions in
the non-carriers, and for the face and object conditions ie ttarriers. Carriers showed increased

PCC BOLD in the scene condition compared to the face and object con¢ftidms et al., 2015)

Shine et al. interpreted their results as an impairmenARPOE marriers to modulate PCC activity.
However, this modulation did not relate to fermance in the task, so these results cannot

elaborate further on the function of the PCC during complex scene processing. The following chapter
will explore relationships between oscillatory activity and task performance, potentially indicating

the importance of scenepecific PCC oscillatory power modulation.
4.4.3 Limitations

One limitation of this study is the uncertainty that modulations of signals appearing to originate
from the hippocampus, do in fact originate from this aréhe ability of MEG to localize deep source
activity such as that from the hippocampus has beenadetd(Riggs et al., 2009; Stephen et al.,
2005) but it is becoming accepted in the literaturadtechniques for best revealing these signals

are being reportedMills et al., 2012; Quraan et al., 2011; Ruzich et al., 26l@yever, it is known

SAPOE¢ il YI 22NJ 3SySGAO NAA&| (Gdnidet 8. NDIT)2sNdgested e A ofisBadddoi RA & S
the PMN (Ranganath and Ritchey, 2012).
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that source localization becomes more difficult to solve wheimegistration errorexceeds3 mm
(Meyer et al, 2017) a plausible amount of movement for a MEG recording block. The trials across
the blocks were not concatenated before conducting the analysis for this reason. However, the
fewer the trialsenteredfrequency analysis, the less noise is removed by averaging, and this may

affect the accuracy of the frequency and source results.

Furthermore, due to the challenge in accurately localizing MEG signals, the HPC ROI was made using
AALhippocampaknd parahippocampal regionghisincluded the hippocampus, parahippocampal
cortex and PrGnd it should be noted that signals from this R@rte assumed to be predominantly
originating from the hippocampuasnd parahippocampal corteX his was because: multiple studies
have shown hippocampg@arahippocampal corteactivity to be detectable with ME@®/lills et al.,
2012; Pu, Cheyne, et al., 2018&hile comparatively few have shown PrC activity with NIEGses

et al., 2009) hippocampal signals have previously been shown to influence measurement from
nearby cortex, such as the PrC, through tissue volume condu@&iosta et al., 2008; Vinck et al.,
2015) and in a previous studyhe number of participants in which components of MEG signals
correlated with hippocampégbarahippocampal cortesignals was larger thanémumber of
participants in which they correlated with PrC sigr{®ligzo et al., 2019previous MEG workas
attributed MTL oscillatory modulations to hippocampal sigii@sitartMasip et al., 2013)out
confirming this is challengingn the current studyit may be thatchanges in neuronal activity
occurring during the scene taghaybe related tohippocampal processes specificallgr to

processes imnother region within this ROI. Previous fMiaked studies of MTL activity during
oddity task completion provide partial support for the assumption that these signals are from the
hippocamps. Barense et al. (2010) reported that no voxels in the PrC showed increased BOLD for
scene viewpoint effects compared with face viewpoint effects, but also found that the
parahippocampal place area responded to both fixed angle and differing angle gmsstidgons. On
the other hand, Hodgetts et al. (2015), who found a thpeet relationship between hippocampal
BOLDthe fornix and scene performance, did not find any voxels in the posterior parahippocampal
gyrus that showed a relationship between incred88OLD in response to scene tr{@krsus face
trials) and fornix microstructure. Therefore, the following chapter in this thedister5) may

allow some confirmatiotthat these scengelated signals were specific to the hippocampus, if they

relate tofornix microstructure.

Further limitations of this study are the low trial numbers in the size task, and the unequal trial
numbers across conditions. Due to the differences in RT between conditions, for most participants,
there were more scene trials thdace or size trials. This can create a bias because if one condition
has a low SNR and is compared to another with a high SNR, then the comparison may not be

between brain activity during two behaviours but rather between brain activity in one behaviour,
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and noise. However, it is unlikely that the size condition had too few trials in any participant to
adequately match the SNR in the scene condition, because there were areas showing significant
power differences in the wholbrain scene and size conditicomparisons that also showed
significant power differences in the scene and face condition comparisons (such as increased high
gamma power in théPL), and the face and scene conditions were well matched in terms of trial
numbers. Moreover, the purpose tfis control condition was to remove visual signals that were
non-specific to complex visual processing that likely reside in the primary visual cortex, and sources
from this area are stronger than those in the MTL, making them more easily dete(faligan et

al., 2011) Although the minimm number of size trials per participant to reliably measure visual
signals during the size task is unknown, it is interesting to notestigaificant classifier performance

of MEG recordings during speech perceptisignificant detection of cortical ME@Geasuredevoked
potentials and significant detection of EE@easuredeventrelated potentialshave been shown to

be obtainable with 40 or fewer trial8oudewyn et al., 2018; Chaumon et al., 2021; Dash et al.,
2019)

Regardless, toeduce the risk of spurious results arising from unequal trial numbers across
conditions, unequal variance was accounted for in the statistical analyses for-im@atepower
comparisons and VS tinrfeequency comparisons. Moreover, unequal trial numbesslass of an
issue when measuring mean amplitudes, as done in wha@ source analysis here, than when
YSI adzNRy 3 LIS | ERP WetliodolbglzRI&FH Hotvev& SN can have substantial
effects on PAC anghasecoherenceanalysis (see this Faktrip tutorial® for an example) and these
analyses could not be corrected for unequal variance. Also, shortening theniingew, and
therefore including more short trials and evening trial numbers across conditions, would have
reduced the capacity for easuring lower frequency bands. Therefore, while the exploration of PMN
PAC anghhasecoherencdllustrated an interesting picture of reduced mPFC engagement,
unchanged mPFBPCGcommunication, and increasddP GIPLcommunication, complementing the

whole-brain and VS data analyses, conclusions cannot be drawn without further replication.

An additional obstacle in interpreting the results is the ambiguity in the functional processes being
represented by oscillatory power modulation. The role of MTL strusturgerceptual processes is
controversial, with some arguing that any apparent involvement is a reflection of memory processes
(Squire et al., 2006; Urgolites et al., 2018though the oddity task used hecemprisednovel

images in every trial and did not require memory over a delay, there is a possibility that incidental

mnemonic processes are responsible for the modulations in MTL acliwigddressltis,

7 https://erpinfo.org/blog/2018/6/26/different-ntrials
8 http://www.fieldtri ptoolbox.org/example/coherence_snr/
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participants also underwent a subsequent surprise memory test, and relationships between the HPC

activity modulations and subsequent memory performaacetested inChapter 5

45 Conclusion

The aims of the work described in this chapter were to expand on previous work investigating the
roles of the PMN and AIN in complex scene and face processing. The figsadis support the

notion described in previous studies that MTL areas are involved in perceptual processes when
constructions of internal representations are required. Modulation of theta power in the MTL,
thought to be contributed to by hippocamgphrahippocampal corteyrocesses, was specific to the
scene task. Moreover, two collections of brain areas showed dissociable engagements with scene or
face conditions, matching the PMN and AIN networks, respectively. Pertaining to the AIN, activity
modulationin areas along the right visual ventral stream was specific to the face condition.
Pertaining to the PMN, activity modulation in the right MTL, inferior parietal cortex and
posteromedial areas was specific to the scene condition. Fiewpiency analysisllawed some

further understanding of the temporal dynamics of these network processes, giving indications of
which processes were longr short lasting, or appearing earlier or later in the tirmméndow.

Exploratory PAC amhasecoherenceanalysis indid®d differences in PMN processes involved in

the oddity task compared with those described in previous work investigating otherreMtéd
behaviours, such as memory retrieval. This study highlighted PMN processes that are distinct from

DMN and that areecific to complex scene processing.
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Chapters: Examining relationships between structure,

function, andoddity performancen the PMNandAIN

5.1 Introduction

5.1.1 Background

Implications of the PMriewinclude the PMN and AIN networks should aid behaviours in
different modalities; network areas, including MTL areas, should be involved in processes
across memory and perception; and that the behavioural performance of those modalities
should be related to the stictural and functional properties of the respective networks
(Graham et al., 2010; Murray et al., 201This chapter continues the investigation,
focussing on the last implication, by testing correlations between individual differences in
oddity task peformance, MEG@neasured brain oscillatory power modulation during the
oddity task, andnicrostructure of the tracts that connect areas of the PMN and AIN
networks The aim of the experiment was to identify thrpart relationships between

structure, function and performance.

The investigations of thmles ofPMN and AIN networks, including MTL aréasomplex

perceptual processingre reported inChapter 4 PMN areas, including the IPL, PCC and
HPCdisplayedoscillatorypower modulations duringcene oddity trials, and areas of the
AIN, including thé-G displayed oscillatory power modulations durifage oddity trials. Of

particular note, is the scereddity-related decrease in HPC thgtawer.

As briefly described iGhapter 4 the implicatims of the PMview have been investigated
previously byHodgetts et al. (2015)vho correlated performance adcene and face oddity
tasks with diffusion MRI measureswlfiite-matter tractsand BOLD changes in MTL areas
Theyassessed fornix and IpFoperties usindTlandfound that fornixMD and ILFMD
negativelycorrelated with scene oddity and face odd#gcuracyrespectivelyThey also

found positive trends between fornix FA and ILF FA, and scene oddity and face oddity
accuracy, respectively. Similarthey found PrC aneFABOLD increases associated with,
and positively correlated with, face task accuracy. FFA BOLD also correlated negatively with
ILF MD. In addition, they fourldppocampaBOLD decreases associated with, and
correlated with, scene &k accuracy. Although these results provide evidence that the AIN
and PMN cater for different modalities, they leave some unanswered questions. Critically,

they found a threepart mediationbetween FFA BOLD, ILF MD and face task accuracy, but
113



Chapter 5: Examining relationships between structure, function, and oddity performance in the PMN and AIN.

no threepart mediationbetweenhippocampaBOLD, fornix MD and scene task accuracy
was found. Regarding the functional results, thppocampaBOLD decrease is difficult to
interpret due to the complex relationship between hippocampal neuronal activity and
BOLDOEkstrom, 2010; Ekstrom et al., 2008hd so the results provide little information
about thehippocampabrocesses during perceptual decisions. Regarding the structural
results, Hodgetts et al. (2015) used FA and MD which @mespecific to individual
properties of the white matter. For example, both axon membranes and myelin content
can influence FABeaulieu, 2002)t may be that structurdunction-behaviour relationships

can be further unveiled by using different imaging techniques.

Therefore,in the current study,dnctional aspectsvere measured withMEG which

provided more precise timing and added oscillatory informati@mmd $ructural properties
were derivedirom several microstructure models. These inclu@dARME[Assaf &
Basser, 2005pMT (Cercignani & Alexaler, 2006; Henkelman et al., 1993; Henkelman et
al., 2001) and NODDEhang et al. 2012as well as DTI.

FromCHARMEDhe FR was extractedlt can be thought of as a probe for axonal density,
so it is more specific than FAromNODDJtwo measuresvere extracted: ICVRvhich is a
marker of neuronal density, adDwhich quantifies the coherence of fiborientations
Both of theseéhave been shown to relate to FA (Zhang et al., 202RARMED and NODDI
can be especially useful when studying the forBotnix DTI results can be contaminated
by CSErom the lateral ventricle¢De Santis et al., 20143 problem which may not affect
FRor ICVFo the same degre (as explained ihapter 2. Lastly from qMT, MPF
(Cercignani & Alexander, 2008as extracted. Thisas been shown to be sensitive to

myelin content(Turati et al., 2015)

With the aim ofreducingmultiple-comparisons problems artd collate microstructure
information in a biologically interpretable way, interdividual differences in tract
properties were scored by reducing multiple microstructure measures to component
scores usinffCA(Chamberland et al., 2019; &wmert et al., 2020)

In addition to confirming the importance of the fornix and ILF in scene and face processing,
this study also inspected the importance of thelC The PHC, along with the fornix, is an
important pathway within the hippocampadiencephaliccingulate loop, connecting

parahippocampal areas to other areas of the posteromedial network, including &t

°l faz2 2F0Sy NEa&cRMNR Riexander, RoDRuratital., 2015
114



Chapter 5: Examining relationships between structure, function, and oddity performance in the PMN and AIN.

(Bubb et al., 2017)t was of interest to know whether relationships between fornix
microstructure and scene oddity performance were specific to the fornix or whether there
was a similar relationship between the PHC and scene oddity ac¢csiacyg both the
hippocampus and arahippocampal areas have been shown to display BOLD modulation
during complex scene processifigpodgetts et al., 2016However, the hippocampus is
thought to be particularly important when the oddity images are presented at differing
angles(Barense et al., 201@hd BOLD modulation of the hippocampus and not
parahippocampal cortex, has been found to correlate with scene oddity performance
(Hodgetts et al., 2015). Therefore, communication through the fornix pathway may relate
to scene oddity performance more strogghan communication through the PHC

pathway.

Since theta and gamma power modulations were found in PMN areas during scene oddity
task completion Chapter 4 and previous studies have found correlations betw&€r.
theta/gamma power and spatial processipgrformance(Park etal., 2014; Pu et al., 2017,

Y. Pu et al., 2020MTL theta/ganma powerwas predicted tccorrelate with scene oddity
performance. MTlocalization of hippocampal and parahippocampal signals are
challenging to differentiate with MEG. With small head movements, resolved localization of
2yS NBIA2Yy QA &didthelothet. Prédiods MES resedtch Bas analysed them
together (Pu et al., 2017)or this reason, the HPC ROI used here encompassed both the
hippocampus and parahippocampal regions, creating a risk that any correlations between
oscillatory power in this ROI and behaviour may be producquhbghippocampal activity.
Assessing the relationships between the HPC ROI activity and fornix and PHC
microstructure may help clarify the location from which the signals arise. For example, if
HPC ROI oscillatory power relates to fornix microstructure, @hén this could support the

suggestion that the signals arose from the hippocampus.

Regarding the AIN, no studies have focused on the relationship between face perception
performance, oscillatory power in areas of the AIN, and the microstructure di.the
Increased power in the gamma range (including the both the higher and lower bands
defined here) in response to object or face processing has been reported in areas across
the ventral visual hierarchy including early visual afgeo et al., 2013; Magazzini & Singh,
2018;Perry, 2016)the ventral occipitotemporal cortefEngell & McCarthy, 201@pdthe
FG(Gao et al., 20135ince the ILF connects the ventral visual path{i#rbet et al.,
2018) there may be correlations between FG gamma power, ILF microstructure and face
oddity performance.
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This study alsmvestigated incidental encoding of oddity stimuli with the use of an
unforeseen recognitionast following the oddity taskt was importanto investigate if
oddity-related HPC signals were the consequences of incidental encoding, by testing
whether HPC oscillatory signals that correlated with oddity performance, also correlated
with subsequent ramory of the stimuli. From a mnemonrimly view of the MTL, it could

be argued that MTL signals during the oddity task, or poor performance from patients with
MTL damage, could be explained by MTL encoding processes which support memory of
items within eah trial. Previous work by Lee at al. (2013), which measured hippocampal
BOLD signals during a scene oddity task and a subsequent surprise recognition test,
provided evidence against a mnemaoioicly viewof the MTL In line with the PMriew,

they found thathippocampal BOLD signals during correct and incorrect oddity trials were

not associated with subsequent recognition performance, and that thexe no

correlation betweersceneoddity accuracy and@d & O2NBa FTNRBY (KS a0SyS YSvy?

However, their expeément did not include equivalent tests for face oddity stimuli or
correlations with microstructure data. Therefore, since the memorability of scene and face

oddity trials has not been compardal the context of oddity taskghere is still the

possibilitythat differences found from functional imaging of the MTL during face and scene

oddity trials reflected differences in the propensity of the stimuli to incite incidental

encoding. The current work aimed to test whether scene and face HPC oscillatory

resporses during the oddity trials reladdo recognition memory accuracy (measured as

RQOU® {AYAfINI&T LINBOAZ2dzA ¢2N] KLFa y28G O02YLI NBR
microstructure properties and oddity task performance, and fornix and ILF microsteuctur

properties and incidental stimusencoding. Therefore, there is a risk that relationships
found between fornix microstructure and scene oddity performance, for example, arise
because incidental encoding aids task performance and fornix microstructige ai
incidental encoding. In this study, correlations between fornix and ILF microstructure
LINPLISNIASa FyR a0OSyS IyR FIF0S RQX NBalLJ

OGA@St e
5.1.2 Aims anchypotheses

Regarding structure, functioand behaviour correlationst, was hypothesed that the

OdzNNBy G aitdzRéQa NBadz Ga ¢2dAZ R F2fft2¢ GKS &l yYsS
Relationships between fornix microstructure and ILF microstructure and scene oddity and

face oddity performance, respectively, wereypothesized Moreover,since the PHC

connects the PMN, but not predominantly the hippocamptg,ashypothesized¢hat PHC

microstructure would notorrelatewith sceneoddity performance as strongly as fornix
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>

LJI



Chapter 5: Examining relationships between structure, function, and oddity performance in the PMN and AIN.

microstructure, andhat PHC microstructure would nobrrelate withface oddity

performance.

Also, it was hypothesized that modulationtdP Cheta (48 Hz) and low or high gamma
power (4360 Hz, 6680 H2 during the scene taskas compared to baselingould correlate
with sceneoddity performancereflecting hippocampal neuronal activit@scillatory power
modulations were calculations of the differences between scene, face or size conditions
compared to the fixation conditiofto create a modulation from baseline measuri)ese
comparisors (with the fixation condition differed from those carried out itChapter 4in
whichcontainedcomparisons between condition€omparingvith the fixation condition
wasequivalent to the BOLDehaviour analyses carried out bipdgetts et al. (2015}t
alloweda characterizatonovh L WSFWEHASAyYy | GFalz FNRY NBad:
in engagement betweetasks.However, oscillatory powenodulationswere also
calculatedas differences between scene or face conditioosipared to the size condition

to create a difference from control measure which is equivalent to the comparisons made

in Chapter 4

In particular, it was hypothesized that there would be a thpeet relationship between
MTLoscillatorypower, fornix nicrostructure and scene oddifyerformance Although the
results of Hodgetts et al. (2015) indicated that fornix microstructure lipgocampal
BOLD correlated with scene oddity accurdmyt, not with each otherit could be that
structure and functiormeasuresother than those they used would aetate with each
other. It was considered thahe inclusion of further functional and structural information

wouldreveal a threepart relationship.

Since the ILF conneddbwer and higher ventral visual stream aré@satani et al., 2003;

Latini et al., 2017)it was hypohesized that gammpower modulationsn the FGduring

face processing would be associated with ILF tract properties and face oddity accuracy.
Although Hodgetts et al. (2015) included the PrC as a focus in their investigation, signals
from this brain area i@ likely unmeasurable with MEG (sg®apter 4, so, in the current
study, the focus was teeplicat and expandn the findings that FFAactivity modulation

(BOLD increase) correlated with face oddity performance

This project included a mixture of comfiatory and exploratory analyses. Confirmatory
analyses related to the outlined hypotheses. Additional questions were addressed through
exploratory analyse€xploratory gestions included: whether associations between tract

microstructure and oddity taskgsformance were specific to accuracy, or whether they
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also related taRT whether associations between BEheta/gammapower modulationand
scene oddity task were specific to that brain regayrwhether theta/gamma power
modulationsof other PMN regionslso correlated with scene oddity performanaehether
associations between HPC theta/gamma powerdulationand scene oddity task were
specific to that frequency band or whether power modulations in other frequency bands
also correlaté with scene oddity prformance and whetherassociations between fornix
microstructure and HBtheta power were specific to that brain regian whether fornix

microstructure related to power modulation in other PMN regions.

To testwhether any relationships between scene HR€&a and gamma power and scene
oddity performance were specific to that R@&kploratorycorrelationtestsbetween theta

and gamma power in other PMN ROIs (mPFC, PCC, IPL) and oddity performance were
carried out It wasanticipatedthat, if oscillatory pwer in the HPC, and the microstructure

of the fornix (which connects the HPC to other PMN structures), both correlated with scene
oddity performance, then another theta and gamma power modulation in another PMN
structure, connected via the fornixnay also correlate with performanc€herent

oscillatory activity between regions can be a reflection of network communication and

complementaryprocessing (e.g. Barry et al., 2019).

To assess whether any relationships between scene HPC thetgaamda power and

scene oddity performance were specific to those frequency bands, associations between
scene HPC delta{llHz), alpha (&2 Hz), beta (180H2 and scene oddity performance
were also tested. Similarly, correlations with performance wese akarched for in
broadband (390 Hz) time frequency data for the right and left HPC. @tusallowed
exploration of bilateral differences and timescales of behavimgillatory power
associations. It was predicted that HPC theta and gamma would Qeelpiimportant in
complex scene processing but there were no predictions aboulatieeality ortemporal
dynamics of these relationships. Although there is some overlap in these analyses, it is
important to include both the individual frequency bands dhd broadband time

frequency data. This is because a signal spatial filter over a broadband range of frequencies
can be inaccurategsthe spatial structure of background activity is different for different

frequencies, so one spatial filter cannot be iopadl for all frequenciefliu & Weiss, 2010)

Lastly, correlations were also tested between oddity performancevamale-braint-maps
of differences between theta and gamma power in theee conditiongscene>size,

face>size, scene>facgechapter 4. This differs fronthe methods othe main results of
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Hodgetts et al. (2015), arghrt of the methods of the confirmatory analysis presented

here, which compar@online data to fixation data. It was thought that this comparison (of

in-task data to other irtask data) may imve localization of correlations between oddity
performance and deegource oscillatory power. MEG measurements of deep sources can

be influenced by stronger signals from shallower sources, such as those from the occipital

cortex relating to visual procemg(Quraan et al., 2011 herefor& G KS FAY g1 & G2
2dz0Q GKSaS Gradzt ardaylrta oeé O2YLI NARy3a (GKS a
more similar visual processing signals than those incited by the fixation trials. This analysis
addresses a different question to that dfeconfirmatory analys WR2 | OGA @I GA2Y
differences betweemddity conditonsNB f I § S (12 LISNF2NXI yOSKQ> NI i
differences withiroddity conditong O2 YLI NBR A GK ol A4St AySs NBf

Since the PMriew implies that MTLessponses during the oddity task are not purely
reflections of incidental encoding, it was hypothesized that strucfurection-behaviour
correlations found for the oddity task would not be explained by subsequent memory
behaviour. Therefore, correlationgtween oddity performance and subsequent
recognition performance would be weak or neristent. Moreover, it was predicted that
HPC oscillatory changes that associated with oddity performance waotikcbrrelate or
only correlate weakly, witsubsequent ecognition performance. Furthermore, although
the fornix and ILF have been shown to be important in spétiatigetts et al., 202@nd
face memoryUnger et al., 2016Yyespectively, it wakypothesizedhat associations
between tract microstructure and subsequent recognition performance would be eveak

than associations between tract microstructure and oddity performance, orexistent
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5.2 Methods

5.2.1 Participants

The 40 participargt werethe same as described {thapter 4 However, one participant
asked to leave the scanner before completing all theTehkighted scans, so this dataset is
included in ME&ehaviour correlations but not in the analyses involving microstructure

data (39 participantsmean age: 2.5 years, S[3.2, range: 8-38years 29female)
5.2.2 Theodditytask and incidental recognition meny task

SeeChapter 3,for a detailed description of the oddity and memory tasksl for diagrams

of the paradigmsin short, the oddity task included 96 scene, face and size. {Tia¢s

oddity blocks were followed bg5-minute pauseafter which the participants were asked

G2 LISNF2NY | YSY2NE GF&al GKFG 61 a | aadaNLIINRaS (¢
additional part of the study, but they did not kndts nature. Theanemory task consisted

ofny G2fR¢ 06aK2poyaRUINAYSYy 8XKS 2RRAFABRLG I T O0Sas ny 6
0KS 2RRAG& GlFLailo aoSySa FyR ny aySeégé¢ Tl OSa

The percentage aforrect odditytrial responsesvas used as a measure of oddity task

performance. RT was measured in ms. To analyse the memory task dataualdiesults

from the oddity and memory tasks were combined, allowing the identification of matching

trials (old trials) that appeared in the oddity and the memory tasks, andmatthing trials

(new trials) which appeared in the memory task only. Thenfer data were used to

calculate the number of hits and the hit rafeld trials correctly identified as ojdand

misses (old trials incorrectly identified as new). The latter data was used to calculate

correct rejections (new trials correctly identified aew) and the number of false alarms

and the false alarm rate (new trials incorrectly identified as old).

The scene and face memory performances were compared, to understand if memorability

of the stimuli differed between conditions. The hit and falsal rates wereanspected

and then the hits were split by confidence level to see if confidence in memory of the

conditions differeda similar comparison of confidence of hit rates across stistypes

has been done biichalowskiet al.(2014). To test whether performance imé¢ oddity

task influenced memory performance, the hit rates for odditgorrect and odditycorrect

GNAFfa Ay GKS a0SyS IyR FIOS O2yRAGAZ2YyaT 6gSNB 02
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the Psycho package for(Rakowski, 2018)and were tested for correlations with scene

and face oddity performance.
5.2.3 MRI scanning protocol and microstructure measurement

5.2.3.1 Protocol

aSiK2Rail i ANPzOa dzNI If NB wA dziREK iy XERSNA WA 2y n ®H do 0 ®
Diffusion weighted data were acquired using the CHARMED protocol with the following
parametersphase encoding = A>§lice thickness =@2m; TE = 7&s; TR = 410@s; 203

gradient diretions and 4 shells (maximumvalue: 4006/mm?); FOV = 22tm x 220mm.
Areference acquisition with the opposite phase encoding direction was acquired fer blip

up blip-down correction with 33 directions and 2 shells (maximurvélue: 120Gs/mm?).

ja¢ aSYyairdaAgsS RIFEGEF g1 & | OljdZANBR GKNRdzAK +y 2
AN} RASY (i N&GhdCe&iBrars &AXexander, 2006ith the following

parameters: TR =32 ms, TE = 2.46 ms, flip angle = 5°, Gaussian MT pulses, durationt=12.8

ms, bandwidth = 330 Hz/Px, FOV = g#@ x 240mm, slice thickness =i&m. 11 MF

weighted scans had the followgroffresonance irradiation frequencies/saturation pulse

amplitudes: 1000 Hz/3321000 Hz/333 12060 Hz/628 47180 Hz/628 56360 Hz/332

2750 Hz/628, 1000 Hz/628 1000 Hz/628 2768 Hz/628 2790 Hz/628 2890 Hz/628

Data for two B1 maps were collected throughg 2 F2 dzZNJta K2 aLIAynSOK2 S
sequencewvith the following parameters: TR = 5000 ms, TE = 1.83 ms, flip angle = 8

matrix = 64 x 64Data for two BO maps were collected througfadient recalled

acquisitionswith the following parametersTE =4.92mg 7.38ms, TR =330ms; FOV=240

mm; slice thickness 2.5mm.
5.2.3.2 Analysis of structural images

Diffusion analysis pipelines were orchestrated by &ker of Cardiff University. Motion
distortion correcton was carried out using the Eddy tool in &tdersson & Sotiropoulos,
2016; Jenkinson et al., 2012je separate contribution of the free water compartment to
the DTldata was identified and removed by a customized version of the Free Water

Elimination algrithm (Pasternak et al., 2009)

Tensor fitting was carried out on the 1206/alue shellTo estimate the diusion tensor in

the presence of physiologic noise and systatated artefacts, the Robust Diffusion Tensor
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Estimation (RESTORE) algorithm was apfiedng et al., 2005T his analysis resulted in
FA MD andRDmaps.

Tractography analysis was applied to the 146@alue shellTo detect and eliminate signal
artefacts, the Robust Estimation in Spherical Deconvolution by Outlier Rejection (RESDORE)
algorithm was applied (Parker, 2014). Subsequently, peaks in the fODF in each voxel were
extracted using thelRLtechnique(Dell'acqua et al., 2010\WWhole-brain deterministic
tractography wagonductedin Explore DT{version 4.8.3jLeemans, 2009using an fODF
amplitude threshold of 0.05, step size of 0.5 mm and an anglestimd of 45°.

NODDI maps were created using the Accelerated Microstructure Imaging via Convex
Optimization (AMICO) NODa&lgorithm(Daducci et al., 201%3lescription and pipelines
available her#). For this, the ceegistered andlistortion-corrected1200 and 240®-

value shells were combined.

lff aKSftfa oSNB dzaSR T2 NOAWKEIdGBIANYREE D &Fa B Wl f e AA 4> ¢
LINEIN} Y O2RBR! a)! adkpBmpdl f Odzt WESR{CWiMWENSH2ES DX
H N Mbn O

¢ KBF 3y ShAl I ASRAY3 KIGNS Ry sATYBIEIE™Aa (WSSNBR O FFAy S mu RS3
FTNBSR2Y0Z 6AGKAY SIOK LINGAOALIYyGET G2 GKS AYE3S
AYGSNEOFY Y2 (oARMySA ydzasly @2fReA aHikdn w1 a GKSy OF NN& SR
G o2 eI MBRY SGAT I G ALZAYNPENIBF SRSENONA 6 SR o6& wlk YIEyA Si
OHNMNMHAOKE @B G2ZMUB &G dazRS 2F . 0 AR RINRYRO2OS2I Syt A G A S
Y LA @

5.2.3.3 Tractography

¢2 3ASYSMASS VIFKNDYSH f aGNBERKSY F2NFKEE NBONBLIEY G yR
UgHBAYGU whLa 6SNB YloyNE AV 8CIRNGI6LYE A 20 KK 2R ASF T dzd
My &dzo280Gas dzaAy3 9ELX 2NB iRl G0 SdYlay & (S o tiksS
i2 RSTAYS .22tS8Fy 0SS HAYR DT A B 01SEA R (KKS NBE $O
¢KS NBadzZ GFyid (NIOFidea & SINEG 22 ISRS B 2 IONAINDNABMEIYY LIK @ & 2
Oe@MD NJSNI 2F / I NRAARF glyad OBMEW GRIWIDE ASR G2 (GKS Syida

t NEUFORI BKS YI yyizl 2F O2K & G INKIOQK 2a i NBF Yt AySa FNB RS

10 https://github.com/daducci/AMICO/blob/master/doc/demos/NODDI_01.md
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3 6Sa ¢ SINEI MIRABKEIR2 dzd FTAONB A NBYIFARERY KBS NBSWHS
Af f dzaGiowe HoENRRT K S &1 YS YSiK2Ra 6SNB dzaSR G2 SEI
SEFYLX S RIFGI 353 SEVPY AL Bt 5t KSNH AN O

I LINR G202t o0l asSR dzllRy |2 RASBAIAGRBTaw@®VBanmp 0
b5 YR &AE bh¢ 3L 8208 FINKBIEAANRBRIKESNDI dz8 5
2y GKS (N}yagdgSNRBRS LXoH S ydSRzZ2BRII RIS RARI y
NBIlj de M\BRU b5 I GS SyO2YLI aaSR (KS o062Re 2F (GKS
CKA& 61 & FLIINBEAYI(ISte FTAQDS OR&ESARSYOEDOTASRREY
aF3AAGarE LXFySd® bhe IFGSE 6SNB LXFOSR | a F2f
iKS O2NlJdza OFff2adzy FyR O2NIAOC2aLAYIlIt (N} OGA
' YGSNRA2NI O2YYA&aadaNB | yRSODRINGEY I OF LE 2 ¥y &Y T2 XK
0Ny @St tAy3 LRAGSNA2NI @ (261 NRa GKS 200ALMAGL®

¢ KS LINRG20i 6 265Haltdiacs R (2 Aaz2t 1S L[ C &AGNBI YT
b5 YR n bhe¢ 3I+GSa 6AF NBIjdANEROG S NB2 NB BIRS
ONBKA & NI g & LI I OSR 2dzad LRAGSNRA2NI (2 (GKS OAy:
6&8 RNIGY | NP dNRCEKGESBydANB $BFN REAGRKY 2F (K
NBaLSOéA@KEE ! b5 3L GS ¢ a LI2ANISR {SYyErY LAya &lAKyS3
LI2EAGSNAZ2NI O2NByYLf aftA0S Ay 6KAOK | O2yySOdAz
TNRYGlIE tf2068a® bhe I+ GSE 6SNB LI OSR | & F2ff
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11 https://www.exploredti.com/exampledataset.htm
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Figure23. Construction of tract streamlines.

Sagittalviews of the fornix (left), ILF (middle) and PHC (right) streamlines constructed in an example dataset. Right ILF actd Ri4C tra
shown, though they were extracted bilaterally. Colours on the brain map and the streamlines indicate diffusion aloaditre directions

(left-right: red; topbottom: blue; frontback: green). Example locations of the Boolean gates are represented by coloured lines (NOT:
AND: green, SEED: blue).
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5.2.4 Tract microstructure data reduction

FA, MDRDFR, MPF, ICVF and @lues for the voxels enmpassed in the tract
streamlines were extracted and averaged for each tract. This resultssl/an

microstructure merics for three tracts for39 participantdatasets
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Redundancies illMRderived microstructureneasures can bexploited by dimensionaijt
reduction to collate data in a biologically interpretable way ande@duce the risk ofalse
positive errorsarising from multiple statistical compariso(@Ghamberland et al., 2019)
Therefore, microstructre data were reduced througRCAwhichhas been shown to be
effective in capturing ageensitive biologicallyinformative features fronprevious
microstructuredatasets(Chamberland et al., 2019; Geeraert et al., 20Z@gtract
microstructuredata were combined in a single tabl@rrelations between the
microstructure measuregere explored. The Bartlett testas used to assesise
appropriateness for PCA. Thecmpfunction in R (R Core Team, 2019) wees used to
applyPCA to centred and scaled ddtanverted toz-scores) Sampling adequacy of the
PCA results was tested using tiaiserMeyer-Olkin(KMO) tesd T N2 Y (G KS w Wt d@& OK
packageRevelle(2020). Components were retained depending thre amount of
cumulative variatiorthey explainedand oninspection of the scree ptoFollowing data

reduction, participant scores in two principal components (PCs) werefosamhalysis

5.2.5 MEG analysis and cttean of time and triat averaged ROI data, and trial

averagedvSdata, for testing correlations with behavioural performance

A detailed description of MEG data preprocessing, frequency analysis and source analysis,
using FieldtrifOostenveld et al., 2011¢an be found ilthapter 4 In that analysis, power
between conditions was stastically comparé&dthe currentChapter the confirmatory
analysesncludedthe trial-averaged change in oscillatory powers for all three oddity task
conditions measured relative to the fixation conditiaas well as power differences

between scene or face conditions comedrto the size conditionThe ainof the former

was to understand how brain oscillatory activity during a task (compared with at rest)
related to performance in that task. The fixation periods lasted 5 s, but to match the length
of the task conditions (2esonds), data from the period from one second to three seconds
after the start of the fixation period was analysed. This was done to include a fixation
period sufficiently distanced from the task trials to minimise the risk of including any
carriedover task-depencent processes. Oscillatory power differences were averaged

within PMN ROIs (HPC, PCC, mPFC and IPL) and the AI).RO¢ @dditional FG VSs was
constructed using the same techniques describeGhapter 4 using the left and rightG

ROIs oftie AAL atlasConfirmatory analyses included inspecting the relationships between
HPC theta and gamma power and scene oddity accuracy, and the relationship bé&@&een
gamma power and face oddity accurgcgntrolling for MEG trial numbers, see below

sectin 5.2.6)
125



Chapter 5: Examining relationships between structure, function, and oddity performance in the PMN and AIN.

In addition, averaged delta{4Hz), alpha (82 Hz) and beta (1:30Hz) HPC power, and
broadband (3190 Hz) HPC timé&requency data of the scene and face oddity tasks (both also
contrasted with the fixation period) were tested for partial coatbns with scene and face
accuracy data (controlling for MEG trial numbers). This allowed investigation into whether
the correlation between hippocampal theta and scene accuracy was specific to the theta
range or to the right or left hemispher#t.also dlowed exploration of the temporal

dynamics of this relationship.

Lastly, the imaps produced from statistically comparing oscillatory pobetween the
conditions écene>size, face>size, scene>faescribed ilthapter 4 were also tested for
partial carelations with scene and face oddity performance (controlling for MEG trial
numbers).As it is akin to sourceource subtractioriso MTL signals would have been less
influenced from stronger more shallow sources, such as those from the occipital Jgdrtex

may help to localize deep sourc@se Chapter 3andQuraan et al.(2011).
5.2.6 Statistical analysis

Staifstical analyses were carried out using Fieldtrip for MATIM¥BILAB, 2015;
Oostenvell et al., 2011)orusing RstudigR Core Team, 2018; RStudio Team, 2015).
Outliers were defined as being further thehree times the SD from the mean and were
removed per variableThe number of values entering each statistical test (N) is reported

through degrees of freedom with the test statistics, or noted in results tables.

t SFNA2Y Qa O2NNBf | Guhdengtand @lationships ett@en tratLt A SR 2
microstructure, oscillatory activity and behaviour. In cases where variable data did not have

a normal distribution, the data was transformed to-gkew the distribution. To make the
brain-behaviour correlations acss conditions, tracts or ROIs comparable, it was important

that the same, ideally parametric, tests could be applied to all and if one variable was

transformed, the same was applied to the other variables within that modality.

To compare correlations, d&rences between correlation coefficients were tested using
GKS tSINA2Y (PsarRonCl89)a VAKX iiKSE( LI @kdemh&enW/ 2 02 N F 21
& Musch, 2015)

Since the results of Hodgetts et al. (2015) showed correlations between fornix MD and
scene oddity accuracy, amidF MD and face oddity accuracy, and revealed trends between

fornix FA and scene oddity accuracy, and ILF FA and face oddity accuracy, there were
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directed hypotheses about correlations between microstructure and oddity task
performance. Therefore, the ctnibution of FA and MD values to microstructure PCA
components, prescribed the hypotheses of how the components of the tracts would relate

to oddity task performancesupportingthe use of ondailed statistical tests.

Partial correlations were used for igelation analyses involving MEG data so that MEG trial
numbers in each condition could be controlled for. MEG trials in which the participant did
not respond were not included in the MEG analysis, but were regarded as incorrect in the
behavioural dataShce an aim of this study was to capture predominantly perceptual
processes, and since participamhada long time in which to respond (8a)d on average,
took around5s, there was a risk that trials not answered withis @ould contain oftask
thoughts such as those pertaining toind-wandering or exhaustiorherefore, trials

without responses were not included in the MEG analy$tsvever, missed trials could not
be removed from the behaviour analysis without artificially inflating perforneaswores of
participants with missing trialdecause of the high likelihood that missing trials would
have been answered incorrectllthough this is a small proportion of excluded MEG trials
(MEG trials were also removed duelémgth criteria anchoiseduring datacleaning), there
was still @ associatiorbetween the number of MEG trials and oddity performance.
Therefore, partiallingput the variance from MEG trial numbers was performe@djust for

its potential biasingof performanceMEG data corretions. Importantly, tests for

correlations between the MEG data and the number of MEG trials pestiug significant
results(these are reported iM\ppendk 2A.

Multiple-comparisons correction was not carried out considering the number of tests in
total, which may haveesultedin false negativeom overly strict correctionFor the
microstructurebehavioural correlation tests, the alpha level vigmnferronicorrected by
dividing by the number of statistical comparisangolvingeach individual DTI meare
(0.05/3 0ddity accuracy measures0.017 Hodgetts et al. 2015This rule was also usdar
the oscillatory poweibehavioural correlation tests and oscillatory powmicrostructure
correlation tests inasmuch as the alpha level Basferronicorrected by dividing by the
number of statistical comparisorsvolvingeach individual DTl measuoe oscillatory
variable. Similarly, whecomparing correlation coefficients, the alpha level was Bonfefroni
corrected by dividing by the number of statistical caripons relating to &ariable(0.05/2
= 0.025. For the tests involving memory performance, the alpha level was Bonferroni

corrected according the to the number of conditions (0.05/2 = 0.025).
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Some of the hypotheses in this project were that specificyameena shouldot occur. For
example, it was hypothesized that ILF microstructure should not relate to scene oddity
performance, a hypothesis that cannot be supported using inferential statistics. Therefore,
for analyses that pertain to this kind of hypettes, inferential statistics are accompanied

by BFSrom equivalent Bayesian test8Fs were calculated using the BayesFactor package
in R(Morey & Rouder, 2018pnd were reported as B evidence of the alternative model

over the null model).

Exploratory analyses were included to ask whether correlations found between structure,
function and oddity performance, in the confirmatory analyses, were specific to the tract or
ROI. Therefore,abpite the fact that a wholerain search should require multiple

comparison correction, the traditional alpha level of 0.05 was retained so that the relative
importance of the tract or ROI investigated in the confirmatory analyses, was not
exaggerated byhe use of a stricter alpha threshold in the exploratory analyses. In light of
this leniency, the results obtained from exploratory analysis were interpreted only as

complementary to the confirmatory analyses or for consideration for future investigations.

Additionally, exploratory searches for correlations between scene and face oddity accuracy
and wholebraint-maps oftheta/low gamma/high gammaower differences between
conditionswere carried out usingpartial correlation tes, with Monte Carlo samjpig and

5000 permutationsThesecontrolled for the trial numbers of each conditioBoth the

alpha and cluster alpha thresholds were set at the traditional alpha level of 0.05.

Plots were drawn using several R packages. Visualization of the correlatiGcesmaas
achieved usinggcorrplot(Kassambara, 2019%or the PCA resultstats (R Core Team,
2019)andggplot2 (Wickham, 2016)vere used. To visualize correlation plots, with
histogramsggstatsplot(Patil, 2@1) was used.
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5.3 Results.

5.3.1 Further examination of the oddity behavioural data

Performance across the conditions was well matched, with similar measBnalues (see
Chapter 4and summary statistics ihable4). RT across conditions was not as well matched
(scene RT > face RT > sizesR@Chapter 4.

The scene performance datal a right skew. To reduce the skew, so that parametric tests
could be used while keeping the conditions matched, all accuracy data was squared
(McDonald, 2014)This resulted in a coefficient of skewness of less than 1 for the scene
performance data but did not cause the coefficientskéwness of the face and size
performance data to exceed -4/. These transformed accuracy values were used for

ddz0 aS1ljdzSy i LI NI YSGNRO (Saida FyR 6SEOSLI
I OO0dzNI Oe Q3 WTI OS | OOdzNI O& fion of hiR chaptedrdfedto I O O

the transformed conditions.

GKSY
dzNJ O

SceneAccuracy Face Accuragy Size Accuragy Scene Face Size
untransformed untransformed untransformed Accuracy Accuracy Accuracy
(%) (% (%) squared squared squared
Mean  60.87 60.78 61.35 3754.64 3768.77 3927.25
SD 7.08 8.74 12.97 807.59 1062.13 1580.89
Minimum | 38.95 39.58 29.17 1516.90 1566.84 850.70
Maximum | 70.53 80.21 89.58 4973.96 6433.38 8025.17
Skew -1.12 -0.08 -0.16 -0.84 0.40 0.42

Table4. Descriptive statistics of the transformed oddity task performance results.

SD: Standard Deviation.

t SINE2yQa O2NNBf A2y (GSadta NBEGSHESR aail
accuracy (r = 01¥, p = 0.046) antdetween scene and size accuracy (r = 8,§4= 0.030),
but not between face and size accuracy0.179,p = 0.2D). There were also significant
correlations between scene and face RT (r =D%90.001), scene and size RT (r 48,6

p<0.001), andace and size RT (r = 06® <0.001). However, there were no significant
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correlations between condition accuracies and condition RTs-{allyes>0.05).The lack

of correlations between accuracy and RT indicated thate were no clear speegiccuracy
trade-offs socreating integrated measures, such as inverse efficiency scores would not be
appropriate(Bruyer & Brysbaert, 2011; Townsend & Ashby, 19M&refore,accuracy and

RT were inspected separately. A graphical summary is shown in Fgure 2

Size RT 4

Face R ;

Corr

| N

05

Scene R .

Size Accurac

0.0

Face Accurac

Scene Accurag

Figure24d DNJ LKA OF f &adzYYF NE 2F GKS t S| NA:
performance and RT within and between thezene face and size conditions.

Numbers and boxolours represent r values, according to the key on the right. Cre
out boxes represent relationships whose correspondinglues were above the
traditional alpha level of 0.05. Note that this is not Bembni-corrected, as this is a
hypothesisfree exploration of the data.

RT: Reaction Time.

5.3.2 Tractmicrostructure.

The microstructure measures were averaged over each tract streamlines construction,
resulting in seven measures each for the fornix, ILFR#@, for each participant. Details of

the microstructure measures across the group are shown in Table 5.

Fornix ILF PHC
‘ Group mean SD Group mean SD Group mean  SD
FA‘ 0.72 0.03 0.78 0.03 0.64 0.05
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MD | 0.09 x1¢ 0.03 x1@ 0.07 x1@ 0.01 x1@ 0.07x102 0.002x10°
RD 0.07 x1¢ 0.03 x1@ 0.05 x1@ 0.01 x1@ 0.06 x102 0.002x10°
FR 0.24 0.01 0.33 0.02 0.25 0.02

MPF  0.08 0.01 0.14 0.01 0.12 0.01
ICVF 0.5 0.03 0.52 0.02 0.48 0.02
OD | 0.15 0.01 0.17 0.01 0.21 0.03

Table5. Group means and SDs for each microstructure value, for each tract.

Microstructure values are averaged over tract streamlines for each participant. Means and SDs of microstruc
values, across the group, for the three tracts of interest are shown.

FA: Fractional Anisotropy. FR: Restricted Fraction. ICVF: Intracellular Volume Fraction. ILF: Inferior Longitud
Fasciculus. MD: Mean Diffusivity. MPF: Molecular Proton FractionO@&ntation DispersionPHC:
Parahippocampal Cingulum. RD: RadiauBi¥ity. SD: Standard Deviation.

The results from the PCA (KMO: 0.66, sphericity: p<0.0001) showed that 94% of the
microstructure data variance was accounted for by the first two principal components, PC1

and PC2PC1 accounted for 56% of the variandghwvMD and RD providing the major

negative contributions, while FR and MPF provided the major positive contributions (Table

6; Figure B8B). This is similar to the first component found in Chamberland et al. (2019),

and therefore PC1 was interpreted as ipsi @St & NBf F dAy3a G2 F WNBadN
fibre (the proclivity for water movement along the fibres as opposed to other dispersed
directions). It was hypothesized that tract PC1 would relate positively to oddity

performance. PC2 accounted for 38%the variance, with FA and ICVF providing the major
negative contributions, while OD provided a major positive contribution (T@)blBince OD

is lower in tracts known to have more fibre coherency and higher in tracts known to have

more fibre fanning ad crossing (Zhang et al., 2012), and FA can be influenced by how
coherently fibres within a voxel are organis@igfpaoliet al., 1996; Jones et al., 2013), PC2

614 AYGSNLINBGSR +a yS3tGaoste NBtFGAy3 G2
of modelled fibre orientations). It wdsypothesizedhat PC2 would relate negatively to

oddity performanceThe relative differences between the scores of the tracts are

illustrated in Figure 2C.
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PC1 PC2
FA 0.16 -0.56
MD -0.48 -0.17
RD -0.50 0.01
FR 0.42 -0.32
MPF 0.48 0.12
oD 0.16 0.55
ICVF -0.23 -0.48

Table6. PCA microstructure measure weightings.

FA: Fractional Anisotropy. FR: Restricted Fraction. ICVF: Intracellular Volume Fraction. MD: Mg
Diffusivity. MPF: Molecular Proton Fraction. OD: Orientation Dispersion. PC: Principal Compon
RD: Radial Diffusivity.
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Figure25. Redundancy between tract diffusion values and results from PCA.

0 tSIFENB2YQa O2NNBflGA2ya gAGKAY GKS YAONRA&GNHZGdzZNE RI
(generated using ggcorrploflboukadel, 2019). Colour denotes r value according to the key. B) Biplot illustrating the influel
each of the measures on PC1 and PC2, which account for 56% and 38% of the variance, respectively. C) Tract compone
each participant, illusating the differing properties of the tracts.

FA: Fractional Anisotropy. FR: Restricted Fraction. ICVF: Intracellular Volume Fraction. ILF: Inferior Longitudinal Réi3Scicu
Mean Diffusivity. MPF: Molecular Proton Fraction. ObentationDispersion PC: Principal Component. PHC: Parahippocam
Cingulum. RD: Radial Diffusivity.
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5.3.3 Associations between structure, function and oddity task performance.

5.3.3.1 Correlations between oddi#¢curacyandtract microstructure

As predicted, there was a significant positive correlation between face oddity accuracy and
ILF PC1 and a significant negative correlation between face oddity accuracy and ILF PC2
(Figure26), which were supported by BFs indicatimgakevidence in favouof the

alternative models over the null models. Moreover, neither ILF component measure

correlated with scene or size oddity accuracy (Tahle

It was predicted that there would be a positive correlation between fornix PC1 and scene
oddity accuracy. Althugh this trend did not surpass tlexperimentwise alpha level
(Figure26), the resulting BF indicategleakevidence in favour oftte alternativemodel

over thenull model In addition, neither fornix microstructure component correlated with
face or sizeddity accuracyContrary tothe hypothesis, fornix PC2 did not negatively

correlate with scene oddity accuracy (TaB)e

It was hypothesized that PHC microstructure would not relate to any oddity task
performance. Indeedall of the correlations surpassed tlexperimentwise alpha level

(Table7). However, br the correlations between face oddiaccuracyand PHC

componentsthe BFs$ndicated wealevidence in favour ofhie alternativeoverthe null

modek. For the correlations between scene and size oddity accuracy and PHC components,

the BFs indicated evidence in favour of the null models.

Scene Accuracy Face Accuracy — SizeAccuracy

Fornix PC1 r=0.321 r=0.243 r =-0.035
p =0.023 p =0.068 p =0.58%

BFo=2.05 BFRo=0.94 BFo=0.36
PC2 r=0.057 r =-0.090 r=0.083

p =0.635 p =0.292 p =0.702

BF0=0.38 BFo=1.27 BFo=0.40

ILF PC1 r=0.100 r=0.349 r =-0.037
p =0.272 p =0.014 p =0.589

BFo=0.42 BFRo=2.84 BFRo=0.36
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PC2 r=-0.119 r=-0.340 r=0.170
p=0.2% p =0.017* p =0.849

BRo=0.45 BRo=2.58 BRo= 057
PHC PC1 r=0.053 r=0.294 r=0.180
p =0.372 p =0.034 p =0.136

BRo=0.37 BRo=1.52 BRo= 061

PC2 r=-0.03 r=-0.2% r=-0.106

p =0.427 p =0.057 p =0.260

BRo=0.36 BRo=1.07 BRo=0.43

Table7. Correlation tests between oddity task performance and Fornix, ILF and Rid@structure
components.

Onetailedt S NE2y Qa O2NNBf A2y (Sai
PHC microstructure, and oddity accuracy.
AIKEAIKGEA LIKN Qow@ Ng89F | A IKE AIKGA | . C

> IyR dzy RANBO

Q¢

ILF: Inferior Longitudinal Fasciculus. PC: Principal Component. PHC: Parahippocampal Cingulum.
There wagartial support fordissociallity of the correlations Thecoefficient of the
correlation between fornix PC1 and scene odditguracy was significantly larger than that
of the correlationdbetween fornix PC1 and size oddity accuragy)&2.019, p = 0.022).
However, it was not larger than that tfe correlations betweeriornix PC1 and face oddity
accuracy (@=0.442 p =0.329. Similarly, the correlationoefficientbetween ILF PC1 and
face oddity accuracy was significantly larger than tifahe correlationbetween ILF PC1
and size oddity accuracy#z= 1.991, p = 0.023), but was not larger than tbithe
correlationbetween ILF PC1 and scene oddity accuragy<2..390, p = 0.082Also,
coefficient of the correlation between fornix PC1 and scene oddity accuracy was not
significantly larger than that of the correlation between PHC PC1 and sdélitg accuracy
(236)= 1.454, p = 0.146).

Multiple linear regression waasoused to assess whether fornix microstructure was
specificin its relationship withscene oddity accuraayr whether ILF and PHC
microstructure also contributedA model with fonix P@, PHC PL ILF PCdid not
significantlypredict scene oddity accuradadjusted R= 0029, p = 0267) but fornix PC1
was an independent predictor (p = 0.031, etaded).
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Figure26. Scatterplots showing the relationship between fornix and ILF microstructure, and scene and face «
performance.

The midblue histograms show the distribution of the fornix PC1 data (top) and fornix PC2 data (bottom). The
histograms show the distributions of the ILF PC1 data (top) and ILF PC2 data (bottom). The light blue histog
shows the distribution of thecene accuracy data and the light pink histogram shows the face accuracy data.

blue lines are the regression lines and surrounding shaded areas represent the 95% confidence \atr\thhat
the accuracy data has been transformed to normiadighlight.  LDKn dnm Tt @

ILF: Inferior Longitudinal Fasciculus. PC: Principal Component.

5.3.3.2 Investigating relationships betweeddityRT and tract microstructure

There were naignificantcorrelations between fornix or ILF microstructure and oddity RTs

(TableB). However, the BF indicated weak evidence in favour of a correlation between face
RT and ILF PC1.
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SceneRT FaceRT SizeRT
Fornix PCl1 r=-0.02 r=-0.111 r=0.020
p =0.362 p =0.250 p =0.547
BFo=0.37 BFo=0.43 BFo=0.36
PC2 r=-0.194 r=0.148 r=0.020
p =0.882 p =0.816 p =0.548
BFo=0.66 BFRo=0.51 BFo=0.36
ILF PC1 r=-0.171 r=-0.319 r =-0.020
p =0.150 p =0.024 p =0.453
BFRo=0.57 BFo=1.99 BFRo=0.36
PC2 r=-0.030 r=0.189 r=0.011
p =0.573 p =0.125 p=0.473
BFo=0.36 BFRo=0.64 BFRo=0.36
PHC PC1 r=0.011 r=-0.199 r =-0.038
p =0.528 p=0.113 p=0.410
BFo=0.36 BFo=0.68 BFo=0.36
PC2 r=0.097 r=0.238 r =0.001
p =0.278 p =0.073 p =0.498
BRo=0.42 BRo=0.91 BFo=0.36

Table8. Relationships between oddity RT and microstructure components of the fornix and the

ILF.

Onegl & tSINE2YQA
and PHGQnicrostructure, and oddity RT.

* AGKE AIKGA

ILF: Inferior Longitudinal Fasciculus. PC: Principal Component. PHC: Parahippocampal &mgulum.

Reaction Time.

LKA dow@. NgBO.F | A IKE AIKGE |
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5.3.3.3 Inspecting the relationships between oddity performance and theta and gamma

power in the HPC ROI

It was hypothesized that sceiask HPC theta {8 Hz) power difference (between task and
fixation) would be correlated with scene task accuracy. This trend was apparemi: The

value of thecorrelation exceeded thexperimentwise alpha levebut the BF indicated

evidence in favour of the alternative model. As predicted, significant correlations were not
found between face task HPC theta difference and face accuracy, or between size task HPC
theta difference and size oddity accuracy. Furthereydhe BFs indicated evidence in

favour of the null models (Tab®).

Contradictory to the hypothesis, neither low (80 Hz) nor high (680 Hz) HPC gamma

power difference (between task and fixation) in the scene task correlated with scene oddity
accurag. Significant correlations were also not found between face task HPC gamma
difference and faceddity accuracy, or between size task HPC gamma difference and size
oddity accuracy (Tab®). Scatter plots showing the relationships between HPC theta, and

sene and face oddity accuracy, are shown in Figire

Scene accuracy Face accuracy  Sze accuracy

HPC thetgpower r=-0.374 r=0.84 r=0.051
difference(task vs p = 0.0D p=0.82 p =0.756
fixation) (N=40) BFRo=4.24" BFo=0.40 BRo=0.37
HPdow gammapower r =-0.054 r=-0.182 r=-0.025
difference(task vs p =0.750 p =0.281 p =0.883
fixation) (N=38) BF,= 0.38 BFo=0.61 BFRo=0.36
HPChighgammapower r=-0.034 r=-0.301 r =-0.097
difference(task vs p = 0841 p = 0070 p =0.567
fixation) (N=38) BF,=0.37 BRo=1.58 BRo=0.42

Table9. Relationships between oddity accuracy and HPC theta, low gamma and high gamma power
during task compared to fixation

Partial correlation tests, anBayesian correlation tests, between HPC theta and gamma power (task v
fixation) and oddity accuracy.
*'AIKEAIKEGA LKA Qavygd. N diiffefs ineadiKrowk dBekial citlier deletian.

HPC: Hippocampal Complex.
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Figure27. Relationships between scene and face oddity task accuracy and HPC theta power difference between task
fixation, with MEG trial number partialled out.

The light blue histogram shows the distributiof the residuals of the scene accuracy data, and the light pink histogram
the distributions of the residuals of the face accuracy data. The dark blue histograms show the distributions of thesref
the HPC theta difference for scene vs figat{left) and face vs fixation (right). The blue lines are the regression lines and
surrounding shaded areas represent the 95% confidence intd¥edk that the accuracy data was transformed to normal.

HPC: Hippocampal Complex.

HPC theta powedifference between scene and sizi the scene tasKkid notcorrelate
with scene oddity accuracy. Significant correlations were also not found between face task

HPC theta difference (between face and size) and dadiy accuracy (Table 10).

There washowever,weakevidence foratrend between scene oddity accuracy and HPC
high gamma power differengcéetween scene and sizbut the p-value of thecorrelation

exceeded theexperimentwise alpha leve{Table 10)
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Scene accuracy Face accuracy

HPC thetgpower r =0.071 r=-0.008

difference(scene/face p =0.667 p =0.962
VS size) BFRo=0.38 BRo=0.35

HPJdow gammapower r=0.110 r=-0.047

difference(scene/face p =0.504 p=0.778
VS size) BFRo=0.43 BRo=0.37

HPChighgammapower  r =0.338 r=-0.015

difference(scene/face p =0.035 p =0.929
VS size) BFo=2.62 BFo=0.35

Table10. Relationships between oddity accuracy and HPC theta, low gamma and high gamma
power duringscene or face tasksompared tosize task

Partial correlation tests, and Bayesian correlation tests, between HPC theta and gamma power
(sceneffacevssize andoddity accuracy.
T AIKEAIKGEA LIKN Qow@ N0 F | A IKE AIKGa . C

HPC: Hippocampal Complex.
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There was partial support for dissociability of the correlatidriee coefficient of the
correlation between the scene HPC theta power difference (compartdfixation) and

scene oddity accuracy was significantly stronger than that of the correlation between face
HPC theta power difference (compared with fixation) and face oddity accuragy {z

2.607, p = 0.009). However, tipevalue for thetest between the coefficient of the

correlation between the scene HPC theta power difference (compared with fixation) and
scene oddity, and that of the correlation between size HPC theta power diffegerttsize

oddity accuracy, exceeded the experimavise alpha level (#)=-2.204, p = 0.028).

The coefficient of the correlation between the scene HPC high gamma power difference
(compared with size) and scene oddity was not significantly larger trarofiihe
correlation between face HPC high gamma power difference (compared with size) and face

oddity accuracyzzz= 1.859, p = 0.063).

5.3.3.4 Investigating thregart relationships betweestene oddity performancdPC

theta powerandfornix microstructure
It was hypothesized that there would be a three peetationship between HPC oscillatory
activity, fornix microstructure and scene task accuracy. Correlations were found between
HPC theta difference (compared with fixation) in the scene task and sceunmayg, and
between fornix PC1 and scene accuracy bumik PC1 did nagignificantly correlate with
HPC theta difference in the scene tasklfle 1).

However, there was a negative correlation between fornix PC2 and scene HPC theta
difference(comparedto fixation)and the correspondinthe BF indicated evidence in

favour of the alternative model (Tabld}l In line with the hypothesis, this correlation
coefficient was significantly stronger than those of the correlations between ILF PC2 and
scene HPC #ta power difference (%)=-2.5%, p =0.010), and between PHC PC2 and
sceneHPQheta power difference (g)=--2.335 p = 0.020). However, this correlation
coefficient was not stronger than those of the correlations between fornix PC2 and face
HPQheta power difference (z)=-1.661, p = 0.097) or sizéPCheta power difference
(z36y=-0.636, p =0.548).Indeed, there was weak evidence supporting trends between

fornix PC2 and face and size HPC theta difference (compared to fixation).

As predicted, there were no significant correlations between ILF or PHC microstructure and

theta power differences in angf the conditiongStatistics shown iAppendix 2B).

141



Chapter 5: Examining relationships between structure, function, and oddity performance in the PMN and AIN.

SceneHPCheta  FaceHPCheta SizeHPCtheta
power difference power difference  power difference

Fornix PCl r=-01& r=-0.295 r=-0.193
p =0.331 p =0.072 p =0.246
BRo= 055 BRo= 1.56 BFo= 0.65
PC2 r=-0.389 r=-0.277 r=-0.355
p =0.016* p =0.093 p =0.029
BRo= 4.89* BRo=1.28 BRo= 2.91

Tablell. Relationships between HPC theta power difference (compared to fixation), and fornix
microstructure.

Partial correlation tests, and Bayesian correlation tests, between HPC theta power (task vs fixation)
and tract microstructure
T AIKEAIKGA LIKN Qo NB9. f | AIKE AIKGa . C

HPC: Hippocampal Complex. PC: Principal Component.
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5.3.3.5 Investigating thregart relationshipbetweenface oddityperformance FG

gamma poweand ILF microstructure

Contradictory to the hypothesis, neither low nor high FG gamma power difference
(compared with fixation), during the face taslignificantly correlated with face task
accuracy. Similarly, were there no significant correlations between high or low FG gamma
power difference (compared with fixation) during the face task, and either of the ILF

components (Table2).

Sceneaccuracy Face accuracy Sze accuracy ILF PC1 ILF PC2
FGlow gammapower r =-0.035 r=-0.225 r =-0.002 r=-0.185 r=0.223
difference(task vs fixation) p =0.832 p =0.169 p =0.992 p = 0.266 p=0.178
BFo=0.36 BFo=0.83 BFo=0.35 BFo=0.62 BFRo=0.81
FGhighgammapower r =0.032 r=-0.232 r=-0.039 r=-0.289 r=0.159
difference(task vs fixation) p =0.848 p =0.156 p =0.817 p =0.078 p =0.340

BFRo=0.36 BFRo=0.88 BFRo=0.36 BRo=1.44 BFRo=0.54

Tablel2. Relationships between low and high FG gamma powytesk vs fixation) oddity accuracy and ILF microstructure.

Partial correlation tests, and Bayesian correlation tests, betwe®gamma power difference (task vs fixation) and oddity
accuracy (N40), and betweerFGgamma power difference and ILF microstructure (8)=3
*AAKEATKGA LIKhdowdT @ Fl AIKEAIKGE | . C

FG: Fusiform Gyruk.F: Inferior Longitudinal Fasciculus.

Contradictory to the hypothesis, neither low nor high FG gamma power difference
(compared with size), during the face task, significantly correlated with face task accuracy
(Table B).

Scene accurac' Face accuracy

FGlow gammapower | r =0.089 r=0.051
difference(scene/face vs p =0.591 p =0.760
size)| BRo=0.40 BRo=0.37
FGhighgammapower r=0.314 r=0.013
difference(scene/face vs p =0.052 p =0.940

size) BRo=1.95 BRo= 0.35

Tablel13. Relationships between low and high FG gamma power (task vs aizeé)oddity accuracy.

Partial correlation tests, and Bayesian correlation tests, betwe@&gamma power difference
(scenelfacevssize and oddity accuracy
I AGKEATKGA LIDKN Do N0.F | AIKE AIKGE | . C

FG: Fusiform Gyrus. 143
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A graphical summary of the main results is shown in Fig8re 2

No significant
correlations between
PHQmicrostructure
componentsand
oddity performance
or HPC thetgpower
modulation.

Correlations between
both ILF
microstructure
componentsand face
oddity performance

Correlation
between
YwO2KSNB)
fornix
microstructure
compaentand
HPC theta
modulation.

Evidence for
correlation between
WNB & i NROGA
microstructure
componentand scene
oddity performance

N

YQ F2NYAE

Correlation between
scene oddity
performance and HPC
theta modulation.

Figure28. Graphical summary of findings of correlations between structure, function and behaviour.

(The brain image was made using ExploreDTI and an example dasetans et al., 2000

HPC: Hippocampal CompléXxF: Inferior Longitudin®dasciculusPHC: Parahippocampah@ulum.
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No associations were found between PHC (green tract) microstructure and oddity performance or betw
PHC microstructure and HPC oscillatory power differences, between scene task and fixation (green ari
There were correlations between ILF (red tract) mstructure and face oddity performance (red arrow).
There was evidence for correlations between fornix (blue tract) PC1 and scene oddity performance, be
fornix PC2 and HPC theta power difference between scene and fixation, and between scene oddity
performance and theta power difference between scene and fixation (blue arrows).
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5.3.4 Exploratoy searclesfor associations between structure, function and oddity

accuracy.

5.3.4.1 Investigating relationships between other PMN ROlsvaontebrainpower

modulationstask accracy and tract microstructure

An exploratory examination of the relationships between theta power differences

(compared with fixation) in other PMN ROI data and task accuracy revealed no further

significant correlations. However, there was a negatieadrbetween scene PCC theta

power difference and scene oddity accurg@able #). Although the pvalue of this trend

exceeded theexperimentwise alpha levekhe correlation coefficient was significantly

stronger than that of the correlation between face PCC theta difference and face oddity

accuracy (z)=-2.618, p = 0.009), and it was also significantly stronger than that of the

correlation between size RCtheta difference and size oddity accuragy,@-2.348, p =

0.019). Similarly, there was a negative trend between scene PCC low gamma power

difference and scene oddity accuracy, but this correlation coefficient was not significantly

stronger than thoe of the correlations between face PCC low gamma difference and face

oddity accuracy, or size PCC low gamma difference and size oddity accuralcye§p

>0.05).

Scene accuracy Face accuracy dze accuracy

mPFQheta power difference(task vs fixationjN=40)

PCGQheta power difference(task vs fixationjN=40)

IPLtheta power difference(task vs fixationjN=40)

mPFQow gammapower difference(task vs fixation)
(N=37)

PCGow gammapower differencetask vs fixation)
(N=37)

IPLIow gammapower difference(task vs fixation)
(N=35)

mPFigh gammapower difference(task vs fixation)
(N=35)

r =0.057
p=0.731
r=-0.337
p=0.86
r=-0.138
p = 0401
r =-0.092
p = 0.603
r=-0.343
p = 0.046
r=-0.185
p = 0.296
r = 0066

p = 0702

r=0.173
p = 0292
r=0139
p = 0423
r=0.192
p = 0245
r =-0.004
p =0.982
r=-0.124
p = 0.486
r=0.147
p = 0.407
r=-0.156
p = 0362

r=0.179
p =0.275

r=0.069
p =0.675

r=-0.046
p =0.779

r =-0.065
p=0.717

r=-0.292
p =0.094

r =-0.309
p =0.075

r =-0.257
p =0.130
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PCaighgammapower differencetask vs fixation) r =-0.050 r =0020 r=-0.163
(N85 p=0772 p = 0910 p =0.344

IPLhighgammapower difference(task vs fixation) r = 0001 r=-0.155 r =-0.085
(N=35) p =0997 p = 0366 p =0.621

Tablel4. Correlation tests between PMN ROI theta and gamma power, and oddity accuracy.

Partial correlation testbetween PMN ROI theta power (task vs fixation) and oddity accuracy.
No significant correlations were founil. values shown on each raamd differed due to outlier removal.

IPL: Inferior Parietal Lobule. mPFC: Medial Prefrontal Cortex. PCC: Posteri@t€gukex.

There were no significant correlations between scene mPFC, PCC or IPL theta power and

fornix microstructure (Table5).

Fornix
PC1 PC2
ScenemPFGheta | r =0.002 r=-0.169
p =0.992 p =0.310
ScenePCQheta | r =-0.254 r =-0.208
p =0.123 p =0.211
ScendPLtheta | r =0.006 r =-0.325
p =0.972 p =0.047

Tablel5. Correlation tests between PMN ROI theta and gamma power, and fornix microstructur

Partial correlation testbetweenPMN ROtheta power 6cenevs fixation) and tract microstructure

IPL: Inferior Parietal Lobule. mPFC: Medial Prefrontal Cortex. PC: Principal Component. PCC:
Posterior Cingulate Cortex.

5.3.4.2 Wholebrainsearch for negative theta powetodulationsand scene oddity

accuracy correlations
To see if the negative correlation between theta power and scene oddity accuracy was
specific to the HPC, a osidedwhole-brainsearch for negative correlatiotgtween theta
power difference (compared with fixation) and scene task accuracy was carried out (while
controlling for the number of MEG trials in each condition). In accordance with the result of
the confirmatory correlation analysis focusing on the H¥L, a large cluster where theta

power difference in the scene task negatively correlated with scene oddity accuracy was
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revealed (cluster p = 0.048his encompassed several posteromedial areas, including
bilateralMTL bilateral inferior temporal lobgyrecuneus and the PCC (Figag. No

significant clusters were found for equivalent partial correlation tests between theta power

Figure29. Relationships between theta power difference (compared wiilkation) and scene accuracy.

Negative relationships were found in bilateral medial and inferior temporal lobes, the right hippocampus &
PCC. Colours representalues, and the scale is shown below the middle im@gha threshold = 0.05) = lef.
R =right. M = midine.

differences during face or size conditions, and face and size oddity accuracy.

5.3.4.3 Investigatingelationships between task accuracy difterences between scene
and facewholebraintheta and gamma oscillatory power

Sourcesource subtractiorcan aidlocalizationof oscillatory activity from deep sources in

MEG (se&hapter 2. Therefore, associations betweavhole-brain power tmap

differences betweerhe conditions(seeChapter 4, and scene and face oddity accuracies,

were alsocexplored(while controlling for the number of MEG trials in each condition).

Partialcorrelationtestsbetweenscene oddity accura@ndscenevssize thetdlow gamma
t-maps (controlling for scene and sizadl numbersyevealed no significant clusters.
However, partial correlations tests between scene oddity accuracy and sssiee high
gamma tmaps (controlling for scene and size trial numbers) revealed one large positive
clusterspanning multiple medlaareas including bilateral MTjortions of the cerebellum,
PMC inferior occipital areas and superior frontal cortex areas (cluster p = O(BRRire

30). Partial correlationtestsbetweenface oddity accuracy arfdcevssize thetdlow
gamma/high gammé&mayps (controlling for face and size trial numbers) revealed no

significant clusters.

A partial correlation tesbetweenscene oddity accuracy amsdenevsfacethetat-maps

(controlling for scene and face trial numbersyealed one lage positive cluster spanning
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several medial areas including portions of the cerebellum, PCC, middle cingulate cortex,
thalamusandcaudate (cluster p = 0.02@Figure 8). The equivalent test for correlations

with face oddity accuracy revealed no significelusters

Partial correlations testbetweenscene or face oddity accuracy ascenevsface low
gammat-maps(controlling for scene and face trial numbersyealed no significant

clusters.

A partial correlation tesbetweenscene oddity accuracy amsdenevsface high gamma
maps(controlling for scene and face trial numbersyealed one large positive cluster

which includedhosteriorright MTL, the PCC, the occipital lobe, right inferior parietal cortex
and the right precuneus (cluster p = 0.04Bigure B). The equivalent test for correlations

with face oddity accuracy revealed no significant clusters

accuracy and scene>size high gammj accuracy and scene>face theta accuracy and scene>face high gamma

Correlation between sceneddity Correlation between sceneddity ‘ Correlation between sceneddity

.
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Figure30. Relationships between scene oddity accuracy and oscillatory power differences between conditions.

-4 %

Left: Positive relationships were fourttbtween scene oddity accuracy and scene vs size high gamsesgeral medial areas
such including portions of the cdsellum, bilateral MTL, inferior occipital areas, PMC areas and the superior frontal corte:
Middle: Positive relationships were fourbtween scene oddity accuracy and scene vs flaeta in several medial areas
including portions of cerebellum, PCC, di@cingulate corteandmidbrain. Right: Positive relationships were fouretween
scene oddity accuracy and scene vs face high gamartions of the right MTL, PCC, occipital lobe, and the right precune
Colours represent-valuesfrom correlation estsaccording to the keys shown below the imagatpha threshold = 0.05M =
midline. R = right.

5.3.4.4 Investigating the frequegcspecificity and timing of the correlation between scene
HPC theta poweanodulationand scene oddity accuracy
To understand whether scene oddity accuracy related to scene HPC power difference
(comparedto fixation) in the theta bananly, scene HPC powelifference (compared to
fixation)was also calculated for the frequency bands surrounding theta and gamma, and
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partial correlations between these values and scene oddity accuracy were tested
(controlling for MEG trial numbersjhesetestsrevealed thatscene HPC delta power
difference negatively correlated with scene oddity accuracy (Tad)leThere were no
significant correlations between scene HPC power difference and scene oddity accuracy in

the alpha or beta bands.

Scene accuracy

HPdelta power difference(task vs| r =-0.401
fixation) | p =0.012*

HPCalphapower difference(task vs| r =-0.233
fixation) | p =0.154

HPQbeta power difference(task vs| r =-0.033
fixation) | p =0.843

Tablel16. Relationships between scene HPC ROI power difference in surrounding frequency bands at
scene oddity accuracy.

Partial correlation tests between HPC oscillatory power difference (task vs fixation) and scene oddity
accuracy.
*IAIAKEATIKGE LK ndamTtd® blnnod

HPC: Hippocampal Complex.

To further understand théaterality, timing andfrequencyspreadof this relationship

between HPC theta/delta power and oddity accuracy, and how they compare in the scene
and face tasks, HPC tiAfrequency data of the scene arfigice taskgcontrasted with the
fixation period were tested for partial correlations with scene and face oddity accuracy

data, respectively (controlling for MEG trial numbers).

In the right HPC scene data, there was a negative cluster, spanning theflegqugencies

and encompassing theta and delta, which commenced at around 0.4 s and continued for
the rest of the timeperiod (cluster p = 0.002). Equivalent partial correlation tests between
time-frequency comparison of the right HPC virtual sensor dutiegace task and fixation
period and face oddity accuracy data (controlling for MEG face trial numbers) revealed no

significant clusters (Figul).

The left HPC scene data also contained a negative cluster, spanning the lower frequencies
and encompasnag theta and delta, which commenced at around 0.5 s and continued for
the rest of the timeperiod (cluster p = 0.0062). Equivalent partial correlation tests between

time-frequency comparison of the left HPC virtual sensor during the face task and fixation
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period and face oddity accuracy data (controlling for MEG face trial numbers) revealed a
negative cluster, spanning low to high gamma ranges, which commenced at around 1.4 s

and continued to the end of the timgeriod (cluster p = 0.027) (Figusg).
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Scene> Fixation
Test for correlations with
scene oddity accuracy.

Frequency (Hz)

Right HPC
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Figure31. Whole time frequency search for correlations between right and left HPC theta power difference

(compared with fixation) and scenand faceoddity accuracy.

Colours represent-talues, according the to the key presented next to each spectrogram. Dateddutline

significant clusters (alpha threshold = 0.05).

HPC: Hippocampal Complex.
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5.3.5 Incidentalmemory behavioural data

Overall, memory performance was podhe mearof scene hit ratavas 063 (D = 0140),

with ameanfalse alarm rate of @5 (D= 0140). The mearof facehit rate was 055 (D=

0.156), with a false alarm rate of 4 (D=0140.¢ KS YSIy RQ a02NBa F2N a0Sy
were 0.49 (SD = 0.452) and 0.28 (SD = 0.287), respegctindlyere both above the chance

level of O (sg)=9.197, p>0.00% tz9 =6.197, p>0.000® ¢ KS RQ &d02NBa F2NJ a0SyS:
significantly larger than those for facegdt= 2.635, p = 0.01Bko = 3.49, and the two did

not correlate significantly @)= 1.001, r = 0.161, p = 0.32Fo= 0.33.

However, assessing recognition performance without confidence may not reveal if the

confidence wih which items were remembered differed across the stinlubi.assess

whether the difference in memory performance for scenes and faces was reflected in the
O2yFARSYOS 2F KAG NBaLlRyasSasr (GKS LINRLRNIAZ2Zy&a 27
RSTAYAESNEG G REMNE GKIy aL GKAY|l AdQa ySgeéo gSNBE 02)
average, 50% of the scene hits, and 26% of the face hits were answered with high

confidence (Figur82). These weresignificantly differentt(sg)=7.101, p<0.001 BFo=

846112.
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Figure32. Confident scene and face hits, as proportions of all scene and face hits.

Density plots of confident scene and faceresponses, as proportions of all scene and face hits,
averaged over the group. Red dqgtst mean. Boxplots indicate the median and upper and lower
quartiles.

5.3.5.1 Associations between oddity performance and memory performance

Atwo-way RMANOVAwas constructedo test whetherscenes and faces differed in terms
of the proportions of hit responses for stimuli answered correctly or incorrectly in the
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odditytaskd6 1 KS WO2yRAGA2Y Q FlI OG2NJ KIR (62

f SOSt

levels, odditycorrect and oddityincorrect, andthe dependant variable was the proportion

of hitsin the memory task There was simple main effect of conditiompre hit

responses for scenes thdor faces Ri,39= 10.067, p = 0.003) btitere was namain effect

of oddity task accuracyrg ze)= 2.653, p = 0.11lindicatingthat stimuli answered correctly

in the oddity task were not moreor lesslikely to be recognised as previouslgen than

stimuli answered incorrectlgFigure 3).

Also, there was no significant interaction betwesondition and oddity accurad¥z,3e) <
0.001, p =0.9983

BayesiatRMANOVA also supported these results. A mddeed on the alternative

hypothesis that condition influenced hit rate was supported with the highest BE£BF

278.65, compared to the null). The model based on the alternative hypothesis that oddity

accuracy influenced hit rate was not supported (B+0.29).
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Figure33. Proportion of hit responses in odditgorrect trials andoddity-incorrecttrials.

Density plots of odditicorrect and oddityincorrect scene and face higsponses, as proportions of all old oddiyrrect and
oddity-incorrect scene and face trials, averaged over the group.
Red dots/u= mean. Boxplots indicate the median and upper and lower quartiles.
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Acorrelation test reveadalJ2 8 A G A @S (GNBYR 0Sis6SSy a0SyS 2RRAG@

but the p-value exceeded the experimentise alpha thresholdgg= 2.157r = 0.330, p =
0.037),andthe BF indicateaveakevidence in favour of the alternative model over the null
model BRo=2.37). There was also a positive trend between face oddity accuracy and face
R,®ut the pvalue exceeded the traditional alpha levietg=1.913r = 0.B0p = 0.063)

and the BF indicatkonly weakevidence in favour of the alternative model over the null
model BRo=1.61; Figure34).

r=0.330 » 1r=0.290 *
p = 0.037 ® p =0.063 ® .
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Figure34. Relationships between oddity and memory performance for scenes and faces.

The light blue histogram shows the distribution of the scene accuracy data, and the light pink histogram sho
RA&AGNAROdzIAZ2Y 2F (GKS FI OS | OOdzN» 08 RIGF® ¢KS 3INBS
LAYl KAAG23INIY &aK264a8 GKS RA&GNROdziA2y 2F (G(KS FI C
shaded areas representi¢ 95% confidence interval.

5.3.5.2 Testingwhethercorrelations between trachicrostructure and HPC theta power
modulation and oddity accuracy, carry over to memory performance

Onegl &8 O2NNBtlIdA2ya 0SigSSy GNI OG YAONRA&GNHOG dzNB

to investigate whether fornix and ILF microstructure measurestated with scene and

face memory performance, respectively, as they did with scene and face oddity accuracy,

NBaLISOGAGSted ¢KSNBE 6SNB y2 aA3ayAFAOLIY(H O2NNBTf I

(ten=0.840,r=0.137, p = 0.2 = 0.28 orfornix PC2 (¢,y=-0.709, r = =0.116, p =

0.242BRo=029 ® {AYAfFINI&s G(KSNB ¢SNB y2 aArAdyrATioryld

PC1 (&) =-0.45Q r =-0.074, p = 0.67:BFo= 0.23 or ILF PC2=0.187,r =0.031, p =
0.574 BRo= 0.20.

In addition, partial correlation tests were carried out between HPC theta power difference
(compared with fixation) during the scene oddity task and scene memory performance
(while controlling fothe number of scene MEG trials) and between Hi&Zatpower
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difference (compared with fixatiorguring the faceoddity task and face memory

performance (while controlling for the number of face MEG trials). There were no
AAIAYATFTAOLYG O2NNBfFGA2Yya 0SG6SSY &OSYyS |t/
0.9%,r=0.161, p = 0.328Bko = 0.59 or between face HPC theta power difference and

F I O SeRN671 (1=0.264, p = 0.10BkRo= 1.17.
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5.4 Discussion

Thisexperiment aimed tdest relationships between structure and function in components

of the PMN, and performance in a complex scene processing taskp aodtrast these

with relationships between structure and function in components of the AIN and
performance in a complex faceqeessing task. This project expanded upon the work of
Hodgetts et al. (2015y harnessing the added oscillatory and temporal information
provided by MEG and the more biologically specific representation of tract structure
provided by combining DTl measgrwith those obtained using higherder
microstructuremodels. Here, scene processing in the HR@nected to the PMN by the

fornix, was the focus of the research, and it was contrasted with aspects of face processing
in the FG whichisconnected to Al regions by the ILRF hese results provided support for
thePMZASsY GKS WNBAGNAROGAZ2YQ LINPLISNIeE 2F GKS F2NYy;
properties of the ILF were evidenced to be related to complex perceptual processing for
scenes and facesgspectively. Furthermore, HPC theta power difference between the
a0SyS GFal YR FAEFGAZ2Y O2NNBtI SR gAGK a0SyS 2F
property of the fornix. These relationships were unique to the fornix and were not also the
case for PH@icrostructure, a tract which also connects areas of the PMN. Furthermore,
relationships between structure, function and oddity performance were not carried over to
memory performance, indicating that the processes measured were not purely reflections
of incidental encoding. Contrary to the hypotheses, there was not a tpeeerelationship
between fornix microstructure, HPC theta power difference between the scene task and
fixation, and scene oddity accuracy. In addition, gamma power in the FFA diglatetto

face oddity performance or ILF microstructure.

5.4.1 Reduction of tract microstructure measures produced biologically

interpretable components

Tract microstructure data were reduced to two main components. These were biologically

interpretable and were similar to those described in previous studies which also reduced

tract microstructure data through PG&hamberland etlg 2019; Geeraert et al., 2020)

PC1 was most influenced negatively by MD, RD and positively by FR and MPF. It was
AYGSNIINBGSR Fa LRaAGAGStE e NBfFGAYy3a G2 F WNBailNRKC
water movement along the fibres as opposed to otb@persed directions). It shares

similarities to the first component reported bhamberlandet al. (2019), which was

negatively influenced by RD and positively influencedrmtteer measure of fibre density,
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and they also interpreted this componentagré SOUGAY 3 WNBAGNROGAZ2Y Qd L
second component reported iGeeraertSG | £ ® OHnHN0 gKAOK (GKS& yI
LI O1TAYy3Q 06SOIdzaS AG o1 a AyTFidzSYOSR LIRAAGAODST

PC2 was most influenced positively ®D and negatively by FA. It was interpreted as
ySArdA@gSte NBEFGAYy3a G2 I WO2KSNBYOSQ LINE LISNI
orientations). It was similar to the first component reporteddeeraertet al. (2020) which

iKSe yI YRR LPBERIT RS ®SOlFdzasS AG ol a Ay¥FfdzSyOSH
hs5d |1 26SOSNE (KS GSNY WO2KSNBYyOSQ ¢l a dzaSR K
coherency, and therefore increased FA, would reflect a beneficial tract property. The term
WORIWSEAGEQ A& | YOATddzzdza Ay AdGa SELISOGSR NBf |
are slight differences in the resulting components across studies (as would be expected as

there is variation in the microstructure measures and tracts includsathpmon bologically

interpretable properties are revealed supporting the usefulness of microstructure data

reductionacross studies

5.4.2 Partially dissociable correlations between fornix microstructure and scene

task performance, and ILF microstructure and face tadbmnance.

In line with the results of Hodgetts et al. (2015), there waskevidence of a correlation
between the fornix microstructure component relating to restriction, and scene oddity
performance. Although thepalue did not surpass thexperimentwise alpha levelthe
resulting BF indicatedieakevidence in favour of the alternative model over the null.
Similarly, theLF microstructure components relating to restriction, PC1, and coherence,
PC2, correlated with face oddity performance and bothiBéicatedweakevidence in
favour of the alternative model over the null. Moreovengetcoefficient othe correlation
between fornix PC1 and scene oddity performanees significantly larger than that of the
correlation between fornix PC1 and size odgigrformance; and theoefficiens of the
correlatiors between ILF components and face oddity performameee larger than those
of correlations between ILEomponentsand size oddity performancé@hese distinctions

are important because the scene and face oddity tasks require the construction of a view

invariant internal model, whereas the size task does not.

However, the correlations were not dissociable as woulgtaalicted by the PM/iew. The
coefficient ofthe correlationbetween fornix PC1 and scene oddity performanaesnot

significantly larger than that of the correlation betwefmnix PC1 and face oddity
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performance and thecoefficiens of the correlationbetween the ILF PC1 and face oddity
performancewere notsignificantliylarger than that of the correlation between ILF PC1 and
scene oddity performance. This may be due to a lack of power as Hodgetts et al. (2015)
found a significant difference between tloerrelations between ILF MD and face oddity
performance and ILF MD and scene oddity performance, and in the current work, the BFs
for the correlations between ILédmponentsand scene oddity performance indicated
evidence in favour of the null. Althougho#tyetts et al. (2015) did not find a significant
difference between the correlations between fornix MD and scene oddity performance and
fornix MD and face oddity performance, it approached significance. Moreover, Postans et
al. (2014) conducted a similakgeriment comparing associations between fornix
microstructure and scene and face complex processing and did find a significant difference
between the coefficients of correlations between fornix microstructure and scene
performance, and fornix microstruate and face performancé@.hese studies reported

larger effect sizes than those found in the current study. Since the current participant
population was larger than these previous studies but comparable in demographics, it may
be that differences in the mébds (for example natural versus virtual stimuli or tract
microstructure measurement) reduced the tradothaviour correlationspossiblythereby

reducing power.

It was also of interest to understand whether associations between scene oddity
performance andPMN tract microstructure were specific to the fornix, or also related to
microstructure of the PHC, since both these tracts connect areas tiippecampad,
diencephali¢cingulate loopBubb et al., 2017)The hypothesis that the fornix would be
uniquely important wapartially supported by the results. Scene oddity performance did
not correlate with PHC microstructurbut the coefficient of the correlation between fornix
PC1 and scene oddity accuracy was not significantly larger than that of the correlation

between PH®Clandscene oddity accuracy.

Conversely, in a oriled multiple linear regression including fornix PC1, ILF PCRH€d
PC1, and designed to predict scene oddity accuracy, only fornix PC1 significantly
contributed. Together, these results cannot radet as®ciations between ILF and PHC
microstructure and scene oddity performance, Iley indicate thatfornix microstructure
may have an independent relationship with scene oddity performance, distinct from that

between scene oddity performance and ILF or PHiCastructure.
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5.4.3 HPC theta power correlated with scene oddity perforreanc

It was hypothesized that there would be an oscillatory change in the HPC ROI that would be
related to scene task performance, and it was proposed that signals from this location
would largely originate from the hippocampus because the reduction of hippocampal BOLD
was previously found to relate to scene oddity performance (Hodgetts et al., 2015). Indeed,
there was evidence that reduction of HPC theta power during the scene taskatede

with scene oddity performance and not face or size oddity performance, indicating the
importance of decreased HPC theta for successful complex perception of scenes. This aligns
with the common understanding of the importance of the theta rhythm jpploicampal
processindColgin, 2016and with two previous MEG studies which found decreased
hippocampal theta power during novel scene imag&sury et al., 2019; Monk et al.,

2020) The underlying cognitive processes reflected by decreased theta power are not

clear. However, commonalities between these two previous studies and the currentiprojec
include: the novelty of the scene stimuli (every scene in the current work was trial unique);
the requirement for internal processing (internal rotation of the scenes is required to

identify the odd imagend internal novel scene construction was reqdire the tasks of

Barry et al. 2019 and Monk et al. 202and the lack of instruction to encode. Relatedly,
decreasecdhippocampatheta has been reported in rats when they experience novelty in

their environment(Jeewajee et al., 2008and it is suggested that decreased theta

contributes to the generation of thMTL-P300(Jeewajee et al., 2008 commonly

reported evoked signature of novelfieuwenhuis et al., 2011)

Exploration of bilateral HPC tirieequency data, indicated that the association between
scene oddity performance and theta power decrease commenced with a delay after
stimulus onset, and continued for much of the trial time, suggesting thattiéneficial

process was not transient. This pattern was similar for the right and left HPC.

Theta power has also previously been related to performance in MEG navigation studies,
specifically theta power negatively related to time taken to find the bidglatform in a

virtual Morris water maze suggesting that higher theta power was associated with better
performance(Cornwell et al., 2008; Y. Pu et al., 202preover, invasive recording in rats
using the radial arm maze, has shown increased theta preceding correct versus incorrect
spatial decisiongBelchior et al., 2014Although these associations between theta power

change and performance are in the opposite direction to that reported here, they support
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the hypothesis that modulation dfippocampal theta reflects beneficial hippocampal

processes.

To assess the specificity of the frequency effect, tests of correlations between scene oddity
performance and HPC power in frequency bands surrounding theta, delta and alpha, were
also carriedbut as part of the exploratory analyses. The effect was largely specific to the
theta band inasmuch as no significant correlation was found between scene oddity
performance and HPC alpha power. However, a negative association was found with
averaged HPC ta, and the correlation test with HPC tinfieequency data shows that the
negative cluster encompasses delta frequencies for sofiee time period. Frequencies
associated with navigation, such as theta, in humans have been reported to be shifted to
lower frequencies to those reported in animgM/atrous et al., 2013which may be

because human studies involve participants exploring virtual environments without any
physical movemen{Bohbot et al., 2017)Similar to the current results, invasive recordings
from humans navigating virtual environments have shown modulation of both delta and
theta in response to what was viewed in the environm@Matrous et al., 2011)nvasive
recordings in humans during virtual navigation has indicated differing roles for theta and
delta oscillatims: posterior hippocampal theta (around 8Hz) was associated with

movement speed and delta (around 3Hz) was more prominent in the anterior hippocampus
and was not modulated by movement spe@soyal et al., 2020However, the current

results provide no evidence of functional differences between delta and theta modulations

during spatial processingnd there was no movement

Decreases in low frequency power have been shown to accompany increasegenipo
higher frequencie¢Scheeringa et al., 201Ijlowever, there was no equivalent positive
correlation between scene oddity performance and HPC power difference between scene
and fixation, in either of the gamma frequencies. Interestingly, Barry et al. (2019), who
identifieda MEGmeasured decrease in hippocampal theta in response to novel scene
imagery, also reported no equivalent charigédigher frequencies. It may be the case that
increased power in higher frequencies did occur but were undetected, because accurate
localization of higher frequency signals from deep sources with MEG is more challenging
because of the decreased SNR of MEG recosding to sourcesensor distance and
muscle artefact§Muthukumaraswamy, 2013Peep source localization of MEG signals is
improved when stronger signals related to visual processing are canoeiidxy
contrasting two visually similar tasks, rather than contrasting a task to a bagklilte et
al., 2012; Quraan et al., 201This may have meant that oddity performangpower
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modulation correlations were missed ihe confirmatory analyses that comprised task vs
fixation comparisondndeed, the exploratoryest of correlations betweenmaps of the
differencebetween scene and size high gamma power, and scene oddity accuracy revealed
a positive cluster which includebilateral MTL areas. Similarly, the exploratory test of
correlations between-maps of the differencéetween scene and face high gamma power,
and scene oddity accuracy, revealed a positive cluster which included areas of the right
MTL.Together, the reglts could indicate that optimal complex scene processing in the
hippocampus, entails increased high gamma poiveronjunction withdecreased

theta/delta power. However, further confirmatory investigation of the relationship

between scene oddity performae and hippocampal gamma, ideally with invasive

recording, would be required to test this.

It is important to note that the correlation between scene oddity performance and
decreased scene HPC thatelta was not a phenomenon occurring acrosd@ier
frequencies as there was no equivalent correlation with scene HPC &alphvaver, it
remains unclear whether the reduction in theta/delta power reflects one process which
causes a widspread power reduction, or two simultaneous processes, and, if the Jatter

whether these processes took place in the same MTL structure.

Decreases in low frequency power, including decreases in {Reliner et al., 2016have

been associated with increased BOLD si¢daheeringa et al., 201I)his highlights a
discrepancy between the current results and those of Hodgetts et al. (2015), as they found
an association between the extent of decreased hippocampal BOLxand sddity
performance. It could be that this decrease in hippocampal BOLD, and the decrease in HPC
theta found in the current study, reflect different aspects of the same hippocampal
process, and that the unexpected relationship between the two stenm ftte complexty

of the relationship betweerthe BOLD responsand hippocampaheuronal activity.
Alternatively, it could be that the two modalities have measured different processes. One
clear difference between fMRI and MEG measurements is the tempdoaination: each

give blurred representations of multiple simultaneous processes over time, but on different
scales. Whereas Hodgetts et al. (2015) averaged BOLD data over 6 s trials, in this study,
oscillatory power in the first 2 s was examined, befora@e indepth look of this time

period with timefrequency analysis. Considering the complexity of the oddity task, it is

imaginable that several processes take place within 2 s|ikelg more, in 6 s.
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5.4.4 Is the HPC theta result reflective of hippocangpatessing?

Although hippocampal activity is fundamental to this test of PMN functioning in complex
scene perception, and functional results have been interpreted in relation to hippocampus
related literature,it is uncertain whetherecordings in this suly reflect hippocampal

signals. Indeed, the HPC ROI is made from hippocampal and parahippocampal AAL atlas
ROIs (because deep source localization is inaccurate and these areas have been analysed
together in previous MEG resear(Pu et al., 2017) so it may be that theta decreases in

the parahippocampus or PrC, rather than the hippocampus, actually correlated with scene
oddity performance. However, it is unlikely that PrC signals contribute to the HPC power
measures, considering the previous fM®irk which has identified scene oddity task

related BOLD modulations in the hippocampus and not(Addgetts et al., 2015and

consideringhe challenge involved in measuring PrC activity with MEG.

Furthermore, the trend between fornix PC2 and HPC theta, found in the current study, may
indicate that these sigals originate from the hippocampus rather than the

parahippocampl cortexbecause the fornix is the major connecting tract of the
hippocampugBubb et al., 2017Relatedly, Hodgetts et al. (2015) did not find any
correlations between fornix microstructure and parahippocaigortexBOLDOnN the

other hand, both the hippogapus and parahippocampal cortbave been shown to

engage during the scene oddiigsk(Hodgetts et al., 201&ndboth areas may have

displayed a decrease in theta power in this studiture workcouldaddress this

localization uncertaintyising invasivelectrophysiological recording, comparing oscillatory

local field potential recordings between the hippocampus and parahippocampal areas.

7

545 1t/ GKSGF | yR F2NY A Econpbront@adeditdidizDel dzNBS  WNSEB &

oddity accuracybut not to each other

Although it was expected that there would be a thyigert relationship linking fornix

structure, HPC theta and scene oddity performance, the results suggest there are separate
correlatedgroups of related variables: fornix PC1 and scene oddity accurae $1PC

theta power difference and scene oddity accuracy; and fornix PC2 and scene HPC theta

power difference. Interestingly, this suggests a dissociation in the importance of the fornix

restriction property and the fornix coherence property in PMN fumitng. Fornix

WO2KSNBYyO&2Q ¢Fa AYRAOIFIGSR (G2 NBEIGS LRaAGADStE & ¢

between fornix PC2 and theta power), suggesting that this property may aid theta
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oscillations in this circuit. Although this result clashes with théirfig that scene HPC theta
negatively relates to oddity performance, it fits well with literature showing the importance
of connectivity via the fornix for hippocampal theta rhyth(@enear et al., 220). On the

other hand, a reduction in fibre coherence could be interpreted as an increase in fibre
complexityand it is possible that fornix fibre complexity correlates with reductions in theta
powerduring scene oddity task completiofhis would thefbe compémentary to the

finding that scene HPC theta negatively relates to scene oddity performAndavasive

animal electrophysiological and histological study measuring theta power modulations and

fornix fibre shapes, would be beneficial in validgtthese suggestions.

Hodgetts et al. (2015) also found this dissociation: while fornix MD correlated with scene
oddity performance, fornix FA correlated with hippocampal BOLD difference between the
scene task and baseline. They suggest that some butlhas@ects of hippocampsl

related scene processing are mediated by the fornix, based on three relevant findings: non
fornical hippocampal pathways are also important for spatial proceg¢Biogont et al.,

2015) fornix lesions, impaing spatial memorydisrupthippocampal plasticity changes
instead ofneuronal activityFletcher et al., 2006 and that the fornix may aid functions not
attributable to the hippocampuéWhishaw & Jarrard, 1995)

However, neither hippocampal theta power nor BOLD reflect the full orchestra of
KALILIRZ OF YLI £ Fdzy OlA2yAy3a YR F2NYAE WNBaldNAOi
processes that went unmeasured, or that the relationshipssgsn structure and function

are more complex than the current analysis was able to reveal. For example, there are
correlations between ME®easured spontaneous signal complexitgrhpetZiv's

Complexity andwhite-matter microstructure in several trac{&ernandez et al., 201ahpd,
signal complexityas been shown to be reduced in casémild cognitive impairrant,

where it correlates with hippocampal voluni8humbayawonda et al., 202@Iternatively,
fornix microstructure, as well as eding to hippocampal activity, may also influence
functional connectivity between the hippocampus and more distant brain areas, which was
not measured here. For example, correlations have been found between functional
connectivity of the hippocampus ar@iMN areas, fornix microstructure and cognitive

ability, in patients withAD(Wang et al., 2020)

The dissociation may also comieoait because of the different types of individual variation
being measured. On the one hand, structure is a static trait (although structure can change

with learning(X. Wang eal., 2014) we assume changes are minimal in the time period
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between the MEG and MRI scan), whereas the functional measures reflect state traits:
magnitude of oscillatory differences between two tasks, or betwtssk and baseline. For

example, therelationshipbetween fornixPC2and HPGcenetheta power difference

between scene and fixatigh YLJX A Sa& G KI ( r@la@eNpositvelyWwihsdedeNBy O0S Q
HPCheta power, even though average HPC theta power isdoim the scene task versus

GKS FAEFGA2Yyd ¢KSNBF2NBX AlG O2dzgBneralS GKIF G F2NYAE
propensity for an individual to generate theta rhythms in the HPC regardless of the current
state. It is possible to measure more statidiiidual differences in functional data, which is

not reliant on task state, in the form &Sconnectivity Previous work has shown

correlations between tract microstructure arRiSconnectivity(Messaritaki et al., 2020)

and betweenRSconnectivityand behaviour(Wegman & Janzen, 201Qhapter 6

describes an investigation into relationships betweR&connectivityof the hippocampus

and PCC to other PMN areas; tract microstructure; and oddity task performance.

5.4.6 Explorgory analyses results indicate that oscillatory power differences in

other PMN areas are associated with scene oddity performance

The PMview suggests that the hippocampusrigportant forcomplex scene processing

due to its role in creating viewnvariart internal spatiotemporal model@Graham et al.,

2010; Murray et al.,@17) However, other areas of the PMN are also thought to aid spatial
processindClark et al., 2018; Hodgetts et al., 2QIB)erefore, associations between theta
and power changes between task and fixation in the mPFC, PCC and IPL, and scene oddity
performance were also explored. dhesults of this exploratorgnalysis suggestgaCC

theta powernegatively correlated witlscene oddity performance, ardid not correlate

with face or size oddity performance. Similarly, a wHalain search for negative

associations between theta powdifference between the scene task and fixatiand

oddity performance, revealed a large cluster which included bilateral MTL, PCC and
precuneus Similarly whole-brain searcksfor correlations between scene oddity
performance and high gamma power diffece between the scene and size conditions,

and between the scene and face conditions, both revealed positive clusters which included
PMC areasAlthough it is important not to oveinterpret results from exploratory analgs,

these resultamirror results fom an fMRI studythat found increased PCC/precundd®LD
modulationduringa scene odditytaskversus face or object oddity tasiSostigan et al.,

2019) Itis suggested thahe role ofthe PCGs to aidscene processinigy receiving spatial
representation information from parietal areas and passifgrmation to the

parahippocampus and hippocampus, thereby providing the spatial component of
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spatiotemporal representationfRolls, 2019)in line with this findingChapter 4revealed
significant oscillatory changes in the PCC/precuneus in the scene and face conditions

comparison.
5.4.7 FGgamma did not relate to face oddity performance or ILF microstructure

In contrast to the hypothesis, and the findings of Hodgetts et al. (2015), no significant
correlations were found betweeRGgamma power difference (in either gamma band)
between the face task and fixation, and face oddity performance, or ILF micros&uctur

There are several possibilities for these findings. First, although gamma power has been
shown to positively correlate with BOLD, it is not the only contrib(xstrom, 2010)

Therefore, the process reflected by FFA BOLD in Hodgetts et al. (2015) may not have been
the same process thavas reflected byncreased gamma power during face oddity task
completion (seen itChapter 4. Another possibility is thahe signal recorded in this study

did not reflect face processing areas, as the FFA is located in the FG but the FG is large and
may contain multiple functionfly-distinctareas Alsq the face processing network has

been shown to be righlateralized(Bukowski et al., 2013; Hildesheim et al., 202®)

combining bilateral FG signals may have obscured a correlation between right FG power
and face oddity performance (s&zhapte 8 for further discussion)Lastly, the PrC has been
shown to be more engaged when participants view highly similar faces, than the FFA, which
is more engaged when participants view faces with more differe(idesdy et al., 2012)

This was interpreted as meaning that the FFA is moreitsenso individual featuregather

than the whole facéMundy et al., 2012)which would explain why activity in the FG did

not correlate in the current study, in which aggregate face processing was necessary.

5.4.8 Evidence that the oddity performance effects are not purely reflections of

incidentalencoding.

Although there were positive trends between scene and face oddity performance, and
YSY2NE LISNF2NXIYyOS 6RQ a02NBaos GKS Faaz2oAal i
oscillatory power and task performance were exclusive to the oddity tasthdfmore,

there were no significant differences between the proportion of incorrect scene or face

oddity trials and correct scene or face oddity trials, that were subsequently remembered.

In line with the hypothesis, the results suggest that there aregsses involved in complex

scene and face perception which are distinct from processes involved in incidental

encoding. This aligns well with the results of previous fMRI studies which found that
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modulations of hippocampal BOLD that were associated w#hesoddity task completion,

were not modulated by subsequent memdifodgetts et al., 2016; Lee et al., 2013)

Similarly, it is also important to ensure that differences between structural and functional
correlates of scene and face oddity performance were not facilitated by differences in the
memorability of the scene and face stimuli. Howewvhe hit rate and the proportion of
confident hits were larger for the scene trials than face trials, indicating that the scene
stimuli were moreconfidentlymemorable than face stimuli. This may be because face
features are always consistent (theyialtlude eyes, nose, etc.) whereas scene features

could vary between scenes (they could include doors, stairs, pillars, blocks, etc.) and the
varying objects may aid incidental encoding. This differs from the results of Hodgetts et al.
(2016) who found noifferences between memory of different stinudtypes, including

scenes and faces. The discrepancy between this and the current findings may be due to the
use of naturalistic versus computer generated scenes and faces. Regardless, due to the lack
of correhtions between fornix and ILF microstructure, and HPC theta, and scene and face
memory performance, it seems unlikely that the difference in memorability exgilaen
dissociations between structure, function, and performance in the oddity task for scenes

and faces.

5.4.9 Limitations

There are limitations of this study that warrant further thought. First, the issue caused by
the discrepancy in how unanswered trials were treated in the MEG (excluded) and
behavioural (classed as incorrect) data, which has alrbady described, was addressed

by using partial correlations (controlling for MEG trial numbers). The reasoning behind this
discrepancy was because inclusion of unanswered trials in the MEG data processing may
have reduced sensitivity to task relevant sifgnas it is not clear if the participant was
attempting the trial or was distracted. However, in the behavioural data, if unanswered
trials are removed then, when calculating the percentage of correct responses, scores of
participants who missed trials wtlibe inflated as we can assume that either prolonged

trial attempts or distraction would likely result in an incorrect answaportantly, there

were no correlations between ME@easure task oscillatory power differences and MEG
trial numbers. Neverthelss, future work could reduce the risk of unanswered trials by
removing the timeto-respond restraint, or by reducing participant fatigue by splitting the
MEG scan into multiple sessions. However, any such changes would increaseahter

variability andexperiment time, in an already long experiment.
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Unlike Hodgetts et al. (2015), MEG oscillatory power analyses were not confined to correct

oddity trials only, as it was important to have as many trials as possible in the MEG analysis

to aid deep sourceotalization. Therefore, while one may conclude from the results of

Hodgetts et al. (2015) that the propensity for an individual to display reduced hippocampal

BOLD would mean that that individual would be better at complex scene processing, the
equivalentconclusion cannot be drawn from the current project. For example, heis, it

not possible to clarify whether the correlation between HPC theta power during scene

oddity task and scene oddity performance, reflects a difference in theta power between
O2NNBOG YR AYO2NNBOG OGNARIFfA&AX 2NJ giKgSGKSNI |y
a0SyS 2RRAGE GNRIFfa NBEIFIGSR G2 GKFG AYRAGARC
al. (2013) found differences in hippocampal B@ubngcorrect versus incorrect scenes

However, if scene HPC theta power simply reflected the proportionroécoand incorrect

trials in an individual, then fornix PC2, which correlated with scene HPC theta, should have
Ffa2 O2NNBflFIGSR gAUK a0SyS 2RRAGE LISNF2NXYIyQ
restricting analysis to correct oddity trials only isaanot without its flaws. It may create a
RAFFSNBEYOS Ay {bw FT2NJ SIOK LINIHAOALI yiQa RI
One solution could be to increase the trial number and difficulty (to achieve an equal

number of correct and incorrect angrs, a design similar to that of Lee et al. 2013) and

compare the correlation between oddity accuracy and HPC tinetiae incorrect trials,

with the correlation between oddity accuracy and HPC theta in the correct trials. An

alternative could be to useTRas a measure of performance as this would mean that

analysis could be limited to correct trials and trial number would not directly relate to the
performance measure. However, the RT values here do not represent performance well as
participants were toldo aim for accuracy over speed. It also would not have been the

solution for this experiment because participants were not instructed to answer as quickly

as they could as this may have increased the number of trials lasting shorter than the

required 2 sFurthermore, this is not a good solution for this challenging task as faster RTs

may lead to reduced accura{ialmer et al., 2005)

Regarding the microstructure data reduction, the aim of reducing several microstructure

measures was to create more biologicafiierpretable variables than FA and MD alone,

while not increasing the number of tests, utannotbe claimed that the true anatomical

meaning2 ¥ G KS WNXadNROGA 2y Qaretkybin Fl@wWorR bbbl OS Q 02 Y
use such a technique in combirati with histology of tissue cultures to assess whether

components of multiple MRlerived microstructure data capture histologyeasured
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anatomical features more accurately than the raw MiRtived measures. Reassuringly,
however, the similarities of theesulting components across studighamberland et al.,
2019; Geeraert et al., 202@)eans that this is a useful technique in AoNvasively

comparing the behavioural and functional influences of tract structure properties, even if

the underlying anatomy being represented is unclear.

5.5 Conclusions

Implications of the PMriewinclude the PMN and AIN networks shid aid behaviours in
different modalities; network areas, including MTL areas, should be involved in processes
across memory and perception; and that the behavioural performance of those modalities
should be related to the structural and functional profies of the respective networks
(Graham et al., 2010; Murray et alQZ7). This chaptefurther tested these assumptions

by expanding on the work of Hodgetts et al. (2018hwhe use of multiple microstructures
measures of the fornix ILF and PHC, reduced into biologically interpretable components,
and by measuring functional correlates of complex scene and face processing, utilizing the
added temporal and oscillatory infomtion provided by MEG. Confirming the results of the
previous studythere was evidence for correlations betwetarnix and ILF microstructure
andscene and face oddity performance, respectively. Furthermore, fornix microstructure
components, reflecting the properties of restriction and coherence, appear to have
different influences on PMN functioning. Fornix restriction was associated with scene
oddity performance while fornix coherence was associated with scene HPC theta. Fornix
restriction and scene HPC theta independently related to scene oddity performance. These
structural and functional oddity correlates did not relate to memory performanee in
follow-up surprise memory test, showing that the results did not reflect incidental
encoding. Results from exploratory analysis indicated that the association between scene
oddity task performance and HPC theta decrease was prolonged throughout ti@e s
period and extended to include delta frequencies. Further exploratory whden

analyses implicated the importance of other PMN areas, particularly the PCC/precuneus
areas in scene oddity performanda conclusion, this experiment provislevidencefor
dissociable roles of MTtonnecting tracts in complex scene and faoenplexperceptual
processing, and for the role of oscillatory modulation in the PMN structures in complex

scene perceptual processing.
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Chapter 6Examining relationships betwe&s
connectivity structure and oddity performance in the PMN

andAIN.

6.1 Introduction

6.1.1 Background

It is widely accepted that brain areas display functional connectivity during taskless periods,
0 NA y 3 A yRScomnéctvith® 2NJ w { (Fox & RaichI&NR0A7N this context,
O2yySOGAQ@GAGE Aad RSFAYSR Fta | adraradaodolt RSL
activity over time. For example, correlation or coherence are commonly (E®d&

Raichle, 2007; van Diessen et al., 20B3 networks have been found to be consistent

across individuals inasmuch as brain areas show higher connectivity with other brain areas
that share behaviourdlinctions(Fox & Raichle, 2007; Kahn et al., 2008; Kong et al., 2017,
O'Neil et al., 2014)ut they can Bo be seen to be different in different individuals

inasmuch as there is evidence of iriadividual differences in spatial topography and in
connectivity strength indices between are@§ens et al., 2014)Regarding the formeRS
functional connectivity has been demonstrated between PMN areas, as part of networks
supporting navigatiofRamanoél et al., 201%ecollection and future imaginin@silmore

et al., 2018) These areas include the hippocampus, the parahippocampal cortex, the PCC;
the RSC; and the IPL. Conversely, intrinsic connectivity between areas of the AIN has been
demonstrated as part of semantidackson et al., 2016)bject(Konkle & Caramazza, 2017)
and face(ONeil et al., 2014processing networks, and the areas involved include the FFA,

the OFA the inferior temporal gyrus, the PrC and the anterior temporal lobe.

The hippocampus and theJZ (often regarded to spatially overlap with the REBEles et

al., 2018; Natu et al., 2010anay be particularly imprtant regions in widespread PMN
communication. The hippocampus is known to be an important region in episodic memory
(Benoit &Schacter, 2015kpatial memoryBaldassano et al., 2018ihd scene perception
(Hodgetts et al., 2016)etworks. The PCC is highly connected with other areas db i
(Huijbers et al., 2012pandis proposed to play a key rolefunctional connectivity across

the DMN(Fransson & Marrelec, 2008)
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Studies examining mild cognitive impairment (MCIA@; both thought to be diseases of

the PMN(Ranganath & Ritchey, 2012u et al., 2016have highlighted the PGBai et al.,

2009; Liag et al., 2008and the hippocampuéAllen et al., 20073s key structures in the
pathophysiology. Studies comparingR& wL LI GG SNy & Ay ! f1 KSAYSNDRa LI |
controls have revealed reduced connectivity between the hippocampus and various cortical
areas, including the mPFC, the inferior temporal gyrus, the superior temporal gyrus, the
caudate nucleus and the PCLC Wang et al., 2014; Xue et al., 20 milarly, RBVIRI
connectivity betweerthe PCC and other brain areas such as the middle occipital gyrus, the
hippocampus and thEG has also been shown to be reduced ifi T K S pateStd(¥b&oi

et al., 2018)In MCI patients, there is evidee of reduced PG&mporal cortex

connectivity, which may be associated with the level of cognitive impairitigadtet al.,

2009) Also, in mesial temporal lobe epilepsy patients, increasefiMRE connectivity

between the affected hippocampus and the PCC, was associated with betteungieal

memory but worse possurgical memoryMcCormick et al., 2013Yogether, these results
illustrate a relationship betweeimcreasechippocampal and PCC connectivity and

improvedPMN network functioning.

Moreover, studies examining individual differences in healthy adults have identified
associations between hippocampal-RR8R| connectivity with other PMN areas, or PRE

fMRI conneavity with other PMN areas, and performance in tasks requiring Rislated
behaviours. For example, fR8RI connectivity between the hippocampus and the RSC has
been found to be stronger in good navigators versus poor navigéfailpizio et al., 2016)

and was positively associatedwl K YSY2NE 2F LJ H(CoBs &l & YSI AdzNBR o8&
Dickerson, 2019)or another example, RBIRI connectivity between the

parahippocampal cortex and areas of the DMN including the PCC and mPFC, was found to
be associated with path integtion ability in navigatiorfizen et al., 2018 However,

behaviours in these studies rely on memory processei is unclear whether similar
relationshipsexistbetweenRSconnectivityof the hippocampus and PCC and scene

perception performane.

This study aims to investigate such relationships and to contrast them with associations
betweenRSconnectivitywithin the AIN network and face perception. Associations,
between RS PMN connectivity and PiviNated behaviours have previously been
dissociaed from associations between RS AIN connectivity aneréiited behaviours. For

example, hippocampaRSC and FAAC connectivity, post encoding task, were found to be
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correlated withplace and face memory task performance, respectiy@ylins &
Dickerson, 2019)

The FFA and the PrC, along with @IeA the superior temporal sulcus and the amygdala,
are among the facselective areas that show functional connectivity at rfgNeil et al.,
2014) RSconnectivitybetween the FFA and the OFA has been associated with several
measures of face processing perfomea including: famous face recognition; the face
inversion effect (the extent of performance improvement when assessing upright versus
upsidedown faces); and the wholpart effect (the extent of performance improvement

when assessing whole faces versuggaf faces)Zhu et al., 2011)

The hippocampus and the PCC, and the FFA and the OFA, have previously been found to
show activity modulation duringompletion of the scene and face perceptual oddity tasks,
respectively. Hippocampal amMC(includes the PCC, the precuneus and the RSC) BOLD
have been found to be modulated during the scene oddity (akidgetts, Voets, et al.,

2017) and the magnitude of the hippocampal BOLD modulation correlated with task
performance(Hodgetts et al., 2015)This was complemented by the findingCdfapter 4

in whichreduced theta power in the MTL and the P& foundduring the scene oddity

task versus the face odditgskor control. Conversely, during the face oddigk as
compared to control, FFA BOLD has been found to incigisdgetts et al., 2015hich is
complemented by the findings @hapter 4 which shaved modulated theta/gamma power

in the FGand thelOC However, it is unclear whether communication between these areas
dissociably supports complex scene and face processing. Therefore, this study tested
whether individual differences iRSconnectivitypatterns of PMN and AIN regions

dissociably correlate with scene and face oddity task performance, respectively.

The discussed studies used fMRI, which benefits from high spatial resolution, whereas the
current work used MEG. MEG recording is more temprakolved than fMRI and allows

for direct measurement of synchronised electrophysiological activity. AlthougWiES
recordings can be compromiséy fieldspread, the use of constrained soudoealization

and robust connectivity measures mean that tfuectional connections can be
characterized with reduced influence from arbitrary connectivity caused bydjaielad

(van Diessen et al., 2019)herefore, R®MEG ca unveil a rich and reliable picture of
connectivity across the brain within multiple frequency bands. It is becoming clear that
oscillations of different frequencies can have differeapiographicakpread(Hillebrand et

al., 2012; Hillebrand et al., 201 8¢ading todifferent RSetworks displaying oscillatory
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coupling in differenfrequenciegSamogin et al., 2020Although functional correlations
within the PMN and AIN are likely to occur over multiple frequency ranges, it may be that
behaviourally relevanRSconnectivitypatterns, withinthe two networks, lie in different

frequency ranges.

In this studyRSconnectivitypatterns in the theta (8 Hz), alpha 82 Hz) and beta (220

Hz) bands were examined. Functional connectivity in lower ranges, such as alpha and theta,
have been assodied with longrange connectivitfGanzetti & Mantini, 2013Jones et al.,

2000) and alpha connectivity is higher in intn@twork versus intenetwork cainections

within DMN and visual networSamogin et al., 2020These results suggest that alpha
connectivity may be important in both the PMN and AIN. HoweveicdRBectivity within

the PMN in theta may be specifically important in complex scene processing. Multiple
studies have associated hippocampal functioning with theta oscilla{fBassaki, 2002;

Colgin, 2016)which are thought to be a platform fdippocampalcortical interactions, in
support of scene processing and episodic mentory dzZl &+ {1 A 3 a2&SNE wHamoT YI N
and RS theta oscillations have been identifiethenPMCwhich includes the PQEoster &
Parvizi, 2012)However, in a study inspectiffsconnectivityin AD patients versus healthy
controls, in frequency ranges from delta41Hz) to high gamma (8D Hz), connectivity

was found to le specifically reduced in the alpha and beta bands @tbelewijn et al.,

2017) Therefore, behaviourally relevant RS interactions between PMN regions were
hypothesizedo occur primarily in the theta range, but alpha and beta bands were also

inspected.

Alpha oscillations may be specifically important for AIN processing. Frontotemporal
dementia is associated with decreased alpha power in diffuse areas including the
orbitofrontal and temporal corticefNishida et al.2011) areas which are part of the AIN
Also, alpha coherence between the FFA and several cortical areas has been found to be
reduced in adolescents with autism spectrum disor@énan et al., 20133 condition that

is associated with impaired face identificatipiVeigelt et al., 2012)

Since functional connections must Bupported by structural connections, and whabl&in
changes in structure with age have been associated with changes in RS intraéitwerk
connectivity(Betzel et al., 2014}here may also be relationships between microstructure
of the tracts connecting the PMN and AIN, d&8connectivity Associationbave been
found between fornix microstructure and: R8RI connectivity between the hippocampus

and the thalamus in healthy older adu{tsehoe et al., 2015average connectivity strength
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of the hippocampus towholé NI Ay wh L & dAdWICIIpatienE\Wanyedalna |
2020) and increased connectivity betweehe hippocampus and several medial brain
areas during an episodic memory tgtl et al., 2016}ornix microstructure may influence
connectivity within the theta band specifically, as hippocampal theta rhythms stem from
the septum/diagonal band of Bro¢heao et al., 2015nd the supramammillary arg®an

& McNaughton, 2004)which are conne@d to thehippocampughrough the fornix
(Swanson & Cowan, 197%urthermore, low frequency stimulation of the fornix, and not
the mammillothalamic tract, has been found to modulate the thetgthim in the

thalamus, indicating that the hippocampus modulates thalamic activity through this tract
(Tsanov et al., 2011T herefore, there may be a correlation between the strength of RS
theta amplitude correlation bigveen the hippocampus and PMN areas, such as the
thalamus, and fornix microstructure in healthy adults, but this has not been tested.
Additionally, it unclear whether fornix microstructure would relate to the strength of RS
theta amplitude correlation beteen the hippocampus and PCC. If fornix microstructure
does influence hippocampal theta connectivity, then theta hippocardpG€ connectivity
may also be expected to be influenced. However, there is evidence for both hippocampus
generated, and hippocamptiesdependent theta rhythms in the PGColom et al., 1988;
Talk et al., 2004)

The ILF connects the ventral visual pathway, including the inferior occipital visual areas and
the inferior temporal and temporal pole are@lderbet et al., 2018)andRSconnectivityin

the alpha band has been associated with bottamprocessing, originating from areas

such as visual areas in the occipital I¢gbdlebrand et al., 2016 herefore, individual
differences in ILF microstructure could be related to RS alpha connectivity between areas

of the ventral visual stream, which overlaps with the AIN.
6.1.2 Aims aul hypotheses

The aims othe experiment in this chaptewere to test relationships between individual
differences in oddity task performance, tract microstructure anec&shectivity. RSIEG
scans were recorded betwedhe perceptual oddity task and a sséquent unforeseen
memory task (se€hapters 4 and)5First, connectivity strengths between the
hippocampus, and the PCC, with PMN ROIs were tested. To do this, amplitptiaude
correlations were measured withitme PMN network, created by selectingeAAL atlas
ROls that were included in the areas examine@hapter AHPC, mPFC, IPL, and PGC)

addition, the precuneus and thalamus regiongre also inspecteds theprecuneus
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showed frequency power modulation during the scene oddity taskhapter4, and

connectivity between the hippocampus and thalamus has been associated with fornix

microstructure previouslyKehoe et al., 2015 he averages of the coefficients of the

bilateral hippocampu$MN ROIs and bilateral RPERIN ROIs correlatns¢ for the theta,

alpha and beta frequency bandsvere calculated to create hippocampus and PCC
WO2yySOiGAGAGE AaGNBy3aIliKaQed LG 6la KeLRGKSAAT SR (K
strengths, specifically in the theta band, would correlate with scerditpgherformance

and fornix microstructure.

Second, amplitudeamplitude correlations between specific ROIs were inspected. The
connection between hippocampus and the PCC (hippocarR@) was inspected because
the hippocampus and PCC are wrlhnected bran areas important for PMelated
behaviours such as episodic mem@Bubb et al., 2017; Hagmann et al., 2008; Lega et al.,
2017; Natu et al., 2019and hippocampu® CARSconnectivityhas been shown to relate to
PMN functioningMcCormick et al., 2013; Natu et al., 2018)s0, the connection between
the hippocampus and the thalamus (hippocamyliglamus) was inspected because
hippocampushalamusRSconnectivityhas been shown to relate to fornix microstructure
(Kehoe et al., 2015 he AIN connections examined were between the FG and the IGC (FG
IOC) which contain the FFKRanwisher & Yovel, 2008hd the OFAPitcher et al., 2013,
respectivelyRSconnectivitybetween these areas has beersasiated with face processing

performance(Zhu et al., 2011)

Following the theme of this thesis, relationships between PMN structure, function and
behaviour were contrasted with relationships between AIN measures of structure, function
and behaviour. Regarding the PMN, it was hypothesized that hippocampus and PCC
strengths would correlate with scene oddity performance and not face or size oddity
performance. It was then tested if specific PMN ROI connections, hippocaf(pRS
connectivityand hippocampusghalamusRSconnectivity correlated with scene oddity
performance and not face or size oddity performance. ARS;onnectivitymeasures that
correlated with scene oddity performance were predicted to also correlate with fornix

microstructure, and not ILF microstructure. Regarding the AIN, it was hypothesized that FG

2The OFA and FFA are functionally defined regions, usually residing in or close to the inferior
occipital cortex and on the middle fusiform gyrusspectively (for reviews see Pitcher et al., 2011
and Kanwisher & Yovel, 2006).
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IOCconnectivity would correlate with face oddity performance, and not scene er siz

oddity performance, and ILF microstructure, and not fornix microstructure.

It was further hypothesized that relationships between behaviour, microstructure and RS
connectivity might differ for different frequency bands. Theta connectivity within the PMN
was predicted to correlate with scene oddity performance and fornix microstructure, more
strongly than connectivity in the alpha and beta ranges. Conversely, the connectivity of the
AIN within the alpha band was predicted to correlate with face oddityguarance and ILF

microstructure, more strongly than connectivity in the theta and beta bands.

The focus of this chaptevasto examine network properties that relate to perception

specifically. RS recording took place after oddity task completion souglthmemory for

the oddity scene and face stimuli was poor (&fepter 3, these data may contain

signatures of stimuisencoding. Therefore, partial correlations were used when scene and

T OS 2RRAGE& LISNF2NXYI yOS 6 SNB ofesflothe/ SRE | yR

subsequent memory test, were controlled for.

It was of interest to understand whether PC1 and PC2 component scores unequally related
to RSconnectivity Results of a recent study, which aimed to uncover relationships

between individual differences Wwhite-matter structure andRSconnectivityby combining

MEG and microstructure scannifigessaritaki et al., 2020jnight predict stronger

correlations between PC1 components scores B&donnectivitythan PC2 component
a02NBad Ly (GKA& 62N Iz GKS lgoridanskverslEistrugtddO N2 & (i NI,
using multiple microstructure measures, to predict functional connectivity in multiple
frequency bands and they found that their myelin measure was a better predictor of
functional connectivity properties in the theta, alpha dpeta bands, than FA. In the

current study, the microstructure dataerereduced to two components. PC1 was more
influenced by MPF (a measure of myelin) and PC2 was more influenced by EAdpésr

5). Therefore, it was predicted th&Sconnectivitybetween the PMN and AIN ROIs would

specifically relate to the PC1 scores of the fornix and the ILF, respectively.

Lastly, it was hypothesized that PNR&connectivitypatterns which correlated with scene
oddity performancewould not also correlate with PHCigrostructure. This was because,
despite the PHC supporting PMN connectididC microstructure was not found to relate

to scene oddity performanceChapter .
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6.2 Methods

Descriptions of the oddity task paradigm and resulting behavioural data can be found in
Chapterst and5. Descriptions of the isolation of fornix, ILF and PHC streamlines, and
assessments of their microstructure, can be foun@apter5. The R$/EGrecordingand

analy®s are outlined below.
6.2.1 Participants

The 40 participants are the sams those of the experiments describedGhapters4 and
5.

6.2.2 RSMEG recording and connectivity analysis
6.2.2.1 RSMEG recording

Thefive-minute RSMEG recording occurred immediately after the oddity task blocks and
before the memory task. Subjects were askedteep still and keep their eyes fixated on a
small black dot, displayed at the centre of a grey scréasnnChapters 4 and the
recordings were performed using a 2¢Bannel axial gradiometer CTF system, located
inside a magnetically shielded room ane thiata were acquired continuously, with a
sampling rate of 12068i1z.Head movement was monitored, heathape was mapped, and

MEGMRI caregistration waonducted using the methods detailed fDhapter 4
6.2.2.2 RSMEG data prgrocessing

Previously Chapter 4, muscle artefacts were removed as part of manual inspection of trial
data. As R8ata is treated as continuous data, antomatic arefact detection approach

was used (Fieldtrip functioffit_artifact_zvalue described her€). This process involves:
calculding the Hilbert envelope of the data of each channel, over time; calculating the
mean andSDof the data of each channel; applyingransformation to the data of each
channel; and lastly, averaging thealues petimepoint. Then, as eaciimepoint is

expressed as a deviatidrom the mean over timend channels a threshold can be applied

to identify samples containing artefactual data. The threshold values used ranged between
n FYyR mns RSLISYRAY3I 2y &1 OK Ay Riofingfndsclé O a

artefacts while keeping as much data as possible. The original data were then

13 https://www.fieldtriptoolbox.org/tutorial/automatic_artifact_rejection/#iiiz-transformingthe-
filtered-data-and-averagingit-over-channels
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downsampled (2501z) and decomposed into 100 components us@®o dza A y 3 CA St R NJ
fast ICAJOostenveld et al., 2011 omponents relating to ey@ovement and heart rate
were removed from the original data. Lastly, the data was visually inspected to ensure the

efficacy of theprevious steps
6.2.2.3 RSMEGconnectivity analysis

Amplitude envelope correlations across the whbtain were calculated using an ROI

based approackHillebrand et al., 2012Which has previously been used as part of

published worlKodewijn et al., 2019; Messaritaki et al., 2020; Routley et al., 2009ta

and alpha frequency bands were isolated by applying bandpass filter8 Bizdnd 812

Hz, respectively, andarcelocalizationwas carried out usingCMVWbweamforming Each

LI NOAOALI yiQa RIFEGE gl a ¢FNLWSR G2 ablL aLlk O0S |
frequency band, a timseries was assigned to each ROI, by construsti&dpr each voxel

and taking a representative VS (the one with the greatest power chdungeg the

recording) within each ROI. To reduce source leakage between ROI VSs (which would result

in spurious signal correlations) a symmetric orthogonalization procedure was carried out

which involves removing zeflag correlationgColclough et al., 2015)

To calculate amplitude coupling between ROl VSsathglitude envelops of these

orthogonalizedv'S timeseries datavere extracted through calculating thdilbert

transforms, and were then dowssampled to IHzand had edge artefacts removed.

Correlation matrices (90x90) for each participant were constructed by calculating

correlations across the envelopes. Lastly, thefficients wereZ-i NI Yy 8 T2 N¥ SR dza Ay 3
transform. Higher and lowef-values were taken as indicators of higher and lower

connectivity, respectively.
6.2.2.4 Assessing Connectivity measures within the PMN and AIN.

From the wholebrain data (90x9Q PMN néwvork was constructed including ROIs
thought to have major roles in the PMN network, resulting in a 22x22 matrix (F3gure
This included the same AAL ROIs examin&hampter 4bilateralhippocampus and
parahippocampal region$rontal medial orbital, bilateralmiddle fontal, and bilateral
superior medialrontal regions the inferior parietal gyrusthe angular gyrus the
supramarginal gyryspilateral PCC regiopandbilateral thalamus and precuneus regions.
To measures the strengths of the hippocam@and PCC connections to the other PMN

ROlsZ-values along the rows of the PMN matrix were summed, for the hippocampus and
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t// O2fdzyyab2 @NSE POl A ¢Fsgoreli( ot \Wedall, RA 7 he bilateral

scores were averaged, and this was done separatelgdoh frequency band.

Specific connectivities between the hippocampus and PCC, and between the hippocampus
and the thalamus were also inspectedirdnsformed correlation coefficients between the
bilateral hippocampus and PCC ROls, and the bilateral hipgogaand thalamus, were

both averaged for each individual for the three frequency bands. These PMN connectivity
scores were contrasted with connectivity scores (calculated in the same way) between two

ROIls hypothesized to play a role in the AIN: the FG@E&d

Heschy s i 2 SR eschl ]
Tem = - 5 SN ~ - R
TOm}?Polg'SquD L 4 D ks up. R
emIpM :g;t pPOFTS d
pole cMi
Tempx’empmf_)- pinf R Ie_R

Figure35. The defined PMN network on a circular network plot.

Connectivity between nodes that are considered members of the PMN is shown. E
lineis associated with eoefficient for each frequency banfiyr each paticipant. Lines
and ROls are colour coded according to location of the node. From top to bottom (
anterior to posterior brain): dark blue denotes frontal lobe areas; brown denotes de
frontal areas; purple denotes MTL areas; green dentattgaltemporal lobe areas;
yellow denotes midbrain areas; grey denotes parietal lobe areas; maroon denotes
occipital lobe areas; and pale blue denotes posteromedial areas. To save space,
abbreviated labels are used and a translation into full names is included Apibendix
30 b23GS GKFG WYP[ Q YR WywQ NBFSNE G2
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6.2.3 Statistical analysis: testing correlations between oddity perform&ee,

connectivityand tract microstructure

Statistical analyses were carried out usMTLARMATLAB, 2015prusing Rstudi¢R

Core Team, 2019; RStudio Team, 2620t S NE2y Qa4 O2NNBf I GA2y (Sai
elucidate relationships betweeRSconnectivity task performance and tract

microstructure. The transformetb-normal scene, face and size oddity accuracy scores,

a0SyS FyR FIOS RQ YSY2NER a02NXBaszx yR (NI OG Y
Chapters 4 and,5vere used. The RB8EG measures wettested for outliers, defined as

being further than three times the SD from the meahe number of values entering each

statistical test (N) is noted in resslt

First, partial correlations between R8nnectivity scores and scene and face oddity
accuracyga O2 NBaxz O2yiNRftAy3d FT2N) a0SyS IyR ¥ 0SS R
between the R&onnectivity scores and size oddity accuracy (the control task) were

calculated asincidental encoding of the circles was assumetlto occur The alpha value

was Bonferrontcorrected to 0.006 to account for the number of oddity conditions and

frequency bands (0.05/9, for 3 frequency bands and 3 oddity task conditions).

{SO2yR> tSINER2YQa O2NNBflIGA2ya 0SisSSy FT2NYA
connectivity scores wereaenputed All scatterplots were constructed usiggscatterstats
for R(Patil, 2@1). The alpha value was Bonferrezorrected to 0.006 to account for the

number of tracts and frequency bands (0.05/9, for 3 frequency bands andt8)trac

When comparing correlation coefficienfisiethods described in section 5.2.&)e alpha
value was Bonferrortorrected for the number of tests within each section, to 0.025
(0.05/2).

Parametric correlation statistics were accompanied by Bayesiarlation tests. BFs were
calculated using the BayesFactor package(Mdtey & Rouder, 2018pnd were reported

as Blp (evidence of the alternative model over the null model).

It was hypothesized that behaviatRSconnectivity and structureRSconnectivity would
share similar correlations, indicating a functional mediator, explaining the structure
behaviour correlations found i@hapter 5However, no such common correlations e
identified. Therefore, additional exploratory analyses were carried out. For these, partial

correlations between scene/face oddity accuracy andvwile-brain Z coefficient data
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602y UNRBEfAY3 F2NI a0SySkTl OS RQeedf@iExBdidlr ¢ SNB G Sal
microstructure component scores and the whdigin Z coefficient data were carried out.

Previous similar studies, testing whdleain RSconnectivityeffects, have used a

conservative ranking procedure with the aim of reducing the iotjpd noise(e.g.

Koelewijnetal., 2019 C2NJ (KA&aszX SIFOK O2yySOiGA2y 6A0GKAY SI OK
and these rank maps are then averaged across the group. Those connections in the top

20% of the average rank map are considered valid and repioléu¢iowever, this method

produces few remaining theta connections (e.g. see Dima. €2@20). As this wasn

exploratory analysis, to allow for a widespread search while eliminating the least

reproducible connections, a lower threshold was used resulting in selection of the top 40%

of connections. Regression analyses were carried out, testinggiieets of the remaining

RS connections, with either the behaviour or tract microstructure measures. For the

F2NX¥YSNE 020K 2RRAGE I OOdz2NF 08 FyR RQ a0O2NBa 6SNB
so that the independent contribution of oddity accuraata to RSconnectivitycould be

assessed. Each test comprised 5000 permutations. For each section, the alpha value was
Bonferronicorrected to 0.0083 to account for the tests involving the oddity task and tract

microstructure in three frequency bands (0/65for one oddity measure, one tract, and

three frequency bands). Theyalues of the correlations that did not surpass this threshold

were then FDR corrected and accepted at the traditional 0.05 level.
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6.3 Results

6.3.1 Investigatingelationships betweehippocampus and PCC connectivity

strengths andddity performance

As predicted, there was a significant partial correlation between PCC ¢batgectivity
AUNBY3IUK FYR a40SyS 2RRAG& | OOdzNI O 060O0O2y UNRf €
indicated evidencagainst the null (Tabl&7; Figure36). However, only a trend for a partial

correlation between hippocampusnnectivitystrength and scene oddity accuracy was

apparent and this did not reach significance. As expected, there were no significant

correlations between either hippocampus or P€&@nectivitystrength, in any frequency

oFYyRY gAGK FTFOS 2RRAGE | OO0dzNI O 002ysliNRBf f Ay3
shown inAppendk 3B).

The correlation coefficient between theta PCC connectivity and scene oddity accuracy was

significantly larger than that of the correlation between theta PCC connectivity and face

oddity accuracy (%) = 4.284, p<0.001).

Scene Acuracy Face Accuracy

Tablel7.Partial correlation tests between oddity task performance and Hippocampus and PC(

connectivity strengths.

Partial correlation tests between Hippocampus and PCC PMN connestreitgths, in theta
alphaandbetad  YR&>X FyR 2RRA0@

controlledfor.

*I A AKE A I K dHighlighsa @iFwd.dNe40.

theta r=0.280 r=-0.224
- p =0.084 p =0.170
D BRo=1.27 BFo=0.84
=
o o
E 3 alpha r =-0.004 r=-0.169
S £ p =0.979 p =0.303
% 8 BEo=0.36 85020.56
= O
I c
§ beta r=0.075 r=-0.007
p =0.649 p =0.968
85020.39 85020.35
theta r=0.429 r=-0.282
- p =0.006* p =0.082
5 BFo=9.06* BRo=1.39
(]
o B  alpha r=-0.028 r =-0.065
o £ p =0.864 p =0.695
3 BRo=0.36 BRo=0.38
[
§ beta r=0.119 r=0.010
p=0.471 p =0.953
BRo=0.45 BRo=0.35
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Figure36. Scatterplots showing the relationships between scene and face oddity performance and hippocampus and F
connectivity strengths.

The light blue histogram shows the distributions of the scene accuracy data and the light pink histogram shows the fa
accuracy data. The darker(top) and lighter (bottom) blue histograms show the distributions of the theta hippocampus |
connectivityd § NEy 3K d02NBasx NBalLISOA@Sted b2GS GdKIFIG GKSAS

A0FGGSNLIX 203a0 YR FT2NJ FIOS RQ a02NBa o00G62 NRIKG a @ded
areas epresent the 95% confidence intervlote that the accuracy dataastransformed to normal*l A 3Kt A IK G &

PCCPosterior Cingulate Cortex.
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6.3.2 Investigatingelationships between HippocampB€C connectivity and

scene processing with HGC connectivity and face processing.

There were no significant partial correlations between RS hippocaiRQ or
hippocampusghalamusconnectivity and scene dace oddity accuracy (controlling for

a0SyS YR FIOS RQOU® ¢KS .Ca& AYRAOFGSR 2yt e
between scene oddity accuracy and theta hippocamP@ connectivity, and a negative
relationship between face oddity accunaand theta hippocampu8CC connectivity (Table

18; Figure 3). There were also no significant correlations between hippocarRils theta
connectivity, or hippocamputhalamus connectivity, and size oddity accuracy (statistics

shown inAppendk 30).

Scene Accuracy Face Accuracy

theta r=0.252 r=-0.251
o p=0.121 p =0.123
O BRo=1.07 BRo=1.01
%
2 alpha r=-0.081 r=-0.239
£ p =0.624 p =0.146
§_ BRo=0.38 BRo=0.87
=1
T beta r=0.083 r =-0.030
p =0.616 p =0.857
BRo=0.39 BRo=0.36
" theta r=0.151 r=-0.257
2 p =0.389 p =0.114
& BRo=0.51 BRo=1.08
©
d=
Y. alpha r=0.023 r=-0.001
3 p =0.888 p =0.997
£ BRo=0.36 BRo=0.36
(&
8 beta r=0.146 r =-0.040
T p =0.375 p =0.810
BRo=0.50 BRo=0.36

Table18. Partial correlation tests between oddity task performance and hippocamfiRGC and
hippocampusthalamus connectivity scores.

Partial correlation tests between Hippocampus and PCC PMN connectivity strengths, jralihieda
andbetad  YRaAX FYR 2RRAGE | OOdzN)} Oed { OSy Sfork yR FI OS
N=40.

PCC: Posterior Cingulate Cortex.
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Contrary to the hypothesis, FIG®C connectivity, in any of the frequency bands, did not

significantly correlate with face oddity accuracy or scene oddity accuracy ([@ble

Scene Accuracy Face Accuracy

theta r=0.122 r=-0.110
p =0.459 p =0.505

BRo=0.56 BRo=0.42
8 alpha r=-0.075 r=0.087
o p =0.651 p =0.599

L BRo=0.38 BRo=0.41
beta r=-0.142 r=0.013
p =0.387 p =0.936

BFo=0.49 BFo=0.35

Tablel9. Partial correlation tests between oddity task performance akR@&G1OG connectivity

scores.

Partial correlation tests between HGCconnectivity scores, in thetalphaand betabands, and

2RRAG& | OOdzNI Oé @ {OSyS FyR FH0OS YSY2NE &a02NBa 6RQU g8
N=40.

FG: Fusiform Gyrus. @inferior OccipitaCortex.
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Figure37. Scatterplots showing the noignificant relationships between scene and face oddity accuracy and theta
hippocampusPCC and hippocamptthalamus connectivity.

The light blue histogram shows the distributions of the scene accuracy data and the light pink histogram shows the fa
accuracy data. The lighter (top) and darker (bottom) green histograms showstn#diions of the theta hippocampuBCC
and hippocampughalamus connectivity scores, respectively. Note that these data are the residuals after controlling fol
RQ a02NBa oi0o2 tSTG aoOlFGiSNLE 20340 lugliRes FethddrehresSiéh lirkLand O
surrounding shaded areas represent the 95% confidence interval. There were no significant correlations between thet
hippocampusPCC or hippocampibalamus connectivity and scene or face oddity accuracy. Howevecgogficient of the
correlation between theta hippocamptRBCC and scene oddity accuracy was significantly different to that of the correlat
between theta hippocampuPCC and face oddity accurakipte that the accuracy data was transformed to normal.

PCC: Posterior Cingulate Cortex.
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6.3.3 Investigating relationshiggetweenRSconnectivityand tract microstructure.

Contrary to the hypotheses, there were no significant correlations between hippocampus
PCC connectivity, hippocamptiglamus connectivity, and fornix microstructure
components. Unexpectedly, there was a correlation between ILF PC2 and alpha
hippocampushalamus connectivity (TabR0)). However, the coefficient of the correlation
between alpha hippocampthalamus connectivity and ILF PC2 was not significantly

stronger than that of the correlation between alpha hippocamhislamus connectivity

and fornix 2 (& =-1.795, p = 0.073).

Table20. Correlation tests betweerippocampusPCC and hippocampttialamus connectivity,

and fornix and ILF microstructure components.

*'AIKEAIKEa

ILF: Inferior Longitudinal Fasciculus. PC: Principal Component. PCC: Posterior Cingulate Corte

LDK dok@.0NG89.F | A IKE A IK G &

Fornix ILF
PC1 PC2 PC1 PC2
theta r=0.124 r =0.092 r=0.145 r=-0.228
5] p =0.450 p=0.579 p =0.379 p =0.162
% BFo= 0.46 BFo= 0.41 BFio = 0.50 BFo=0.84
>
Q.
% alpha r=0.023 r =0.023 r=0.169 r=-0.292
S p =0.891 p =0.889 p =0.303 p =0.071
a BFo=0.36 BFo= 0.36 BFo= 0.57 BFio= 1.49
I
beta r=0.011 r=0.178 r=0.252 r=-0.293
p =0.945 p =0.279 p =0.122 p =0.070
BFo=0.36 BFio= 0.60 BFio= 1.02 BRo=1.50
theta r=-1.500 r=-0.035 r=-0.026 r=-0.289
3 p =0.143 p =0.830 p =0.875 p =0.074
= BRo= 0.92 BRo= 0.36 BRo= 0.36 BRo= 1.45
©
iz | alpha r=-0.010 r=-0.151 r=0.226 [ =-0.462
2 p =0.547 p =0.358 p =0.167 p =0.003*
5 BRo= 0.42 BRo= 0.52 BRo=0.82 BRo=16.7
(&S]
o
& | beta r=0.076 r=0.014 r=0.567 r=-0.300
T p =0.644 p =0.934 p =0.094 p =0.063
BFio = 0.39 BFo= 0.36 BRo=0.41 BFo= 1.62
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All correlations between hippocampus or PCC connectivity strength in any of the frequency
bands, and fornix and ILF microstructereceededhe experimentwise alpha level (Table

21). However, there were trends between ILF PC2 and theta/alpha/beta hipgmeam
connectivitystrength and alpha/beta PQBnnectivitystrength which were supported by

BFs indicating evidence against the null.

Fornix ILF
<
g PC1 PC2 PC1 PC2
2. Theta r=0.074 r=-0.016 r=0.152 r=-0.381
> p = 0.653 p=0.921 p = 0.356 p =0.017
§ BRo=0.39 BRo=0.36 BRo=0.52 BRo=4.37
=
8 | Alpha r=0.005 r =-0.069 r=0.246 r =-0.367
3 p =0.978 p =0.677 p =0.131 p =0.022
£ BRo=0.36 BRo= 0.38 BRo=0.97 BRo= 3.60
(&)
(@]
S | Beta r=0.124 r=0.111 r=0.328 r =-0.408
< p =0.450 p =0.503 p =0.041 p =0.010
BRo= 0.46 BRo= 0.43 BRo=2.21 BRo= 6.63
_ | Theta r=-0.057 r=0.077 r=0.103 r=-0.263
= p =0.732 p =0.640 p =0.533 p =0.105
& BRo=0.38 BRo= 0.39 BRo=0.42 BRo=1.13
0
2 | Alpha r=-0.047 r=-0.051 r=0.209 r=-0.364
2 p=0.776 p =0.756 p =0.202 p =0.022
Q BRo= 0.37 BRo=0.37 BRo=0.73 BRo= 3.50
c
(@]
S | Beta r=0.027 r=0.099 r =0.247 r=-0.329
5 p =0.869 p =0.547 p =0.130 p =0.041
BEOZ 036 BEOZ 0.42 BEOZ 097 BE(): 223

Table21. Correlation tests between hippocampuand PCQonnectivity strengths and fornix and
ILF microstructure components.

AIKEAIKGE LIPKN ©dowB.NE89.F | A IKE AIKGA | . C

ILF: Inferior Longitudinal Fasciculus. PC: Principal Component. PCC: Posterior Cingulate Corte

187



Chapter 6: Examining relationships betweerc&®ectivity, structug and oddity performance in the PMN and
AIN.

In line with the hypotheses, there were significant correlations betwkd- PC2 and AGC
connectivity in the theta, alpha and beta bands (T&#e There were also trends between
ILF PC1 and HGC connectivity in the alpha and beta bands which were supported by BFs
indicating evidence against the null. Also, there wersesignificant correlations between

FGIOC connectivity and fornix microstructure.

Fornix ILF
PC1 PC2 PC1 PC2
theta r=0.68 r=-0.04 r=0.37 r =-0.467
p = 0.306 p=0.791 p =0.031 p = 0.003*
8 BFo=0.56 BFo=0.37 BRo=2.76 BRo=18.36°
)
L alpha r=0.126 r=0.001 r =0.405 r=-0.44
p =0.441 p =0.950 p =0.011 p =0.005*
BFRo=0.46 BFo=0.36 BRo=6.2F% BFo=11.84
beta r=0.198 r=0.129 r=0.354 r=-0.435
p =0.226 p =0.436 p =0.027 p =0.006*
BFo=0.68 BFo=0.47 BRo=3.03 BRo=10.24

Table22. Correlation tests between F@Cand fornix and ILF microstructure components.
FIAIKEAIKGE LIKNdRIIN=G9. F | AIKEfAIKGA | . C

ILF: Inferior Longitudinal Fasciculus. PC: Principal Component. FG: Fusiform Gyrus. I0QdaifgtairCortex.

As predicted, the coefficient of the correlation between alphal®G connectivity and ILF
PC2 was significantly larger than that of tlegrelation between alpha FEC connectivity
and fornix PC2 @ =-2.620, p = 0.0095imilarly, be coefficient of the correlation
between theta FGOC connectivity and ILF PC1 was significantly larger than that of the
correlation between thetd=GIOC connectivity and fornix PC2¢z-2.451, p = 0.014;
Figure B).

There were no significant correlations between PHC microstructure scores and any ROI

connectivity scores (statistics shownAppendk 3D).
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Figure38. Scatterplots showing the relationship between Fornix and ILF microstructure component scores and alpt
IOC connectivity scores.

The blue histograms show the distributions of the fornix PC1 (top) and fornix PC2 (bottom) data. The red histograr
digtributions of the ILF PC1 (top) and ILF PC2 (bottom) data. The lighter red histograms show the distribution of th
FGIOC connectivity scores. The blue lines are the regression lines and the surrounding shaded areas represent tr
confidence inteval.*l A 3Kf AJKia LIXKndnncd

ILF: Inferior Longitudinal Fasciculus. PC: Principal Component. FG: Fusiform Gyrus. I0C: Inferior Occipital Cortex
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6.3.4 Wholebrainexploratory search for relationships betwdg8connectivity

oddity performance and tract microstructure.

Exploratory analyses, searching for correlations between whdé RSconnectivityand

scene oddity accuracy, and whdleain RSconnedivity and fornix microstructure revealed

one common connection in the theta band (Fig@8). Scene accuracy correlated with
O2yySOUA@GAGE 0S06SSYy GKS tSTaG | y3Idz I NI I& NHza
correlated with connectivity between the ledfingular gyrus and left hippocampus. There

were no significant correlations betwe&Sconnectivityand fornix PC2. There were no

significant correlations betweeRSconnectivityand scene oddity accuracy or fornix

microstructure in the alpha or beta bands.

Theta Alpha Beta
Top 40%
connections
J 5 by o ~ \A
connections = 599 connections = 845 connections = 861
Scene . X X
Accuracy T
F b
2 )
i) ¢
rd
S L e
p value= 0.014 (FDR
corrected)
Fornix PC1 ,.-"’"" .o .,,’\ X X
s \
%
3 i
Vg
S L
p value= 0.029 (FDR
corrected)
Fornix PC2 | X X X

Figure39. Exploratory search for correlations betweamhole-brain RSconnectivityand scene
oddity performance and fornix microstructure.
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Coloured dots represent AAL atlas ROIs, with frontal regions located at the top of the circle and

posterior and occipital regions located at the bottom of the circle. The top row shows the top 40%

strongest connections for each of the frequency bands édmedines are colours by the regions they

connect (seé\ppendix 34or region names).

For the remaining rows, lines between ROls indicate RS connectivities that correlated with the

behaviour or structure measure. Red and blue lines indicate positive agatise correlations,
respectively. Opacity and width of the lines indicate relative strength of the correlations within that

test.

Alpha = 0.0083, FDR correctedgue threshold = 0.0N=0 pP® Y- Q AYRAOI (Sa

correlations.

PC: Principaldnponent.

Exploratory analysis, searching for correlations between whodén RSconnectivityand

face oddity accuracy, and wheleain RSconnectivityand ILF microstructure revealed no

common connections within any frequency band (Figlde Face aatracy correlated with

connectivity between the posterior and middle cingulum in the beta band. ILF PC1

correlated with multiple RGROI connectivities in the alpha band. Most of these

connectivities were between occipital areas but there were connecti@twéen: the

occipital and temporal lobes; the parietal and temporal lobes; the PMC and the frontal

lobe; and the parietal lobe and the MTILF PC2 correlated with multiple RDI

connectivities within the theta band. These connectivities were betweears¢posterior

areas including occipital, parietal, temporal and PMC areas.

p values < 0.010

Theta Alpha Beta
Face X X .
Accuracy .-""'" %\
\
’ )
i i
3 i
j! i
N /
\'“. . '.Q#
p value< 0.001
ILF PC1 X X
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ILF PC2

p values < 0.034
Figure40. Exploratory search for correlations betweemhole-brain RSconnectivityand face
oddity performance and ILF microstructure.

Coloured dots represent AAL atlas ROIs, with frontal regions located at the top of the circle and
posterior and occipital regions located at the bottom of the ci{sleeAppendix 34or region

names) Lines between ROIs indicate RS connectivities thatleded with the behaviour or
structure measure. Red and blue lines indicate positive and negative correlations, respectively.
Opacity and width of the lines indicate relative strength of the correlations within that test.

Alpha = 0.0083, FDR correctedgdue threshold = 0.0N=0 g W- Q AYRA Ol (1 Sa
correlations.

ILF: Inferior Longitudinal Fasciculus. PC: Principal Component.
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6.4 Discussion

This study aimed to investigate correlations between intelividual differences iRS
connectivityand task performance in a complex perceptual task, and between-inter
individual differences iRSconnectivityand whitematter tract microstructure. It was
hypothesizedhat dissociable relationships would be found for two networks. Specifically,
RSconrectivity patterns of the hippocampus and PCC, with other PMN ROls, were
predicted to correlate with scene oddity performance and not face oddity performance,
and also to correlate with fornix microstructure and not ILF microstructure. The results
providedpartial support for this, as the strength of PCC connectivity to other PMN areas, in
the theta band, correlated with scene oddity accuracy and not face or size oddity accuracy,
but no correlations were found between fornix microstructure and any measurBso
connectivity Moreover, tests to see whether scene oddity performance and fornix
microstructure related to specific RS connectivities, between the hippocampus and PCC,
and between the hippocampus and thalamus, revealed no evidence to support these.
Regardingthe AIN, FEOC connectivity was predicted to correlate with face oddity
performance and ILF microstructure. There was no evidence of correlations between face
oddity accuracy and R®nnectivity, but ILF microstructure correlated with-FBECRS

connectivity
6.4.1 The importance of widespre&iSconnectivityof the PCC.

The PCC is a highly connected area within the DMN, a network which has been noted to be
more active at rest than during taglkhgagemen{Leech & Sharp, 2014; Raichle, 20 &5\

is thought to be a key member of the PMN, which highly overlaps with the DM
(Ranganath & Ritchey, 201Both functionakLord et al., 2017and structuraHagman et

al., 2008)mapping has identified the PCC as a major hub of the brain, and there are direct
structural connections between the PCC and the mPFC, and the PCC and {ja&&itius

et al., 2009) Along with the hippocampus, the PCC is an important area in the
pathophysiology oAD(Lee et al., 2020; Liang et al., 2008yliseas¢hought to affect the
PMN(Ranganath & Ritchey, 2012nhd RSconnectivityof the PCC has been shown to be
reduced, and correlate with cognitive impairment, in MBai et al., 2009)The current

results extend the importance of P&Sconnectivityin PMN processing to healthy adults
Moreover,RSconnectivityof the PCC correlated only with scene oddity performance and

not face or size oddity performancius supporingthe PMview, which stateshat the
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PMN carries out spatiotemporal processiiMurray et al., 2017; Ranganath & Ritchey,
2012)

It is unclear whether connectivity of the PCC reflects its direct involvement in scene
processing, or simply its large influence on PMN communicatioa.PCC could playale

in internal processing, generating internal representatifitesech & Smallwood, 2019
process that is thought to be necessary $oivingthe oddity taskBarense et al., 2010)
The connectivity of the RCwith both the DMN and PMN may also resuiits pivotal role

in internal scene presentations, specificaligditionally since the PCC is a major network
hub (Hagmann et al., 20080t has been suggested thatrégulaesnetwork dynamics
(Leech & Smallwood, 20190 this view, the PCC may activate and deactivate networks
(such as the DMN andW) depending on the current task demands, such as reducing
activity intaskh NNSt S@F yd | NBlFa Rdz2NAYy3I aSyaz2NE LINRPOSaaAy
(Hellyer et al., 2017; Leech & Smallwood, 2019)

The suggested role of the PCC in regulating netwode activity would explain the

apparent lack of importance of RS hippogahconnectivity in scene oddity performance.
Although this seems to contradict studies showing the engagement of the hippocampus in
this task(Barense et al., 2010; Graham et al., 2010; Hodgetts et al., 2085 Iso

contradicts the EAM, which suggests that the hippocampus is crucipdtiotemporal
processindMurray et al., 2017, 2018)hese studies inspect ¢htaskstate and this single

area rather than a netwotkand he PCC is proposed to have more of a rolmédiating
whole-brain networkinformation flowthan the hippocampuglLee et al., 2020; Leb &

Sharp, 2014)

Similarly, the suggested role of the PCC in regulating-RMH activity would explain why
the microstructure measures of neither the fornix nor the PHC correlated with R&ta
connectivitystrength of the PCC to the other PMN ROlere is evidence thdhe fornix
supports hippocampal thetgRawlins et al., 1979; Swanson & Cowan, 19%Bjch has

been shown to influence PCC thé@olom et al., 1988andthat connections between the
PCC and MTL have been shown to run along the PHC K@rdieius et al., 2009)

However study of he direct pathway between the hippocampus and PCC may not reflect
the role of the PCC within the PMN as well as studying alFR@Cconnections. Indeed,
PCC connections are supported by multiplate-matter routes(Greicius et al., 2009)
Moreover, hippocamp#)-independent theta rhythms have been measured in ti@&P

Therefore the theta amplitude correlations between the PCC and other PMN areas may
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not be limited by thecharacteristics of the direct structural connection with the

hippocampus.

The current results share similarities with a study investigating structural and functional
connections in MQIGilligan et al., 2019Wwhich found altered fornix and PHC
microstructure and reduced functional connectivity between the hippocampus and DMN
areas, but no correlation between thevb. This, together with the current results, may
mean that fornix/PHC microstructure aftBconnectivityindependently relate to PMN
functioning. On the other hand, both studiasednetwork-wide functional measures
(average connection strength was useddhile Gilligan et al. used graph theory
measures), but the structure of a small number of individual tractsagsessed. If
microstructure measures ghultiple PCC structural connections were collectively scored in

a similar way, it might be that strture and function correlations would be revealed.

The aim of this study was to investigate correlations betwB&gsonnectivitypatterns and
scene perceptual performance, specifically. As it has been argued that MTL activity during
oddity tasks are actugl reflections of encoding processgzuzuki, 2009)and because
GKSNBE gla ¢S]l NBflFIGA2YyAKAL) o GhamesPHiy aoOSyS
was important to control for potential incidental encodiagtivity that may have occurred
during the RS period. This means that the correlation between theta PCC connectivity
strength within the PMN and scene accuracy is independent of encoding processes. The
importance of RS PCC connectivity outside of mnenqpnoicesses has also been shown in

a study investigating scene construction impairmenta(Irish et al., 2015which asked
patients to imagine fictitious scenes. Using®&kbased morphometry as a measure of
structure quality, the authors found an association between PCC structure and scene
construction performance in both patients and healthy controls. However, this is not to say
that RSconnectivityof the PCC within thEMN is not related to memory processes.

Indeed, previous work has already identified relationships betweenREEGnnectivity
patterns and memory functionin@reicius et al., 2004; Natu et al., 2019stead, we can
conclude thatRSconnectivitypatterns of the PCC may heét a role in spatiotemporal
processing across memory, perception and imagining, echoing the predictions of the PM

view.
6.4.2 The relationship between ILF microstructure &8tonnectivitymeasures.

There was partial support for the hypothesis that ILF nsittacture measures would

specifically correlate with F®CRSconnectivity There were significant correlations
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between FAOCRSconnectivityin the theta, alpha and beta bands, and ILF PC2, and not
fornix or PHC PC2. Moreover, there were trends betwléénPC1 and HGCRS

connectivityin the alpha and beta bands, which were supported by BFs over 3. The FG and
IOC are connected through the I(trerbet et al, 2018)but a correlation between theiRS
connectivityand ILF microstructure had not been demonstrated in healthy adults before.
This adds to the evidence thRiSconnectivityrelates to the underlying brain structure

(Bezel et al., 2014; Messaritaki et al., 2020)

However, since FEC connectivity did not relate to face oddity performance, it is unclear
whether there is a behavioural consequence of this correlation between structure and
function. Furthermore, ILF microstruce may not specifically relate to connectivity within
the AIN as ILF PC2 also correlated with alpha hippocathplesmus connectivity, and

there were trends between ILF PC2 and hippocampus, and between ILF PC2 and PCC,
connectivity strengths, supported [BFs above 3. There are several possible reasons for
correlations between ILF PC2 and widespread aipfBeonnectivity RSconnectivity

patterns between areas connected by the ILF may also influence connections elsewhere in
the brain; as the thalamus magfiuence occipital alphéMinami etal., 2020) there may be

a mechanism by which thalamic alpha influences both functional visual pathway
communication and ILF tract structure; or given that the ILF is a large tract, the average
microstructure of this tract may be more representativédoff A Y RA @A Rdzl £ Q&
matter properties across thehole brain, than the fornix or PHC. Expanding the last point,
this would mean that ILF microstructure measures are more likely to be closely related to
microstructure measures of other tracts, dthereforeto relate to R&onnectivity

patterns between brain areabat the ILRJoes not connect. Lastly, there is a risk that
measures oRSconnectivitypatterns of deep brain areas measures may be inaccurate (see
Limitationssection 6.4.% soRSconnectivitystrength of the hippocampus, for example,

may not actually represent hippocampal connectivity, but rather connectivity from another
region (poor localization) or nois€herefore, ILF microstructure may correlate with
functional connectivies of areas it anatomically connects, but these functional signals
have been midocalized Future work, which controls for voxel numbers within compared
tracts and invasively records deep brain activity, would provide insight into the validity of

these siggestions.
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6.4.3 Partial dissociability between connectivity frequencies between the

networks.

It is has been demonstrated that intrand internetwork connectivity in different

frequency bands are unequal across RS netw@kkbrand et al., 2012)t was

hypothesized that behaviourally and structurally relevant connectivity between the PMN
and AIN ROIs would be primarily in the theta and alpha bands, respectively. The results
provide support for this, as scene oddity accuracy correlated with PCC connectivity strength
only in the theta band. Moreover, the exploratory analyses, which searched for correlations
between scene oddity accuracy and whbl&in RSconnectivitystrength and baveen

fornix microstructure and wholerain RSconnectivitystrength, only revealed significant
correlations with connectivities in the theta band. These findings appear to contradict the
RSMEG study that showed reduced connectivitAiDspecifically irthe alpha and beta
bands(Koelewijn et al., 2017However, it may be that optimal PMN functionality relies on
functional connections in multiple bands, but that only theonnectivity relates to

individual differences in behaviour in healthy adults.

The reason for the specific importance of RS theta amplitude correlations in scene
processing performance remains unclear. It was hypothesized that PMN theta connectivity
would be relevant because hippocampal processing is important in scene oddity task
completion(Barense et al., 2007; Hodgetts et al., 2015; Hodgetts, Voets, et al.,&817)
hippocampal processing has been associated with theta rhytBussaki, 2002Although
hippocampusPC@RSconnectivitydid not relate to oddity task performance, PCC
communication with the hippocampus may still influence PCQexctivity strength to

other PMN areas. On the other hand, there are hippocampeendent theta rhythms in

the PC(Talk et al., 2004)

Regardless of the underlying mechanism, the finding of the importance of PCC theta aligns
with the results of a study assessing RS oscillatory peaks of the PMC, an area with includes
the PCQFoster & Parvizi, 201L2RS spectral power of the PMC was found to peak in the
theta range, a pattern that was distinguishable from nearby occipital tissuehvadisplayed

spectral power peaks in the alpha range.

There was less support for the specific importance of connectivity in the alpha band within
the AIN. ILF microstructure was found to relate to alpha RE)EGand alpha RS

hippocampughalamus, but italso correlated with RS HGC connectivities in the theta
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and beta ranges. Furthermore, no-B&nectivities correlated with face oddity

performance. The exploratory analyses indicated relationships between ILF PC1 and whole
brain alpha RS connectivitidsut ILF PC2 and face oddity accuracy related to wiialin

RS connectivities in the theta and beta bands, respectively. Therefore, further assessment
of functional connections between face processing regions is necessary to understand

whether there is alominant oscillatory frequency binding these areas.

6.4.4 The evidence for threpart relationships between structure, function and

behaviour.

Since braiwhite-matter microstructurecan predict functional connectivity between brain
areas at res{Messaritaki et al., 2020and there is evidence of relationships between
white-matter microstructure and behaviour (e.g. Hadig et al. 2015), and R®nnectivity

and behaviour (e.gsulpizio et al. 20061t was hypothesized that thregart relationships
between structure, function and behaviour would be found for the PMN and AIN networks.
Specifically, it was predicted thBSconnectivityof the hippocampus with the PCC or
thalamus would correlate with both scene oddity performance and fornix microstructure
(which was evidenced to relate to scene oddity performandghiapter $. Similarly, it was
predicted thatRSconnectivty between the FG and IOC would correlate with both face
oddity performance and ILF microstructure (which was evidenced to correlate with face
oddity performance irChapter $. However, the results suggest that, in the case of PMN
functioning, fornix miavstructure and RS PCC theta connectivity strength independently
relate to scene oddity performance. This aligns with the resul@hafpter Swhich

indicated that fornix PC1 and HPC theta change between scene oddity and fixation
independently correlated th scene oddity task performance, and of Hodgetts et al.

(2015), which also showed that fornix MD and hippocampal BOLD decrease between scene

oddity task and baseline independently correlated with scene oddity performance.

However, the results from thexploratory analyses could incite further investigation into

the angular gyrus. TheRSconnectivitybetween the left angular gyrus and left

hippocampus correlated with fornix PC1, and thBt&connectivitybetween the left

angular gyrus and the left laterf G SYLIR2 NI f O2NILSE o1 Sa0Kt Qa
oddity accuracy. Moreover, the angular gyrus is part oflfiean area which displayed
modulated oscillatory power during scene oddity task completioGhapter 4 Therefore,

the angular gyrus ggears to be a common factor in PMN structure, function and

behaviour.
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6.4.5 Limitations

The challenge of measuring deep source activity may explain why no relationships were
found between hippocampus RS and scene oddity performance, or betwedRSany
connectivty patterns and fornix microstructure. Measuring signals from deep brain
structures such as the hippocampus and thalamus is challenging in(iMiiEeBrand &

Barnes, 2002)Hippocampal signals have been shown to be measurable with MEG when
source subtraction techniques are used, a€hapter 4to reduce the overshadowing of
weak ceep MTL signals by stronger visual sig{@lsraan et al., 2011However, since RS is
taskless, source activity from different conditions cannot be contrasted to cantel

stronger signals, making measuriR@connectivitybetween deep sources with MEG
challenging. The challenge of measgrateep brairRSconnectivityis illustrated in three
studies(Dima et al., 2020; Godfrey & Singh, 2020; Koelewijn et al., 20d9neasued
amplitude-amplitude coupling across AAL ROIls and used a ranking procedure to isolate the
top 20% strongest connections. Hippocampus connections did not surpass this threshold in
any frequency band studied, in any of the studies, indicating either tr@strengths of
hippocampal connections are highly variable across participants, or that they are
consistently weak, both of which could be caused by a low SNR. The field would benefit
from a reevaluation of the relationships betwedRSconnectivityof the hippocampus and
fornix microstructure or scene processing performance, with the use of a technique which
can better measure deep brain sources. Several fMRI studies have shown correlations
between RS hippocampal connectivity with structure or behavigehoe et al., 2015;
Sulpizio et al., 2016; Wegman & Janzen, 204df) fMRI does not allow the measurement

of electrophysiological oscillatory activity, and results of the current study indidht
specific importance of PMN connectivity within the theta band. Invasive
electrophysiological recording may allow further understanding into whether fornix

microstructure relates to hippocampRISconnectivityin the theta band specifically.

ILF microstructure, and FFA BOLD modulation, have previously been shown to relate to
face oddity performancéHodgetts et al., 2015and the present study showed an
association between F®CRSconnectivityand ILF microstructure, so the lack of evidence
for a correlation betwen FGIOCRSconnectivityand face oddity performance, was
unexpected. However, the ILF is a large tract with multiple subcompo€atani et al.,
2003) and the FG has multiple functional rol®8einer & Zilles, 2016%o0 it is possible that

a nonfacesensitivenetwork was inspected. This is because the choice of the

representativeVSfor each area was based on the voxel with the largest activity change
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during the recording, rather than functional activations of tareas. Th& Sscould have

been reflecting activity from brain areas that do not have roles in face processing.
Therefore, while | aimed to measuRSconnectivitybetween two face areas, and

individual differences in this connectivity could have no ais¢ion with face processing
performance, it is also possible theSconnectivitybetween two areas not primarily
associated with face processing, but still connected via the ILF, was measured. Previous
studies inspecting the OFA and FFA have used fMRUarfdnctional localizer scans to
ensure that face specific areas are being inspeahwisher et al., 1997; Elter et al.,

2011) However, a similar method in MEG would be challenging because the face localizing
task and RS recording would have to take plaithin the same session, otherwise

mapping exact brain locations from two recordings with different head localization
measures, would incite source localization errors. A future MEG study, hoping to localize
RSconnectivitybetween face specific areas dduyproduceVSdrom these areas using a

PCA technique to reduce the signal data (Geapter 4and Seymour et al., 20)4and then

investigate for correlations between the resulting components and face processing ability.

RSconnectivitypatternswerethoughtto LJ2 NIi NI & |y  hgsRucias RSIzF £ WAI NI A (G Q
patternsareless variable over timihan intask activity patterns. However, trugS

patterns of the participantsnay not have beerapturedasthe scan took place aftehe

oddity task because it wa anticipated that beginning a long MEG session with inactivity in

a dimly lit room may increase the chances that participants were fatigued before the end of
the sessionlt also created aninimum time between the oddity and memory task
Lingeringoddity taskprocessesnay havanfluenced the scanFor examplethe PMN and
AINmay have beemore active Therefore, he correlation between PCC theta connectivity
strength and scene oddity performance may be interpreted as a relationship between
sceneprocessing ability and corutivity between PMN areas pesteneprocessing,

rather than connectivity between PMN areas during réstture work could compare RS

patterns before and after the oddity task tharacterzeinfluences of carry-over effects.

Lastly, it should be noted that amplitueemplitude oscillation correlations are only one
measure of functional connectivitgnd further correlations betweeRSconnectivity
behaviour and structure may have been identified if another functional conngctivi
method was used. For example, other methods include oscillddased coupling, such as
phasecoherencebetween different brain area@arquetand et al., 2019r entropy
based coupling, in which brain areas can be functionally coupleddhroorrelations in
irregular activity over timéGodfrey & Singl2020) The amplitudeamplitude correlation
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method was used because it has been demonstrated to be one of the most reliable
measures of RBIEG connectivityColclough et al., 2015put this field may benefit from
future work that combines functional connectivity measures from different methods to

better portray functional correlations within the PMN and AIN.

6.5 Conclusion

This study aimed to investigate correlations between intelividual differences iRS
connectivityand task performance in a complex perceptual task, and between-inter
individual diffeences inrRSconnectivityand tract microstructure. In line with the
hypotheses, thetd&k Sconnectivitystrength between the PCC and other PMN areas
correlated with scene oddity performance and not face or size oddity performance,
demonstrating the importane of theta PCC connectivity in spatiotemporal processing. The
confirmatory analyses revealed no correlations betw&Sctonnectivityand fornix
microstructure, suggesting that theRSconnectivitywithin the PMN and fornix
microstructure independently rate to scene processing performance. However,
exploratory wholebrain analyss indicated theta connectivity of the angular gyrus as a
common element in correlations betweddSconnectivityand scene oddity accuracy, and
RSconnectivityand fornix microstrature, suggesting that it may act as a mediating factor
between structure and behaviour. Confirmation of this would need further investigation.
Regarding the AIN, and contradicting the predictionsR&tonnectivitypatterns

correlated with face oddity pgormance. However, there were Sconnectivitypatterns,
such as alpha FI®C, that did correlate with ILF microstructure, which aligned with the
hypotheses. Overall, the results demonstrate the behavioural relevance offf8/N

connectivityin the theta baml, particularly between the PCC and other PMN areas.
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Chapter 7Examining relationships between structure and
objectin-sequence memory performance in the PMN and

AIN.

7.1 Introduction

7.1.1 Background.

Space and time are often combined in episodic menf&ighenbaum, 2017and the PMN

is thought to conduct concurrent spatiotemporal procesqiiiyirray et al., 2017,
Ranganath & Ritchey, 2012)p to this point, this thesis has assessed the role of the PMN,
specifically the hippocampus and fornix, in spatial processing but the role of the PMN in
temporal processing has not beaimilarly addressed. PMN areas, in particular
components of theextended hippocampal networthat are connected via the fornphave
been shown to beritical for episodic memorfgAggleton & Brown, 1999%pecifically
through contributions to the processing of space and ti(Beizsaki & Moser, 2013;
Ranganath & Hsieh, 2016hter-individual differences in fornimicrostructure in healthy
individuals hae been shown to be correlated with recollection of episodic information
(Rudebeck et al., 2009patiattemporal iformation in autobiographical memories
(Hodgetts, Postans, et al., 2018patial perceptiofHodgetts et al., @15)and spatial
learning(Hodgetts et al., 2020Y o date, however, the contributioof the fornix to

temporal sequence memory has not been investigdtedealthy humans, andnimal and
human lesion studiesaveprovidedinconclusive result@Charles et al., 2004; Hunsaker &
Kesner, 2009)

Work by Hsieh et a(Hsieh et al., 2014; Hsieh & Ranganath, 2@1\%)lving objectin-

sequence memory, has shown that the hippocampus holds ojestquence information.

In these studies, articipants learned several differenbject sequencesyansweing

semantic questions othe objects They therunderwentfMRI,during which theyagain
answered semantic questions dime objects presentedn these sequencegctivation

pattern similarity matrices showed that the hippocampasponded to objectn-sequence
information. Other PMN aregghe mPFC, RSC, parahippocampal cortex and angular gyrus,
responded to sequence position regardlessvbichobjectswere presented in that

sequence position. ConverselpetPrC, an important region in the Aliésponded to the

objects regardless afhere they were positioned in theequence.
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These findings suggest that the temporal context of events may arise through procefssing
objectin-sequence information in the hippocampumplementing the purely contextual
processing functions of other PMN areas, and aggregate object processimgAiiNh
Therefore microstructureof the fornix, the main connecting tract of the hippocampus,

may determinethe effectivenessof communicaion betweenthe hippocampusn support

of temporal processing, and relate to interindividual differences in tempuoexhory.

Previousanimalresearch examining contributions of the fornix to temporal sequence
memory has produced inconclusive resufer example,ats with dorsal fornix
transections(thought to be the major output othe hippocampalCAlsub-region were
found to be unimpaired in the temporal processicmponent of arobject recognition

task but they displayed poor novel object detectighlunsake®. Kesner, 2009 he

authors suggested thaireservation othe direct perforant pathway between CA1 and the
entorhinal cortexmay have allowetdemporal informationstill to be effectively
communicatedBy contrast, complet&ansection of the fornix imonkeyshas been shown
to result in poor betweersession recency memoiy a delayed matchingp-sample task
while sparingpbject novelty detectior{Charles et al., 2004) his task required the
selection ofanitem seen in the preceding sequenceamosed to an item seen elsewhere
during the taskSimilarly, impaired temporal order memory but intact content memory has
been described in a human fornix lesion case, a finding attributed to disrupted fronto

hippocampal communicatiofYasuno et al., 1999)

There are multiple possible mechanisms by whighhippocampus and connected regions
could sipport the temporal ordering of informatiartems within events may be
temporally ordered through serial intétem associations or iteposition codingCohn
Sheehy & Ranganath, 2017; Long & Kahana, 20h@) hippocampus may also support
representation otemporal associations within groups of objects without specific serial
orders(CohnSheehy & Ranganath, 201For example, the hippocampus has been
reported to hold information about teqoral community structure§Schairo et al., 2016)
in which transition probabilities within communities are equal and therefore items are
temporally linked but not in @y specific order. Both mechanisms mag relatedto
sequence boundary effectevhere memory for event order within events is enhanced
compared with memory for event order across contextual boundgbesBrow & Davachi,
2013) Hppocampal activity haslsobeen reported to alter at sequence boundaries
(Schapiro et al., 2016)he hippocampus thus appears to be important for memory of
objects grouped by theireimporal proximity, either with specific serial orders (object
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position binding) or without specific orders. It may be that an extendigppocampal

network, supported by the fornix, is also important for these functions.
7.1.2 Aims anchypotheses.

To investigatehe role of the fornix in objeein-sequence memory, an adaptation of the
behavioural task ofisieh et al. (2014)asused. Participantsiere exposed tawo types of
objectsequencestixed sequences (objects always appeared in fixed temporal positions)
and random sequences (objects appeared in random temporal positiboging the

W[ S NY A yhalyarisveled serfantic fuestions about objeatdich werepresented

in theirassociatedsequencesL y G KS WwS (i NRA Sdslvdred sekhaniicSQ G KSe@ | f az
guestons aboutthe objects which were agaipresented in theiassociatedequences

and novel object sequences were also includesiinHsieh et al. (2014}he time taken to
answer the semantic questioflRT) was used as a measure of implicit learning of object
structures This differs from previous chapters of this thesis where accuracy was the focus
becausesemantic decision accuracy was not of interastd measuring RT can reveal
individual differencedn retrieval even if accuracy levels are at ceiling |éhel task was
designed to be easyhverage response RTs for novel, random and fixed sequences were
contrasted, with the assumption that response RTs to objects learned in rdpdodered
sequence would be shorter than response RTs to novel objects, and that response RTs to
objects learned in fixed ordered sequences would be shorter than response RTs to objects
learnedin randomy ordered sequences. These measures of objecequence memory
wereOl £ f SR Ww¢ 9 yNKFYYREPSYS yily R/ 24t FVREISRASIY Sy i NI yR2
respectively. The aims of this study were threefold: to assess the role of hippocampal
communication in temporal memory, by testing for associations between fornix
microstructure ancperformance in the objeein-sequence memory task; to investigate
whether this fornix pathway is specific to particular forms of temporal memory, by
comparing the correlations with the two RT enhancement measures; and to investigate
whether this fornixsupported pathwaysupportstemporal memory retrieval independent

of a contribution tolearning.

There was thus a hypothesis that fornix microstructure would relate to measures of -object
in-sequence retrieval, but the nature of the temporal memory was uncléansidering

that Hsieh et al. (2014) identified bound itgposition information in the hippocampus, it
could be predictedhat inter-individual differences in fornix microstructure would be

correlated withRT Enhancement randefixed, indicatingfornix cantributions tobound
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object-positionmemory. On the other hand, Hsieh et al. (2014/15) also found evidence for
temporal context memory for random sequences, revealed as a gradual reduction in
response RT across serial positions, indicating that memoheashject sequence

facilitated anticipation of upcoming objects. This behavioural pattern indicates memory
akin to temporal community structures. If individual differences in communication via the
fornix related to this form of temporal memory, then formixcrostructure may relate to

RT Enhancement novedndom.

It was unclear whether individual variation in the forsixpported pathway would relate
equallyto temporal sequence learnirandretrieval. While some microstructure studies
have found associatits between fornix microstructure and retriey@layek et al., 2020;
Hodgetts, Postans, et al., 20186}thers have found associations between fornix
microstructure and encodinfsreen et al., 2016; Hodgetts et al., 202&iditionally,
hippocampal BOLD has been shown to increase during learning and retrievalspataal
sequences of facgRoss et al., 2009)hich aligns with the understanding that networks
involved insuccessful encoding and retrievedavily overlagRugg et al., 2008Bridging
encoding and retrieval processes together, a test of adaptability to changes in temporal
structure over short delays ifiornix-transected monkeyshas indicated that the fornix is
crucial to the processes of updating internal models of temporal strudtikiveok et al.,

2015) Together, these results suggest that individual differences in fornix microstructure
would correlate with measures of temporal sequence learning to the same degree as
measures of temporal sequence retrieval, or they might even imply that any apparent
relationship between fornix microstructure and retrieval performance is actually just a
reflection of encoding ability. However, functional connectivity within BddN and AIN

and the hippocampus, has been found to differ in encoding and retrieval J@teper &
Ritchey, 2019)Cooper and Ritchey (2019) exard fMRImeasured functional

connectivity during encoding and retrieval of associations between objects, arwbling,
spatialproperties and emotiomal properties of those objects. They found that while the
connectivity patterns of the PMN and AIN neinks indicated that they functioned
somewhat separately from each other during encoding, whole network (all regions
together) modularity decreased during retrieval, indicating increased connectivity between
the networks, and between the network areas ame thippocampus, during this state.
These results may indicate differing levels of influence of connewtimig-matter

properties on network functioning, within the learning and retrieval phases. Therefore, in

addition to examining RT in retrieval respossdering the retrieval phasehe accuracy of
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sequence reconstruction during the learning phase was testbéé measure of retrieval,
assessed intermittently during learning, was intended to indirectly reflect learning
performance lt was thus possible ttest whether correlations between fornix

microstructure and retrieval measurasere independent of learning performance.

To test if the fornix had a specific role in temporal sequence mengoryelations between
temporalsequencememory measures and nrwstructure properties of the ILF and PHC
were also testedThe ILF is an importatriact of the AIN(Catani et al., 2003;atini, 2015)

and sudies have reported correlations between ILF microstructural properties and
performance of tasks involvingroduction of semantic content in autobicaphical
memory(Hodgetts, Postans, et al., 2018Ad object recognitior{Ortibus et al., 2012)
Therefore, while thdLF may support performance in this study through supporting
semantic/object processing, performance in semantic/object processing was not directly
assessed so it was anticipated that relationships between ILF microstructure and the RT
enhancement measugewould be weaker than those between fornix microstructure and
the RT enhancement measures, or not appar€unversely, the PHC, along with the
fornix, is an important pathway within the hippocamgdiencephaligcingulate loop,
connecting parahippocampateas to other areas of theMN including theRSBubb et

al., 2017) Therefore, i may have beemxpectedthat PHC microstructural propertiegould

be associateavith temporal sequence memory measures. However, areas connected
through the PHC have been shown to htdohporal sequencgosition knowledge only,
irrespectiveof objects(Hsieh &Ranganath, 201%8) | YR (G KS OdzNNBy i SELISNR YSy(
probed objectin-sequence memory. Therefore, since the fornix is the primadrige-

matter connection of the hippocampuand theRT enhancement measuresuld not

capture positioronly information it was anticipated tht relationships between PHC
microstructure and the RT enhancement measures would be weaker than those between

fornix microstructure and the RT enhancement measures, or not apparent.

As with the previous microstructure analysis within this thesigriindividual differences
in tract properties were scored by reducing multipiRFderivedmicrostructure measures,
throughPCAlo 0 A 2 f 2 3AO0Ff t & AYOISNIINBiGFotS O02YLRyYySyiliaz |y
scores from those componentalso, similar to the prewus analysis, tract FA, MD and RD
were calculated from the DTI model and ICVF and OD were calculated from the NODDI
model. However, the current experimaaitMRI protocol did not include CHARMED or gMT
imaging, so FR and MPF values could not be extractél.thi¢ aim of creating
comparable components across the datasetd) Avas additionally calculated from the DTI
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model. This way, the number of measures entering the PCA were similar (6 in the current
study, 7 previously). AlsoxB and FR are correlatedamneas of single fibre populatiorfBe
Santis et al., 2014¥o0 it was predicted to provide some information similar to that

provided by FR.

7.2 Methods

7.2.1 Participants

Fifty-onefemalevolunteers (mean age: 20.1 years, SD 1.1, rang@4d@ars) with no
reported neurological pathologyyere recruited.Participants underwent behavioural

testing followed by a diffusion MRI scam the same dayl.
7.2.2 The Objetin-sequence memory task

Thetemporal sequencing taskvhichwasadapted from Hsieh et al. (201.4pmprised two
phasesa learning phase immediately followed by a retrieval phase. In these, participants
were asked tanakesemantic decisions oobjects,including maamade objectsanimals,

fruits and vegetables, that were presented in sequences of five objects. Both phases
includedfixedandrandomsequence typed-ixedsequences contained consistent objects
that always appeared in a consistent ordereasf these contained unique objects and
another two shared identical objects in serial positions 2 and 3. Two random sequences
contained unique objects, but these were presented in a different order in every repetition.
The retrieval phase additionally inded novelsequences, which containewvel and trial

unigue objects upon every repetitioExamples of the sequences are shown in Figlire

14This was a previously collectedtdset and | analysed the data subsequently.
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Fixed

Fixed
repetition example
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Included in Learning Stage

Random
repetition example

Novel
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objectson every \

presentation)

Included in Retrieval Stage

Figure4l. Examples of sequence types.

The taskcomprised two phases,laarning phase immediately followed by a retrieval phad®e learning phase included cycl
in which participants answered semantic questions on the objects presented in the sequandesconstructed the
sequencesln the retrieval phase, participants only answered semantic questions on the objects presented in the seque
Both phases includedogect sequencethatg SNBE SAGKSNI O2yaAraidSydte 2NRSNBARED
sequences containedonsistent objects that always appeared in a consistent order: one of these contained unique objec
another two shared identical objects in serial positions 2 affid $his study, the two fixed sequence types were analysed
togetherso this detail isiot illustratedin thisfigure). Two random sequences contained unique objects, but these were
presented in a different order in every repetitiof. S1j dzSy 0Sa 2F y2@St 2062S800az ay2¢
retrieval stage. Repetition examples are includedliustrate that fixed sequences had consistent object order across
repetitions whereas random sequences did not.

Learning phase.

The learning phase included two stutilist cycles. In eacstudy cyclethe three fixed and

the two random sequences were each presented three times. One of five semantic yes/no
jdzSadA2ya So®3d alLa (KSmuNRanlguesidhs shawsidm NBEF RAf &
Appendix 4Awas presented at the beginning of each cycle] participants answered this

guestion for each object presented within the cycle. Participants were instructed to answer

as quickly and accurately as possibl&he order of sequences was seranhdomised to

15 Note that this contrasts with the oddity task described in previous chapters of the thesis, where
participants were told to focus on answering correctly rather than quickly. In the current task, RT
was the masure of interest, and theemantic questions wereot designed to be challenging or to
reveal individual differences in semantic decisioaking accuracy.
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ensure that identical sequences were not pretszhconsecutively and that all sequences
had been presented before showing repeats (see Fidgifer more detail and

presentations timings).

In each of thaest cyclesn the learning phase, participants were shown all classes of
sequences again. Again, the order of sequences wasrseridmised. Participants were
explicitly tested on how well they had learned each of the fixed sequences, three times.
They were shown bthe objects from a sequence simultaneously and these were labelled 1
to 5, with five boxes underneath each of the numbers. Participants were asked to
reconstruct the order in which they were presented in that sequence, using keys 1 to 5
along the top othe keyboard. The correct order was then displayed. Foraneom
sequencdrials, participants simply placed the objects in a random order and then another
randomorderwas displayed, which required no response. Answers were regarded as
correct if objecs were placed in the correct temporal positidrhe fraction of answers that
were correct was expressed as a percentadperd were two studstest cycles within the
learning phase. Accuracy over all the reconstruction tests was averaged @diveS | N3/ A y 3
{ O 2.N&ethat this score is actually comprised of explicit measures of sequence
retrieval, assessed intermittently during the learning phase, with the aim of reflecting

learning performancgbut does nodirectly measurelearning.
Retrievalphase.

Eah of the five blocks was preceded by the presentation of a yes/no semantic question
(different from those used in the learning phase). Each sequence was presented three
times within each block. The presentation times were the same as those in the Learning
phase, excepthat the sequences were run seamlessigquence boundaries were not

highlighted by a longer fixation screen.

Response RTs were recorded to measure the extent to which individuals utilized object
sequence knowledge to facilitate semantic guaents. This should be reflected as a

reduction in average response RT of the fixed sequences compared to the random
sequencesd w¢ 9 y K I rghdo8¥ § ¥ &h& & reduction in average response RT of

the random sequences compared to novel sequen@ew, bhafcement noveNJ Yy R.2 Y é
Initially, the RT differences between responses to positions 3 and 4 of the overlapping fixed
sequences were to be included to examine sequence separaifimnever, response RTs to

position 3 and 4 were not found to be significendifferent (seeAppendix 4B
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Averaged sequence RT scores were calculated for each sequence by computing the mean
of the RTs to decisions on objects presented in positiehsResponse RTs to position 1

were removed at this stagas it was assumed these RTs would be influenced more
strongly by the inability to predict the first object, than by individual differences in object

in-sequenceknowledge.
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Figure42. Layout of the temporal sequence memorys<k.

To aid understanding, only examples of the fixed and random sequences are shown. Note that the retrieval phase additiodaliyriovel
202500 aSljdsSSyoSad ¢KS GFral O2YLINRARASR | af SI NY Ay 3séd stuitesiicgcleF
the study part, participants learned the object sequences by answering semantic questions about the objects presenteddquarces.
Each object was displayed for 1 s and was followed by a blank fixation screen lastingektiempants could respond any time between
object onset and the end of this fixation screen. Additionally, the sequences were separated by a longer blank fixatidagtarge?.5 s. In
the test part, participants were asked to-oeder randomly ordeed objects from the sequences. Note that the random sequence canno
reordered correctly, and participants randomly ordered the objects before being shown another random order. The sequeact®war
three times within the test and study parts, and teewere two teststudy cycles. The Retrieval phase comprised five blocks, which was
similar to the study part of the Learning phase, but all the sequences were shown seamlessly (without longer fixatioh #ajeens
participants answered semantic quests about each object displayed.

Blue asterisks have been added for illustrative purposes, on some images in the Retrieval phase, to denote the imaiga ih poait
sequence.

211



































































































































































































