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ABSTRACT

Background: Subjective Cognitive Decline (SCD) is a largely unknown
state thought to represent a preclinical stage of Alzheimer’s disease
(AD) previous to mild cognitive impairment (MCI). However, the course
of network disruption in all stages is scarcely investigated. In order to
explore neurophysiological biomarkers of AD spectrum, we investigated
resting state HD-EEG (EEG) of SCD, MCI and AD patients.

Methods: We employed resting state EEG to extract correlation matrices
for each subject, construct weighted undirected networks and calculate
network clustering and strength at global and local level from parietal
electrodes. Network measures were compared between groups. 70
patients (20 SCD, 30 MCI and 20 AD) and 22 healthy controls (HC) were
enrolled. AIll participants underwent a detailed neuropsychological
assessment and 10 minutes resting state HD-EEG (EGI GES 300) with
256 channels.

Results: The SCD group exhibited decreased clustering coefficient and
strength at local level but exhibited no difference at global level
compared to HC. However, SCD showed similar but smaller changes in
clustering and strength compared to MCI. Also, MCI and AD showed
disrupted both clustering and strength compared to HC. SCD exhibit a
significant network disruption at local level, showing intermediate
values between HC and MCI groups in multiple parameters. These results
highlight the relevance of cognitive concerns in the clinical setting and
suggest that network disorganization in AD could start in the preclinical
stages before the onset of cognitive symptoms.

Conclusion: The above findings reveal a disrupted pattern of the AD
connectome that starts in parietal regions, when patients show memory
concerns. This pattern provides evidence that disruptions in brain
connectome at parietal organization are a key factor in the progression of
AD that can dynamically reflect the progression of AD, thus representing
a potential biomarker for early diagnosis and may potentially represent a
neurophysiological biomarker of AD.

KEY WORDS

Electroencephalography, Brain Connectivity, Alzheimer’s Disease,
Subjective Cognitive Decline, Mild Cognitive Impairment, Elders,
Resting State, Network Analysis



IHEPIAHYH
Oépo: H vmoxkewpevikny vontikn otatapoy (YNA) givar pia ayvootn
KOTAOTOGN 7oL OamoTeEAEl €éva MPOKALVIKO O©TAOL0 1TNG VOGOL TOV
Alzheimer (NA) npwv and tmv fria vontikn dwatapayn (HNA). Qotdco, 0
HEAETN TOVL O1KTVLOV TOL E€YKEQPAAOVL o& OAa Ta oTddlo €ival eAdyloto
dtepevvnuévn. Ilpokeipévov va diepgvvnBovdv ot VELPOPLGLOAOYIKEG
dtapopég o€ GTOMO TOV OVAKOLV ©TO @Qdopa e NA, epgvvicape
CLYKEKPLUEVEG 1010TNTEC IKTO®V gyKePAAov atopwv pe YNA, HNA kat
NA ocvykprtikd pe vyteig nAMkiopévoug.
Mé£0odog: XpNOIULOTOIGALE NAEKTPOEYKEPAAOYPAPLKEG (HET)
Kataypa@Eés VLVYNANG evkpivelag o€  Katdotaom mnpepiog  yio  TOV
VTOAOYIGUO TOV GLVTIEAEGTNH XvoTadomoinong kot tnv toxd JOlkTOOV o¢F
OAOKANPO TOV €YKEPAAO OAAA KOl GE TOMIKO EMIMESO OMO CLYKEKPLUEVA
niexktpoodola tov Ppeypatikod Aofov. Ta pétpa diktv®V cvykpidnkav
petaéd tov opddov. Zvpueteiyav 70 acbeveic (20 YNA, 30 HNA kot 20
NA) xat 22 vyeig paptopeg (YM). Orot ot cvoppetéyovteg vmoPfAnOnkav
ce Aemtopepn veELPOYLYOAOYIKN a&loAdynon kat 10 Aemtd avamavong
HD-EEG (EGI GES 300) pe 256 xavahto.
Anoteréopata: H opdda tov acBevov pe YNA moapovciace 6TATIGTIKA
ONUAVTIKO HELOUEVO GUVTIEAEGTY] XVOTAOOTMOINONG KAl 1GYV TONMIKE ©TN
meployn 1ov Ppeypatikod Aofov, aAld dev mapovciace kapio dtapopd
070 01KTVO OAOVL TOV €YKEPAAOVL o€ Gyéom pe Tovg YM. Qotdc0 epnpdvice
napoépoles  aAAd  pkpoOTEPEG AAAAYEG ®©C TWPOG TO  GLVIEAECTN
Yvotadomoinong kat TNV toyxh, mapovcialoviac HeTAPOAEC TAPOUOLEG UE
exelveg mov €0eie m HNA. Emiong, ot acBeveic pe HNA xoar NA
Tapovciocav TOAD HELOUEVES TIUES GTIG CVLYKEKPLUEVES 1O1OTNTEG d1KTVOV
ce oyéon pe tovg vyleig. Il ovykekpipéva, otr acBeveig pe YNA
napovctdfovv onuaviikny dtotapayn TOV OIKTVOV TOVL E€YKEQAAOVL of
tomikd enimedo (PBpeypatikdg AoPoc), mapovoidlovtag evolbdpueses TIUEG
petalv g opdadog tov vytov kot tov HNA. Ta amoteAéocpota avtd
VTOYPOAUUifOVY TN CLVAQPELDN TOV AVNOVYLOV GE€ OXECT UE TN UVAUN Kol
VTOOEIKVHOVY OTL 1 AT0O10pYAVEOGT TOL 01kTVov 61N NA OBa pmopovoe va
EEXKIVNGEL 0T TPOKALVIKA TS0 TPV ad TNV ELPAVICT TOV UETPNCLU®OV
VONTIKOV EALELULATOV.
Yopumepdopato: Avtd TO EVPNUATO OTOKOAAVTTOLV £va SLOTAPAYUEVO
potifo tov diktvov ot NA mov Eekivd otic Ppeypatikég meployég, otV
ol acBeveig mapovoslalovy VTOKEIUEVIKES OVNOVLYIEC YloL TN WUVNAUTN TOVC.
Ta amoteréopata aVTO OTOJIELKVOOLV OTL 01 dLATAPAYES TOV EYKEQPAAIKADV
OKTO®V o1l PBpeyrotTikég meEPLOYEG TOL €YKEPAAOVL amoteAoVVv PBoactkd
napdyovia otnv tpdodo ™ NA mov pumopei va avrikatontpilet dvvapikd
v e§éMéEn e NA kor étor va avtimpoocwrnevel €£vav  mlavo
VEVLPOPVOLOAOYIKO ProdeikTn yia TNV €ykaiprn dtdyvoon g NA.

AEZEIX KAEIAIA

Hlextpoeykeparoypaonuoa, Avoioa ToOmov Alzheimer, Ymoxeipevikn
Nontikn swatapayr, Hria Nontikn Atatapayn, Alktvo eyKe@AaAov
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XYNOYH XTA EAAHNIKA
H véooc Alzheimer (NA) givatr pia vevpoek@uAiiotikny ndOnon n omoia éxel Ppebei
0Tt aArdler ™ doun kar TN AELTovpyio TOV EYKEQPAAOVL OAPKETA YpOVia TPV ATO TNV
ELPAVION TOV KAVIKOV KOl VEVPOYVYOAOYIKOV cvuntopdtov [1]. Ertopéveog, o €yxaipog
EVIOMIGUOC TOV UNYOVIGU®V TOL €YKEQPAAOVL & Atopo mov givatr mBavo va avantHEovv
Noco Alzheimer (NA) eivat and t1g ueyaAdTEPEG TPOKANGELS TNG TPEXOVGAG EPEVVAS GTOV
Topéa ¢ dvotag [2].

Y10y0g MeréTng

Amd 600 yvopilovue, n mwapovoa £pevva amoTeAel TNV TP®TN UEAETN UEYXPL CNUEPO
HE TN YXPNOMN MHETPNCE®V amd VLYNANG &EVKPIVELNG MAEKTPOEYKEPAALOYPAPNUO TOVL
KOTAGKEVAGTNKAV O VEVPOPLGLOAOYLIKA dedopuéva pe tn xpnon tov EGI GES 300, yia va
yapoaktnpicovv tnv €£EAEN TG SLVAULIKNG TOL JIKTVOVL GE OAO TO TPOKALVIKA GTAOLO TNG
NA, cvouneptAapufavouévoyv VYLEIVOV NAKIOUEVOV XOPpig VONTIKES avnovyiec, acleveig pe
Yroxetpevikng Nontikng Atatapayng (YNA), ‘Hriag Nontikng Atatapaync (HNA) kar NA.
"o 1o ckomd avTd, YPNOIHOTOGAUE OEdOUEVA GUUUETEXOVTOV GE KATACTAGN Npepiag mov
KOTAypaOMnKE UE TO LVYNANG evkpivelag niektpoeykeparoypaonua (HET) evd otn mopeia
onuovpynOnkav mivakeg OtacvoyétTiong petagd TV MAEKTpodimvV €K TOV omoimv
Katackevdotnkay diktva pe Bapn yia tnv akpifn aviyvevon tov 1610THTOV TOV O1KTVOV GE
6A0 10 @acpa NA Kot GOYKPLON TOV OTOTEAEGUATOV TOVG HE TIC VEVPOYLYOAOYIKEC
efetdoelg. Ta vevpopuoloroyikd pétpa cvyxpoviGpoly mov mpoépyovtatl and 1o EEG, to
fMRI1 kat to MEG éyovv amodeiybel ypnoipa otnv aviyvevon o610QopeTik®v ntoboroyidv
[105], [121], [122] kat cvykekpipéva oe NA [109], [110], [113], [119], [123] - [125]. Me
Baon tig mponyobueveg perAéteg ameltkOVIGNG, AVOUEVOTOV M AVIXVELON SL0QOPOV MG TPOG
T1g 1910tNTEG TOoL d1KTHOoL o¢ acBeveic pe YNA oe oyxéon pe tnv opdda tOV LYLOV.
YnoBéoape 611 o1 ocvppetéyovies pe YNA Oa mapovoidoovv petafoArég mpog tnv idia
Katevbovvon pe avtég mov exkdnrAodOnkav and acBeveic pe HNA, av kot cg pikpoOTEPO
Babpo, mapovcibdlovtag £tor evoldpeceg Tipég petad avtov tov HNA kot vyiov
nAMKlopéveov. X avtnq T UEAETN, oToyxevoOUuE Vvo €EETACOVLUE OVLTN TNV €lkocia
alorAoyovtac tnv mhavn kAwvikn gvaicOncio Tov cvvteleotn ocvotadomoinong (XX) kot
™G 16xV0G TOGO0 GE GPALPIKO OGO Kol 0€ TOMKO eminedo oe OA0 10 pacpo NA ce dsiypa
acBevov pe NA, acBevov pe HNA xor acBevov pe YNA. And 6co yvopilovpe, Kapia
nponyovpuevn peAétn Oev €xer afloloynoel TG OLYKEKPLUEVESG 1O10TNTEG O1KTHOVL OF
Katdotaon npepiag pe ™ xpnon tov HED oe dropa pe YNA péypt onuepa. Me Baon tig
KoOlepOUEVEG YVOGELG CYXETIKG LE TNV AVATOULKY KaTOovOoun tng mabopucioroyiag kol TOV
petaforodv tov HED oe katdotaon mpepiog katd tn dtdpkela TS vOGOL, OLEPEVVIGAUE
AAAOL®OGELS TOV EYKEQPAAOV GE€ OAO TOV €YKEPALO OGO KOl GE GUYKEKPIUEVEG TEPLOYES TOV
EYKEQPAAOV TOVL gUmAEKOVYV TG OOMEG TOV Ppeypatikod Aofov, avravakAdvtag &va
drofabpuiopuévo TpOTLVTO JLOPOPADOV TOV AVTLGTOLYOVV 6TN cofapoTnTa TG vOGOoU.

Néocog Alzheimer kot Yrokeipevikn Nontikng Awotapayn

Evd ot 4vBpwmor yepvolv, moAroi eivar gkeivol mov mapovsidafovv dratapayn OTLS
VONTIKEG TOVG AglTovpYyieg mov ekteivetal mépa amd ovtd mov Oewpeital vyg yRpavon,
yopic Opmg va vwhpyel anapoitnta n ddyvoon e dvoirag. Avtn N HETAPATIKN VONTIKNY
katdotaon yopaktnpioctnke g HNA [3]. Qotdc0, plo LTOKEIWEVIKN avnovyio 1ng

9
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ATMOAELNG  UVAUNG  amO  TOLE MNAKIOUEVOVS OTOVCio  ONWOLAGONTOTE OPYOVIKNG 1
avVoyvopicitung Katdotaong and vevpoyvyoroyikn e&étacn ovopdletar YNA [4]. Avtn 1
Katdotaon givat yvootd 0Tt mpokaiel dtatapaynq Tng UVAUNG kot €xel peydin adio og
npootadto Mg HNA [5] pe mbovy e&éMén oto petémerto otadio e NA [6]. H
wpoondfeta va aviyvevhodv ta moAd mpdipa onuddio Avolag e T SVVATOTNTO AVATTVENG
nopeufdoeov yia va emiPpoadvviel n e£EMEN tovg, €dwoe v ®Onon yia avénuévo
evolapépov yio T YNA. Tt yvopilovpe yio T Agttovpyio Tov EYKEQPAAOV KOl TIG 1010TNTEG
Tov O1KTVOV avlpomowv pe YNA; Ttr aillayéc mapatnpodVIal 6T GLVOEGIUOTNTO TOV
EYKEPUALKDOV TEPLOYOV TOV AVOPpOT®V TOL HOALS ApYlLoOV VO OVIICLYOVV Yl0 TNV ATMOAELN
LVAUNG; AVTA NTAV TO EPOTAUOTO TOL TVLPOJOTNGAV TO EPELVNTIKO HOAG €VILAPEPOV KOl
avTN M HEAETN €PpYETAL VO TAPOVOLAGEL UEPLKA TPOKOATUPKTIKA OTOTEAECUATA OYETIKO UE
To dtopa pe YNA Kot T AELTOVPYLKOTNTO TOV EYKEQPAAOL TOLG.

I016TNnTEC O1KTVOV KOl peréTES vEvpoamelkOvions yio YNA

Yvykekpipuévo, ot petafoArég otnv TomoAOYyio TOV YPAPNUATOV KOl Ol OVIIGTOU(ES
petpnoelg emrpémovv  tnv  eg&étaon tov efehiooopuevov  aAiniemidpacewv  petagd
TOAAATTADV EYKEQPAALKOV TEPLOYDOV KAl TEPLOYOV O©E VOoNpata mov oyetilovtar pe
vontikn Agttovpyia, 6mowg N NA. Apketéc peléteg vevpoamelkdviong £xovv S1EpEVVNOEL
TOALATAEC 1010TNTEG OIKTVOV ATOU®V UE HEYAAN TOLKIALO YuylkoOVv dtatapoaydv [37] kat
NA [38] edikdtepa. Avarvtikd, tnv televtaia dekoetio OA0 Kol TEPLGGOTEPEG UEAETEG
vrodeltkvbovy O6tL o avlpomivog eyképorog upmopel va povieAomoinbei g diktvo,
delyvovtag TNV GULVIEGIUOTNTO TOV E£YKEQPAAOVL, MOV AVOPEPETOL OG EYKEQPAALKT GVVOEGT
(brain connectome) [39]. To Brain connectome mapéyxel M0 TLO OALGTIKY GmOYM
aloloy®vTag Kol HOVIEAOTOL®VTAG OAOKAMPO TOV 0vOpdmvo &yKéEQPAAO ®G GLVOAO
d10pOpOV IKTVOV Kol a§L0A0YOVTOUS TNV EYKEPAALKY] OPYAV®OOT], TIG EKTETAUEVEG AAAAYEG
N t1g dratapayés og ovrotnta [40] - [42]. Yrbpyovv evdei&elg 6TL o1 aAlayéc oTa dikTLO
Tov €yKe@dAlov gppavifovral t660 6e mpdipa otddia, 6mog N1 YNA xar 1 HNA, xabog xat
oe petayevéotepeg achéveleg 6nmg 1 vocog tov Alzheimer [43] - [65]. Zvykekpipéva, Exet
npotabel 6tL o1 petaforég tng Asttovpyikng ovvdeoipdtntag (Functional Connectivity -
FC) og dtopa mov Kivdvvevovv amd Mo TPOY®PMNUEVO GTAOLN YVOGTIKNG OVGAELTOVPYLNG
petd amd kdmoio ypovikd dirdotnpo, pmopel vo ocvuPodv mplv and EKTETUAUEVEG
dtapbpotikég eykepaiikég PAaPec kol yvootikd eAleippoata mwov evtomilovtal amd TN
vevpoyvyoroyikn extipnon [29], [38] [41], [45], [66] - [68]. [Tio cvykekpipuéva, vIAPYOVV
OAO KOl TEPLGGATEPA GTOLYELDN TOV VTOINAM®VOVY OTL TO 6TAOL0 TNG YNA cvvdéetal pe tnv
TOPOVCIO EYKEQPAALKOV OALAYOV KAl TNV OTOOL0PYAVOGCT TNG TPOIUNG VONTIKNG EKTTMOONG
nov oyetiletar pe v NA [86] - [89]. Mapd to yeyovog Ot to dtoua pe YNA Oa
UTOPOVGAV VO AVIITPOCONTEVOVV £va mpoctddtlo tng HNA, mapapével acapég moto and ta
dtopa pe YNA 0o petammdnocer oto otddto g HNA 1 tng NA «xor wote [91], [94].
[Mapora avtd, ta dtopo pe YNA gpugoavifovv vevpoek@UAOTIKEG LETAPOAEC GTOV EYKEQPAAD
tov¢ [89], [95] - [97] mapopoleg pe avOpdTOVG 0€ MO TPOYOPNUEVA GTAdLA TOV QACHOATOG
¢ avorag [30], [33], [64]. Atdpopeg peréteg £€xovv a&lOAOYNGEL TO YOAPAKTINPLOTIKA TNG
EYKEQAALKNG dpaocTnplédtnTtog HETAEL TV atopwv YNA [22], [49], [96], [98], eved dAla
Exovv piel pog ot ovvoesInOTNTA HETAED TOV €YKEPAAMKOV TEPLOYDOV atOpmv pe YNA
[45] , [53], [60], [63] pe dtepedhvnomn TV 1010TNTOV TOV EYKEPAAOV KAl TOV dikTvOVL [48] -
[50], [55], [63], [64].
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[evikd, n OBeopio TOV ypoaenudtov otnv £pevvo TOL £YKEQPAAOVL TeplLypdoel €va
diKTVO ®G €va ocVvoro KOUPBw®V, To omoio ATOTEAOVV TO GVOTOTIKA €vOG GVOTNUATOG (TOV
AVTITPOCOMEVETAL GTNV TPOOTTIKY] TOV EYKEPAALKOV SIKTVOV MG TEPLOYN EVOLAPEPOVTOG -
ROl kot pio cgpd okpdV TOV OVIITPOCHOTELOLYV TN ovvoeon Tov kOuPov. IToikileg
VEVPOUTEIKOVIOTIKES péEBodOL €yovv ypnmotpomoinBel ektetapéva yio va eEayovv Tig
OL0QOPETIKEC 1O1O0TNTEG TOV O1KTVOV TOL €YKEPAAov. H petopévn tkavdtnto cuyypoviGHOV
petalH 0vo xkopuPov Ba umopovoe va vmodeiel T1g dvoKoAieg emiTVYOVG cVLeving pnetagd
TOV TEPLOYDOV TOV EYKEPAAOV KOl Vo LELDOGEL TNV TOHAVOTNTA ATOTEAEGUOTIKNG ULETAIOONG
ninpoooptov [101] mov odnyei ot emakdAovOec dvokoAiec puviung. Tnv terevtaio
dexaetio OA0 Kol mEPLocHTEPES HEAETEC VTTOONADOVOLY OTL 0 avOp®TIVog eykéPaAog umopel
va povteromoinBel g diktvo, Odeiyvovtag TN OCLVIECSIHOTNTA TOL EYKEPAAOVL, TOVL
avapépetal ¢ eyke@ailkn ovvdeon [39]. To Brain connectome mwap€yel Hio TLO OALOTIKY
dmoyn a&loAoy®VTAG KOl LOVIEAOTOLOVTOS OAOKANPO TOV avOp®OTIVO €YKEQPAAO ®G GVUVOALO
dL0QOpOV SKTVOV Kol 0§LOA0YOVTOS TNV EYKEPAALKT OPYAV®OOT, TIG EKTETAUEVEC OAAAYEG
N 11g dratapayés og ovrotnta [40] - [42]. Yrbpyovv evdei&elg 6t1 o1 aArayéc ota dikTLO
ToV e€YKEQAAOV gppavifovial 1060 6€ mpdLHa 6TAdL0, OT®G avtd ™G YNA kot tng HNA,
600 ko1 g apyotepa 6mwc n NA [43], [44], [55], [59] - [64]. H diepedvnon tov arlaydv
ot0 TPOoKAVIKA otddia tng NA, umopel va odnynoet oe véeg vmoBécelg oyeTikd pe v
emkeipevn maboevoioroyia, or omoieg dev umopovv va eakpifwbBodv ¥pNOILOTOLDOVTOG
nAnpopopieg amd TNV TPEYOLGO VELPOYLYOAOYIKN Kol KAwikn afltoAdynon N and
ATOUOVOUEVEG TEPLOYES TOV eyKepaiov [102] - [104].

Q¢ ek tOo0TOVL, Ol AAAOYEG 0TO OlkTLO £€yKEQPAAOVL movL oyetiCovrar pe tnv YNA, Oa
umopovoav vo Pfondncovv 6Tov TPOGIOPIGUO TNG dLAYyV®OGONG KAl TOV TPOYPOUUUATIGHOD
¢ Oepaneiag Kol pmopel va maployovv TEPALTEP® TANPOPOPIEC GYETIKA HE TO OV 1
OHOLOTNTO TOV EYKEQOAIKOV OLVOECEOV KOl TOV UETABOADV TNG AELTOVPYIKNG
ocvvdeopdtntag (Functional Connectivity — FC) g YNA og oyxéon pe toug HNA, NA kot
VYlOV pmopel va mpoetolpdoel to dpoépo yia v €&€MEN ¢ YNA oto otddio tng NA.
[Tapdro mov TPelC CLGTNUATIKES avacKoTNcelg &yxovv Otepevvnoel petafoirég FC oto
odopo g NA kot eykepaiikng ocvvoesipdotntag [37], [38], [105], kavéva and avtd dev
Exer ypnoiwpomoincer tov O6po "YNA (SCD)" ota egpevvnrikd tovg kprthpra. Ilwo
ocvyKeKpLUEVA, €KTOG amd TN un xpnon g A&ENg-kAetdov "YNA" ota gpeuvntikd tovg
Kputnpla, ot cvyypaeeic avalnrtovocav povo perétec fMRI oe dtopa pe NA 1 HNA xot
VY1ELG CUUUETEYOVTES, | AAAAYEC GTIG OLOTNTEG O1KTVOV OTTwG €yxovv otepevvnbel pe GAdla
epyareio vevpoaneikdviong, ommwg to MED [38]. Ze pia GAAN GUGTNUHOTIKY OVOGKOTNON
[37], ot ocvyypapeig oev avalntovv peiéteg oyetikég pe tnv YNA, dedopévov 6t1 1
CLGTNUATIKY avackKOnnorn mpaypatorominke to 2009, evd n npodtn peiétn mov eg&étooce
TIG 1O1OTNTEG TOV EYKEPAALKOD O1KTOOV 6& mANOvoud pe YNA dnpoocievOnke to 2012 [53]
oeEnyayav po  axpifn kot emapkn  avalftnon Piprioypaeicag amoKAEICTIKA Yia
dvolettovpyio tov Aiktoov Avtopatng Asgittovpyiag (AAA -Default Mode Network —
DMN) oe pia gvpeia moilkihio yoyikov dtotopoy®v. e pio GAAn avackomnon [105] wov
oeENyOn 1o 2010, or ocvyypoapeic €kT0G¢ amd 10 OTL dev cvumepleAduPavav 0molodNTOTE
peAétn eykeeoAlkov diktvov oe mANOvoud pe YNA, oavépepov didpopeg HEAETEG
vevpoanelkdviong, ot onoieg diepedbvnoav v FC petald tov meployxdv Tov €yKEQEAAOL UE
™ xpnon véov pefoddwv. Avtn n ovyKeKpLPHEVN] avackOTnon dev dlepevvnoe to mbava
EVPNUATO TNG OLVIEGIUOTNTOS TOV EYKEQPAAOVL AAAOV UEAETOV TOL TWOPATNPOLGAV
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OAAOLOGELS TOV EYKEQPAALKOD J1KTVOV HE AAAO €pyaAeia vevpoamelkdviong, 6mwg to MEG.
Q¢ &k 100VTOV, Ol VWAPYOVGEC OVOOKOTMNGELS OTOTEAOVVTOL KVPi®wG amd HEAETEC MOV
€6T1AL0VV GTN GUYKPLIGN VONTIKA VYLEIWVAOV NAKIOUEVOV KOl ATOU®V GE TLO TPOY®PNUEVA
otdota, omowg HNA 71 / xat NA 1 dtdeopeg vevpoAroyikég dtatapayéc 1 HEAETEC MOV
dtepevvovv  1316TNTEG €VOG  ovuykekpipnévov  dikTvov  (OMA.  ypnolHomOL®VTOG  €va
ocvykekpiuévo gpyaieio vevpoaneikoviong (m.y. fMRI). Q¢ ex tovTOV, N YVOGN OYETIKA WE
v mopeia Tov petaforov g FC ota dtopa pe YNA givol Tpaylotikd TEPLOPIGUEVN KOl
0ev VIAPYEL HEAETN OAVACKOTNGNG MOV va cVVOoyilel Kol vo SLEPEVVAE Ta €VPNUATA OA®V
TOV UEAETAOV GTOV TOUEN TOV EYKEQPAALKOD oLVOEGUOVL oToVv TANOvoud pe YNA. Qotooo,
HEYPL CNUEPO, APKETEC UEAETEG £YOVV AVAPEPEL dLATOPAYEG TOV EYKEPAALKOD J1KTVLOL Kol
TIC QALVOUEVIKEG GVVIEGELG GTOVG avOpdTOVG ota apylkd otddta e NA, 6nwg avtd Tng
YNA.

MeghréTEC VEVPOOUTELKOVIONGS KAl OLKTVOV 6)eTIKA pe Tnv YNA

[ToArég peréteg vmootnpilovv v dé€a O6TL ot deikteg mov mpoépyovtal amd TNV
AVAALON MNAEKTPOEYKEQPAAOYPAPNUATOV, OT®OG M 16YXVG TOL O1KTVOV TOVL EYKEPAAOVL, TO
YOPOAKTNPLOTIKO HOVOTATL KOl O OLVTEAECTNG ovotadomoinong Kot GAAo TOGOTIKA
YAPOKTNPLOTIKA, O10@EPOVY HETAEDL TOV QLOGLOAOYIK®OV OTON®OV NG Tpitng nAitkiog, HNA
kat NA, tovAdylotov ce eninedo opdadog [108] - [111] eved oe mpoywpnuéva otddta £yet
Bpebel petopévo yapaxtnploTikd HOVOTATL o€ GAQa Kol PRto KOUOTO HE OYETIKADC
dratnpovpevo (N eAappdg avéavopevo) XX, vrodniovovtag 6t 6tn NA 10 diktvo yivetal
o Tuyoio 6tav peletdtol oTic vVYNAOTEPES cvyvotnteg [101]. Zvykexpipuéva, TpOCcPATES
vevpopuvoloroyikéc peréteg pe HED éyovv avaeépetl evolapépovio amoTeAEGLATO CYETIKE
pe ™) mbavn xpnon avaiAvong 1010THTOV IKTHOV Kol YpaenudtoVv o diktva eyke@diov og
otddta mpv and Tnv euedvion g NA 6nowg HNA kabohg kat o ntpoyopnuéva 6mwg n NA
[43], [109] - [115]. Avtéc ot perétec avépepov arrotouéveg 1810tNnTEG d1KTHOV O©F
cpaiplkd (O6A0 TOV €yk€PaALo) Kal TOTMIKO eminedo o mpdIpa 61adta NA, vrostnpifovrog
v mbavn KAWIKY onpacio avtov tov peietov. Ilio ovykekpipéva, kabog n vocog
eeliooetal, paivetar 6tL €xel dratapayxfel n aKepaAlOTNTO TOV VELPLKOV KVKAOUATOV GE
doulkd Kot Aelttovpylkd ocvotipato mwov oyxetifovror pe vomtikég Agttovpyieg vyniov
emmédov oe acBeveig pe NA, mov gpunvevoviol kvpiwg ®G ATOAELN TOV 1310TNTOV
uikpokodopov (small world properties) mov mapatnpeitor 6TNV YKEQAUALKT GVVOEGIULOTNTO
Kot wov TeAlkd pmopel va eEnynoet vontikég ehieiyelg otovg acBevelg. Amd tnv AAAn
TAEVPA OpKETEC UEAETEG €YoLV ovyKkpivel ypapnuata Tov atopov pe HNA kot NA xat
VYLOV Kot €xovv mpoteivel 011 o1 TIuéG TV acBevov pe HNA givalr evoldpuecec avtov TV
vylov kot tov NA [109], [116], [117], yeyovog mov vrodniovel 0TL 6to otddto HNA, ot
CLVOEGIUOTNTO TOV EYKEQPAAOV glval meplLoplopévn 0tav ovykpivovtatr ol acBeveic pe HNA
pe vy nitkitopéva dtopa. EmmAiéov, peréteg pe Baon to HED kot to METD amoxdivyav
o0tt ta atopo pe HNA epedvicav onpavtikn peioon tng 1oyvog T®OV GLYVOTNTOV GINV
«OA@a» pmavto pe epeavn emifpddvvon tov HED, petopuévn noAvtiokdtnto tov onpultov
HET «at dwatapayéc otov ocvyypoviopd HED oce oVykpion pe tovg @UOLOAOYIKOVG
nikiopévovg [118] [120]. Emouévog, m diepevvnon tng 0614000MG TOV dlaTapoyUévev
OIKTV®OV KOl TOV EYKEQOUAIKOV OGAAAYOV G€ TPOKAVIKA oTddla oyetilopeva pe ™ NA,
uropei va oonynocer oe véeg vmobBéoelc oyxetikd pe tmv YNA mov d&v umopovdv va
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eCakplfwBoVV ypNOLLOTOLOVTAG TANPOPOPIEC ATO TNV TPEYOLGOU VEVPOWYVYOAOYIKN Kol
KAVIKT a§loA0yNnon 1| amd amopuovoUEVEG TEPLOYEC TOV eyke@dAiov [102] - [104].

YAkad ko1 pé0ooor

Ao v 1In ZemtepPpiov 2015 €wg 11 30 Avyovotov 2016, ot GLUUETEYOVTEG
eMAEYONKOV amd TNV KAVIKY UVAUNG Kal avolag tng 3ng Nevporoyikng KAwvikng tov
Apiototeieiov IMavemotnuiov ®ecocarovikng kot and ta Kévipa Huépag tng EAANvVIKNGg
Etaipeia  Alzheimer «xat Zovapdv Awntopoayov (GAADRD). Ot oacBeveic pe NA
dtayvootnkov omd ed1kd vevpoAdyo-yvyiatpo (MT) ocdueowva pe TOo 16TOPLKO, 11
vevporoylkn €&étacmn, TIg VELPOYVLYOAOYIKEC eEeTdoelg, T payvnTikn topoypoeio (MRI)
Kot GAAeg amapoaitnteg epyactnprokéc efetdoetc. H peAiétn 01e§nydn ocdpoova pe 1t
Araxnpovén tov EAcivkl kat eykpiOnke amd tnv emoTnuovikny Kot NOKNR €mTpOm) TNG
GAADRD (27/11/2016). ZvvoAkd, 112 coppetéyovieg cvppeteiyav otn perétn. Ano avtd
elkootl dtopa dnpiovpyncav dedouéva mov mepleiyav apketd 06pvpo kol mapdoita Kivnong
KEQAANG M HATIOV Kol emopéveog oamokAsiovtav amd tnv emakdiovdn avdaivorn tov
dedopnévav, apnvovtag 92 cvppetéyovieg va ocvumnepiAn@Bovv ev téler otn perétn. H
opdda Tov atopwv pe YNA anotedovtav and 20 cvupetéyovteg (oo 6pog = TA: nhikia
= 64,9 =+ 7,92), n opada tov HNA anoterovtav and 30 coppetéyovieg (péon tiun = TA:
niwkioa = 70,40 £ 5,96), evd n opndda tov NA anoterovtav and 20 cvppetéyovteg = TA:
nikio = 73,20 £ 8,17). Mia emmAéov oudda vytov nAiktopuévev 22 (HC) cvppeteiyav pe
éva mapopoto vpog nAkiov (pésog 6pog £ TA: nhkia = 67,22 + 4,03). Ot GUUNETELOVTEG
ue NAninpobvoav ta kprtipio yioa tnv davoia tomov Alzheimer tng APA, (1994), tov

EfBvikod Ivotitovtov Nevporoyikdv Alatapoydv Kol CULUTTOUATOV E€YKEQOALKOV
eng1600iov / NAkal tov cvoyetilopevov dratapayd®v (NINCDS-ADRDA) kot ta kpltipla
TOVL J10YVEOOTIKOV KOl GTATIGTIKOV €YYELpidtov yuyikdv dtatapaydv (DSM-V) yia mbavé
kpitypta NA [126], yxpnowpomoimbnkav ta kpithpia Petersen yia tn dtdyvoon tng HNA
[127] ka1 ot wpooeateg katevbvvtnpleg ypauuéc NIH-AA-TWGI [128] kar IWG-2 [129]
KaOdg kat ot tedgvtaieg mpotdoelg g opddag SCD-1 WG yia tov xabopioud tng YNA.
Yuykekpipuéva, n opada eréyyxov kar 1 YNA ftav vontikd Kol COUATIKE Y ATtopd Kot
elyov mapoépota niikio kot ekmardevtikd vnoéfabpo. H ovykatdbBeon pe £€yypaon
evNUEP®ON amoKTNONKE amd OAOVG TOVS GUUUETEYOVTIES MPLV OO TN CLUUETOYN TOLG OTN
pnerétn.

EmnAéov, o mpoodloplopnds TtV CLUUETEXOVT®OV oTo Gtopo pe YNA mepiddpfave
TEPALTEP® EMOEIVOON TNG UVAUNG OE GxéomN KE AAAEC VONTIKEG AELTOVPYIEG KAl 6 oyYéom
pe GAla dtopo g 10tag MAlkiag mov ep@avictnkav to teAgvtoia mEVIE ypovia, OTWG
kabopiotnke amd 10 10TPLKd 16TOPLKO TOV ATOp®V (Loyatpikeés PAdPec otn poyvntikn
topoypaoia, e&€taon aipatog), wyvuyxlatpikn (ovvévtevén, KAlpaka katdbBAlyng,
YuYodpaoTIKEG ovoiec KTA.) 1M GAAEG pHOp@PEG dratapoyng TNG MUVNAUNG. OCUCTNUOTLIKTY
attioloyia ne TPOGEKTIKN alordynon EPYOOTNPLAKDV OTOTEAEGUATOV
CUUTEPIAAUPAVOUEVOV OELYUATOV OIHLOTOG, OOUIKNG HOYVNTIKNG TOUOYPOQING, 1OTPLKOV
10TOPLKOV 0.6HEVOVG KOl CUUTANPOUATIKOV EPOTNUATOAOYI®OV GOUPOVO LE TO KPLTHPLOL TOV
gxyovv optotel and v Evpomnaixkn opdda SCD- I WGI [130]. EmnAéov, nmia kAvikn
KatdOilyn (copoova pe tnv mabopuvcsioroyia, cvyvd cvvvmdpyovca mtadnomn) Bewpndnke
®C KPLTNPlLo amokAeIGHoV Yo O6Aovg tovg acBeveig pe YNA, HNA kot NA pe tnv

npodmoBeon OtTL pmopel va eivor M kVvpro artio TOV vonTik®v eAAswppdatov. Ta
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KaToOATTIKA cvpuntopoata agloAoyndnkav pe tnv kAipoko agloAdynong tg kKAipakog Tng
ynpratpikng katdbiwyng (GDS) ypnowponmoitdvrag Pabuoroyia amoxAiesiopov <5 katd 1
dtbhpkela tng emiokeyng. Avtictolya, ypnoiponmotmoape v Kiipoka Avtiinyng Ayyovg
(PSS) [133] xat @ Nevpoyvytatpikny KAiipoaka (NPI) [134] yia v a&loAdynon 1ng
dtdBeonc kat g ocvvalcONpatikng katdotacns, aeov anotelel kpioipo ototyeio yio tnv
a&loAdynon tov aclevov pe YNA kot HNA kaBdg¢ n cvvaicOnuatikn dvogopia propei va
TPOKAAEGEL N VA EMOELVOGEL TN VONTIKN Katdotaon. ['ta va dtac@aiiotel 1 coppudpomon
HE TO KPLThHplo Kot 1 okKpifng xatnyoptomoinomn TV TpLOvV oupddov, efetdotnkav
TPOCEKTIKA OAa To OtabBéoipa dedopéva kabe atdpov, ovumnepltrapfovopéveov TV
EPYACTNPLAKDOV OTOTEAECUATOV, TOV O&dOUEVOV TNG VEVLPOOTELKOVIONG, TOL 1OTPLKOV
1OTOPLKOV TOV aGHEVOV Kol TOV CUUTANPOUATIKOV gpotnuatoroyionv. Katd cvvénsia, ot
CUUUETEYOVTEG HE OoplkéEG oavoporieg, meplAapfavouévov tvxaiov gvpnuldtov OTog
KOOTEC N AyYELOKA EYKEQAUALKA OV pumopel va odnynoovv 6e YNA Loyo ayyeltokdv 1 YNA
AOY® yuyxlatpik®v mpoPfAnuatov, earpédnkav emiong and tnv mapovcoa perétrn. ‘Erot,
AapBavovtag OAo ta mpoavoeepBEévia pEéTpa, EAQYLGTOMOLGOUE TOV Kivovvo va
coppetéyovv dropa pe YNA eéattiag GALov Ttapaydvtov ektog g NA.

O1 ovppetéyovieg mov ovppeteiyav ot peiétn vrmoPAnOnkav oe 10 Aemn
KOTAYPOPN TOV GNUATOG TOL £YKEPAAOL o& katdotacn mpepioag. Katd tn didpkeia tng
KOTAypaeng, ol cuppetéyovies Elafav odnyleg va mapapeivouv yaAiapoi pe Ao@pdg ta
patio kietotd. Emiong 860nke n evioAn va mpoomabncovv va unv KkovvioOvTol Kot vo Unv
oc@iyyovv 1o otopa t10vg. O1 cvppetéyovieg evnuepadnkav 611, o mepinTOoN VIEPPOALIKNG
kivnong tov patiov, o fondog e €épevvag Ba tovg vrevBovpicel va oteped@csovv to BAéupa
tovg otn povpn o06vn. To HEI kataypbonke ce ocvvOnkeg npepiag xkiewstaov (EC) kot
avoytav (EO) patiov, yio tovAdyiotov 2 Aentd yia kabe nepiodo. Ta dtopa kANOnkav va
napapeivovv akivnta, €lyav odnYyieg vo UNV aVOlLYOKAEIVOLV TO HATLO TOVS KAl VO 0P VOOV
10 pvaio tovg va mepmAavnBei. T'o T wpoemelepyaocia tov onudtov, xpnoipomolndnke
10 Aoyiopiko NetStation 4.3.

Eayoyn Agdopévov kol Katackevy AlkTvoV

Ta dtopa efetdotnkav oe €va erlappodg Qotiouévo, Nyxo-eochevnuévo dmpdrio.
Metd ™) @Ao™M TPOETOLNAGING, Ol CUUUETEXOVTIEG eVNUEPO®OINKAV Yia TN TapovGa UEAETT.
Ta dedopéva HD-EEG ocvAAéxOnkav pe to EGI 300 Geodesic EEG ocvotnpa (GES 300) pe
256 niextpodia Geodeic Sensor Net Net (HCGSN) xat pvOud derypatoinyioag 250Hz (EGI
Eugene, OR). Ta niextpddio tomobetnOnkov cOueova pe TO GUGTNUO HOVTOPICUATOC
«256 HCGSN gvniikov 1.0». Ta ocipato HD-EEG xataypdoenkav ce oyéom e TO KEVTIPLKO
niexktpodto avapopdc (Cz) xat pe to AFZ og niextpodio yeiowong. H avtictaon 6Aov tov
niextpodiov drtatnpndnke kdto and 50 KQ onmwc ocvvietator (NetAmps 300, Electrical
Geodesics, Inc. (EGI), Eugene, OR, HITIA). Ta dedouéva HD-EEG avaidbnkav
ypnoipomoldvtog to Aoytopuikd Net Station 4.3 (EGI).

YOYKPLON LOLOTNTOV OLKTVOV RETUED CUUUETEYOVTOV

Metall ToVv 1810THTOV T0V d1KTVOL (XX Kol 16YVG TOL OIKTVOV), Ol HECEG TIUEG Yo TNV
oOpado TOV VYIOV MNTOV LYNAOTEPEG O©E OUYKPLoN HE TG vLmOAowmeg opdoes. Ta
amoteAéopata €£0elE0V OTATIGTIKA ONUOVTIKN Ota@opd peta&hd TV Ooudd®V HETA amd
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greyyo t-test yia avedpinta deiypata kar One-way ANOVA 1660 ®g mpoc 10 cuvteLEoTN
oVOTAdOOTOINGNG WG KAl TPOG TNV 1oXVS TOV TOMKOV d1kTVOoV (Bpeypatikd niektpddia). O
néoceg TIHEG TOGO TOV  UETPNOE®V TOL OPALPLKOL OGO KOl TOV TOMIKOL JO1KTHOV
napovoldlovtal ewiong yio kédbe opdda. O €reyyog petaév Tov 4 opddov d1eé&nydn yia va
oVYKPiIVEL TO amoTélecpa TNE d1AYvVOGNG KAl 6TIG 000 HETPNOELS d1KTVOV (XX Kal 16YVG) 6€
TomKd Kot ceaiplkd emimedo. Yanple pio onuaviikn e€nidpacn e dtdyvoong ce Kabe
010N Ta TOov O01KTHOL 0€ TOMKO emimedo (Ppeypatikd@ niAexktpodia) oto emimedo p <.05
uetaéd tov tecoapov ouddov oto XX: [F (3, 88) = 4.76, p = 0.004] xat otnv 1oy [F
(3,88) = 4,69, p = 0,004]. Evtovtolg, dev PpéOnKe OTATIOTIKY ONUOVIIKY O10QpOpPA CE
opaipikd emimedo petoéd TOV 1E66APOV OPGd®V XvvtedeoTng Tvotadonoinong: [F (3, 86)
= 0.50, p = 0.681] kot Ioyvg: [F (3, 86) = 0.67, p = 0.569 ]. Qot600 0 éAeyyog t-test yia
aveEhptnta delypata avd dvo £oe1ée OTL:

O Zeaipikog kat Tomkdg ocvvierlectng ovotadomoinong: XZvueovoe pe 1o t-test
aveEaptntov deiypatog Htav vynidtepog yia v oudda tov vywov (M = 0,79, SD = 0,07)
oe oOykplon pue v opdda g YNA (M = 0,72, SD = 0,09). t (40) = 2,39, p = 0,02, Tqv
opdda g HNA (M = 0,71, SD = 0,09). t (50) = 0,41, p = 0,004 kot ™G OpAdAg TOV
atopov ue NA (M = 0,68, SD = 0,11). t (40) = 3.62, p = 0.001 avrictoiya. Amo tnv GAAN
TAEVPA, OGOV APOPA TOV GLVTEAECTY GLGTAOOTOINONG € CPAULPLKO €mimedo, o1 cvLYKpioELg
HeTa&V TV opddwv dev €0e1Eav KAMOLN GTATIGTIKA ONUAVTIIKN Otapopd. [Tapdro mov n
opada tov vyiov (M = 0,31, SD = 0,07) éde1&e peyardtepec TIuéG OGOV 0QOPA TOV
oPaLlplKd GCLVTEAEGTN 6VLGTOOOTOINGNG, 6€ GVYKpLoN pe TNV opada tov YNA (M = 22,30,
SD =3,35).t(40) = 0,13, p = 0,897, HNA (M = 0,29, SD = 0,07). t (48) = 0,94, p = 0,351
kot NA (M = 0,68, SD = 0,11). t (40) = 0,97, p = 0,337, dev Ppébnke ocTATIOTIKA
CNUAVTIKY OtaQopd.

H Xgaiptkn kot Tomikn 16y0G: ZOpeova pe to t-test aveldptntov deypdtov, N TOTIKY
1oy0¢ ota Bpeypatikd nAektpodia £6e1&e vynAdTeEpeg TIPEG Yo Tovg vyieig (M = 22,56, SD
= 1,65) oe ovykpion pue tovg YNA (M = 21,11, SD = 2,10). t (40) = 2.50, p = 0.01, MOI
(M = 20.83, SD = 2.25). t (50) = 3,01, p = 0,004 xat tmqv ouada NA (M = 20,12, SD =
2,66). t (40) = 3,48, p = 0,001. Ao v GAAN TAELPG, GGOV 0POPA TNV TOYKOOULO oYV,
peta&V Tov opadmv dev @davnke kapio ototioTikd onpavtikn otaeopd. Ilapdrio mov n
opada tov vytov (M = 99.24, SD = 18.08) eiyxe peyordtepec tipnég oe ocOykplon He TNV
opada tov YNA (M = 97.70, SD = 20.18). t (40) = 0,26, p = 0,795, HNA (M = 94,01, SD
= 16,20). t (48) = 1,07, p = 0,287 xat NA (M = 91,88, SD = 21,91). t (40) = 1,18, p =
0,245, dev BpéOnke 6TATIGTIKY GNUOAVTIKT Ota@opd ovTe petald tovg.

Yvi{ntnon

‘Exer mpotabel 611 1 YNA pnopei va mponyeitar tng HNA, n omoia pe ™ oepd g
ocvyvé ocvvoéetar pe v eEEMEN g oe NA [36], [87]. Emopévog, n avalntnon piog
evAoyNG oxéong petald 1oV TaBoAoYIKOV VONTIKOV EAAEIUUATOV KAl TNG OLATOPAYNS TNG
eYKEQAAIKNG ovvoeotpdtntag (brain connectome) otnv YNA ypetdletar mepattépow
dtepevvnon. H mapodoa epyacio pag ocvvoyilel ta gvpniupata tng KOPLog HEAETNG GTNV
EYKEQAALKN ovvdeoipotnTa kKol tnv YNA ypnoipomoioviag £€va vyning evkpiverag HET,
vroypappilovtag tnv mpootiBépevn afia tov 1dtothTOV d1kTHov mMoL Pacilovtolr otn
feopio TOVv ypaonuatov yio vo €aybodv cvumepdopato oyxetikd pe tnv mpdodo TOL
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otaoiov s YNA oce mo mpoywpnuéva otadta tng NA. H perétn pog emPefardver Kot
vroypappilet v aAloyn ®G TPOG TNV TOTMOAOYIKN OPYAV®GON KAl GUVIEGLUOTNTO TOVL
eYke@dAov og atopa pe YNA kat wapéyet tn dvvatdtnta xpnong tTov 1810TNToV IKTHOV
®¢ HeEAAOVTIKOV Prodeiktov. EmimAéov, mpoteivetatr 6011 1 drotapayuévn Agttovpyia tov
eykepdiov, mov yapaktnpiletal and PLEIOUEVO GUVTEAEGTH] LVOTOOOMOINGNG KAl LELOUEVT
oYV o€ cvykeKpluévoug koupovg, umopei va oyxetiletar pe tmv YNA. Avtd onpaiver 611
YNA Bpioketal 6e pio KAT®G EVOLAUEST KATACTAGN ULETAED TOV 0VO cLVONKOV, TNG VYLOVG
ynpavong xkat tng HNA. Aegdopuévov 611 mpoOKELTAL Y10 TNV TPDOTN UEAETN MOV AVEAVGCE TIG
1010TNTEG TOV O1KTVOV ©¢ Atopa pue YNA ypnowpomoirwvtag to HEID, ocvykpivovpue ta
ATOTEAEGUOTA HOG HE GAAEC KOLWVEG TPOGEYYIGELG MOV YPNOLUOTOINGAV SLAPOPETIKOVG
tpomovg (m.x. MEL', fMRI) N pe perétec HET ot omoieg diepedvnoav mibavég drtapopég
netaél VYOV ATOPOV Kal ATOP®V 6€ mlo Tpoxwpnuéva otddla (w.y. HNA kot NA).

YuyKeKpLUEVA, N TAELOVOTNTA TOV HEAETOV TTOL €£eTdlEL TN GVVIEGIUOTNTA GE OAOVG
T0V¢ KOpPovg Aiktvo avtopatng Aettovpyiog (AAA), mapovoialel dratapayuévo potifo
Kol TopekKAivovoec cuvdéoelg oto YNA og ocOykpion pe tovg vyteic [51], [55], [59], [60].
[To ovykekpipéva, N TAsoyneio TOV ATOTEAEGUATOV TOV HEAET®OV mpdTewve 0Tt 1 YNA
napovciace oNUAVIIKA HiKpoTEPT ocvvoeoipdTnta petald tov KOuPov mov evromiletatl
KUpimg ©Tn MEPLOYN TOV ITMOKAUTOVL ©€ GOYKPLOoN UE TNV opdda tov vywov [60].
Yvykekpipuéva, Ppénke petopévn ovvOoESIUOTNTA OTIG TEPLOYEG OM®G O paytoiog
npopetTomiaioc eAoldg, 0 écm PBpeypatikdg Aofog Kat 0 onicOiog A0S TOV TPOcAY®YiOL
otnv opdodoa tov acBevov pe YNA oe oyxéon pe tovg vyteig [S1] (Bpeypnatikég kot tviakég
neproyég) [59]. MMapopoimg, otn perétn pog, ta dtopa pe YNA giyav pikpotepn oyv Kot
OLVTEAECTN XVOTAOOTMOINONG OTN PPEYUOTIKY TEPLOYN G€ CVYKPLON WHE TOLG VLYLELG aAAd
peyarvtepeg tTipég and avtéc tov HNA kot NA. ITapoépota anoteléocpata pmopovv €niong
va BpeBodv oe pekétec Tov S1KTHOL TNG AEVKNG OVGING TOV EYKEPAAOV, TOV OTOJELKVOOLV
petopévn oxd otnv Ppeypotikn meproyn oe dtopo YNA [61]. EmmAéov, €xovv
napatnpnBel peropévor pvOpoi petaPoiicpod g YALVKOLNG ©T0 KATOTEPO Ppeypotikd
AoPB06 ota dtopa pe YNA kot avtd pmopel va Bondncet otnv €£Nynon avtdvV TOV dAlaydVv
cvvdeotpdtntag [147]. Q¢ ex TovTOV, N PPEYUATIKY TEPLOYN, OG AELTOVPYIKOS TLPNVAS TOV
AAA, mapovcialovtag atpoeia otn mopeio ™G vOoov, emmpedlel TNV E€YKEPAALKN
ovvoeoudtnto o acBeveic ne NA [148] - [154]. Avtd avoiyel To dpOUO YO TEPALTEP®
HEAETN TNG OPAGTNPLOTNTAG TOV EYKEPAAOL KOl TOV 1010TNTOV OIKTV®V GE€ KATACTOGM
NpPeRiog, Kol CVYKEKPIUEVO TOV PPEYUOATIKOV TEPLOYDOV TOV EUTAEKOVTOL GTNV OVAKTINGOM
pviung [155], omov emmpedlovtar gvpémwg oto ¢@dopo ™G NA. EmmAéov, petopévog
oVVTEAEOTNG Xvotodomoinong kabdg Kot peltopévn oyd c& oOYKpPLoN UE TOVG VLYLElS
BpéOnke otn perétn pog emiong kot otnv opdda tov acBevov pe HNA kot NA. Avtd
onuaiver 611 6Aeg o1 cvvdécselg mov enmpedlovrtal otovg acBeveic pe YNA €xovv emiong
dratapayfel oto otdolo tg HNA pe mapdpoto tpoémo kat ot 000 opddeg mapovosidlovv
mapopoto Aertovpylkd potifo ocvlevéng, vmodnidvovtag O6tL ot YNA €yxyovv evoldueceg
AAAOYEC CLVOEGIUOTNTAG GE CLYKEKPIUEVEG TEPLOYEC OM®G 01 aArayég mov eviomilovTat
Kat ot ovykpion petaéd HNA xoar vywov. H meproyn tov mpoooepnvoeidovg Aofiov
(precuneus) eivotl To TUNRO TOV AVAOTEPOL HEGOL PBpeypnatikod AoBfovd Tov eyke@Aaiov. Avtd
umopel va gEnynoetl emiong 1o cvpumepdopatd pag mov deiyvovv OTL ot dtatapayés TOV
10 TNTOV JIKTOVOV 010 PBpeynatikd Aofo mapatnpovvtal gvpéws oe dtopa pe YNA og
cVYKPLON HE TOVG LYlElC, aAAG Kol o€ petayevéotepa otddta (HNA kot NA).
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SOUTEPOCUATIKG, M MHEAETN HOG EVIOMIGE YAUNAOTEPEG TIUEC TOV GLVTEAECTN
Yvotadomoinong kot 1oyvog petafv tov opddov acBevov (YNA, HNA «xat NA) oe
cVUYKPLOT HE TOLG VLYleEig, yeyovdg mov vmoypaupiler tn onpocic tTOV HETPNCEDV TOV
1010TNTOV d1KTHVOL Yo TNV TPpOPAeyn WOAVAC HEAAOVTIKNG UETATPONMNG TOV GTASIOL TNG
YNA c¢ wio npoyopnuéva otddta. And 660 yvopilovpe, dev vmdpyovyv HEAETEG TOV £YOLV
OlEPEVVNGEL TN cvvdeoIUOTNTA EYKEQPAAOL ypnoiponotwvtag HD-EEG oe cvppetéyovteg pe
YNA oe ovykpion pe NA, HNA «xor vyieic. Xmn perétn pog, emiong eEeTACAUE TIG
kapumvrec ROC yia va kabBopicovpe 10 PBabpd edikotntag kot evatcOnociog kabe deiktn
(ovvTEAEGTNG GVOTAOOTOINONG KAl L6YXV0G 0 GPAIPIKO Kol TOTMKO eminedo). Me Bdaon ta
EVPNUATE HOG, O TOMIKOG CLVIEAECTNG GLOTAOOTMOINONG KOlU N TOMKY 1oxV¢ umopei va
Bewpnbobv g dvvntikoi Prodeikteg yra tnv aviyvevon g YNA, kabBog draxpiver tnv
YNA and tovg vyteic pe gvatcnoia 75% kot gdikotnta 64% (AUC = 71%, oe xapumndAeg
ROC) (AUC = 73% ka1t AUC = 79%, avtictoiya, oe kaundreg ROC) kat tovg NA and tovg
vyteic pe evarsOnoio 65% xoar tovg HNA amd tovg vyielg pe gvaisOnoia 80% kot
efewdikevon 64% xar 82% (AUC = 79). H perétn pog mpooBéter otnv vmépyovoa
BiBrioypapia 611 tOo oTdd10 TG YNA pmopel mpdypott vo aviavakAd TG VEVPOVIKES
aAloyéc o€ e€mimedo SIKTVLOL KOl LTOONAM®VEL OTL N GLVIEGIUOTNTA TOL EYKEQPAAOVL Kal
EL01KOTEPA M EKTIUNGOTN TOV GULVIEAEGTH XVOTOOOMOINGNG KOl TNG LGYVOS GTIS PPEYUATIKES
neployés Bo pmopovoe va XPNGLUEDLGEL O SVVNTIKOG PLOAOYIKOG TPOYVMOGTIKOG dEIKTNG TNG
emakOAovOne e£EMENg oe NA. Qot660, analtodVTal TEPLCCOTEPEG TPOONMTIKES EPEVVES Y1id
TNV TEPALTEPD OAVATAPAY®YY, EMEKTACT KAl dtepedvnon tov mihavav tafoevcsloloyik®v
UNYOVIGU®V Tov oyeTilovial pe avTéc T1g HETAPOAEC TOV €YKEPAALKOD d1KTVOL 0T0 Y NA.
Ye yevikég ypappéc, 10 otadto G YNA moapovcioce HKPOTEPO GUVIEAEGTY|
Yvotadomoinong kat 1oxHog oe Tomkd OikTvO, aAAL dtatnpovce 1dLOTNTEG O1KTVOV GfF
cpalplko emimedo.
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1 Introduction

Alzheimer’s disease (AD) is a neurodegenerative disorder which has been found to change
brain’s structure and function several years before the onset of clinical manifestations
[1]. In 2019 “ADI estimates that there are over 50 million people living with dementia
globally, a figure set to increase to 152 million by 2050. Someone develops dementia
every three seconds and the current annual cost of dementia is estimated at US $1trillion,
a figure set to double by 2030” [3]. Therefore, the early identification of brain
mechanisms in individuals that are likely to develop AD, such as people with Subjective
Cognitive Decline (SCD) or Mild Cognitive Impairment (MCI) is among the greatest
challenges of current research in the field of AD [2].

1.1 Importance and Significance of the Study

Recently, brain activity and brain network across several brain neurodegenerative
diseases has been the focus of different researches [4,5]. Thus, the field of brain
connectome has great promise for elucidating the complex relationships between SCD
who will eventually develop AD and Functional Connectivity (FC) patterns.

1.2 Neuroimaging- Connectivity — Network — Metrics

1.2.1 Electroencephalography (EEG) — Time Series Resting State EEG Data
In particular, since time series data are
gaining interest the last decades, novel network
techniques by analyzing neuroimaging data (e.g.,
EEG) are being developed. More specifically,
EEG is an electrophysiological monitoring
method to record electrical activity of the brain.
It is a noninvasive method to record brain -
activity, with the electrodes placed along the
scalp. There are several EEG types with the Figure 1 EEG
number of the electrodes ranging from 15 — 256
electrodes. In general, EEG provides a temporally precise measure of neurophysiological
function during different tasks (e.g., watching images, hearing a noise etc) and conditions
(e.g., resting state condition — awake with closed eyes). The applications of this method
are extremely wide-reaching, as they allow investigators to explore a nearly infinite
number of domains where it is of interest to understand the relative timing of neural
events (Figure 1). To collect EEG data, electrodes are placed on the scalp and face, and
scrubbed with a conducting gel to facilitate measurement of the electrical activity of
populations of neurons (scalp electrodes) and muscle activity (face electrodes). The
recorded waveforms of the EEG reflect the cortical electrical activity, measured in
microvolts (mV), while the main frequencies of the human EEG waves are: 1) Delta: 0.5 -
3 Hz, 2) Theta: 3.5 to 7.5 Hz, 3) Alpha: 7.5 - 13 Hz, 4) Beta: 14 -38 Hz. Finally, the brain
is a highly complex system functioning based on interrelationships between multiple
functional units simultaneously. Therefore, brain activity through EEG, can be seen as a
time series, in particular, EEG can measure the activity of the brain over a specific time
period (Figure 2).

Electrodes
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Example EEG: Time Series

IR (0776, 3 550507)

Time (sec)

Figure 2: Example of EEG time series data (https://plot.ly/~samuelgthorpe/26/example-eeqg-time-
series.embed)

The use of EEG for the diagnosis of dementia is a viable option; it is widely
available in neurological clinics, inexpensive, noninvasive, and potentially portable [6-
9]. EEG has shown potential in identifying the earliest signs of brain dysfunction in
subjects with SCD, MCI or dementia [10]. Among the diverse approaches of EEG,
quantitative analysis of EEG rhythms in subjects who are awake and at rest (resting state
EEG), which is the simplest method in terms of experimental design, is widely studied
and is an easily accessible neurophysiological method for examining alterations and
connectivity changes that commonly occur within the dementia spectrum [11-19].

Several studies support the idea that biomarkers derived from EEG rhythms, differ
among normal elderly, MCI, and AD subjects, at least at group level [20-23]. In
particular, recent neurophysiological EEG studies have reported interesting results on the
use of complex networks and graph theory on brain networks in predementia stages such
as MCI as well as more advanced like AD [21-25,25-28]. These studies have reported
altered global and local metrics in early stages of AD, supporting the potential clinical
relevance of this kind of studies.

1.2.2 Functional connectivity (FC) — Pearson Correlation Coefficient

Brain connectivity refers to how functionally specialized units of the brain interact
with one another. Its analysis can be carried out with three different forms of
connectivity, anatomical (AC), functional (FC) and effective (EC) [29]. AC, which is also
called structural connectivity, forms the connectome through synaptic connections
between neurons or fiber tracks connecting neuron pools at distant brain regions. FC *
refers to statistical dependencies between distinct and distant brain regions or electrodes.
This can be quantified with measures such as coherence, correlation. EC on the other
hand refers to influence that one neural system exerts on the other. Of these FC finds
important application in classifying subjects when using EEG. FC in EEG generally refers
to the temporal correlations between time series data from 2 or more independent EEG

! https://www.sciencedirect.com/topics/medicine-and-dentistry/functional-connectivity
21



https://plot.ly/~samuelgthorpe/26/example-eeg-time-series.embed
https://plot.ly/~samuelgthorpe/26/example-eeg-time-series.embed
https://www.sciencedirect.com/topics/medicine-and-dentistry/functional-connectivity

@@ loulietta S. Lazarou

channels or sources. Network properties such as strength between regions of interest may
be extracted from the data [30]. In many cases, EEG FC has been shown to reflect the
underlying structural properties of the brain. For example, coherence between electrodes
placed on each hemisphere is weakened in
individuals with AD [31,32].

Quantification of FC is often
performed using Spatial Covariance
Matrix, Phase Locking Value (PLV), Phase
Lag Index (PLI) or other similar
approaches [33,34]. However, the most
common one in EEG network studies is the
Pearson’s correlation coefficient (PCC)

[35]. PCC measures the degree of co-

. . . ; Figure 3 Illustration of the brain and the brain
activation of two brain regions or network

electrodes, that is, how well the time

series from the two brain regions or electrodes are correlated. PCC is still the most
widely used measure to quantify FC given its simple interpretability and wide
acceptability [35]. Basically, time-series data analysis, such as EEG, select some regions
of interest (ROI) as seeds and generate a connectivity map of the human brain by
determining whether other regions are functionally connected to these seeds. A
convenient method to define such a metric is based on PCC between the time courses of
the seed region and any other brain region under consideration. Correlation is measured

by the PCC I' between variables X and Y is calculated by:

LXK -X)(Y - T)
rxy = — —
VI (X — X2 (Y - Y )2

A correlation matrix is a table showing correlation coefficients between electrodes.
Each cell in the table shows the correlation between two variables. A correlation matrix is
used to summarize data, as an input into a more advanced analysis, and as a diagnostic for
advanced analyses.

1.2.3 Brain Network

A network is a mathematical representation of a real-world complex system and is
defined by a collection of nodes (vertices) and links (edges) between pairs of nodes.
Several research approaches and research projects have tried to explore this very
interesting territory of brain network/ brain connectome® In general, graph theory in
brain research describes a network as a set of nodes, which are the components of a
system (represented in the brain network perspective as a region of interest — ROI), and a
number of edges, representing the connection between each pair of nodes [36-38] (Figure

2 http://www.humanconnectomeproject.org/about/
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3). Several neuroimaging tools (e.g., MRI, EEG, etc) have been extensively used in order
to extract different network properties. Brain connectome provides a more holistic view
by assessing and modeling the entire human brain as a set of several networks and
assessing whole-brain organization, widespread changes or disruptions as entity [39-41].
There is evidence that abnormalities in brain networks appear both in early stages such as
SCD and MCI as well as in later ones such as AD [28,42-49]. Investigating changes in
predementia stages of AD continuum, from a brain connectome perspective, may give rise
to new hypotheses about underlying pathophysiology that cannot be ascertained using
information from current neuropsychological and clinical assessment or from isolated
brain regions [50-52]. More specifically, nodes in EEG brain networks usually represent
specific electrodes, while links represent functional connections [53,54], depending on
the dataset. The nature of nodes and links in individual brain networks is determined by
combinations of brain mapping methods, anatomical parcellation schemes, and measures
of connectivity. Many combinations occur in various experimental settings [55]. The
choice of a given combination must be carefully motivated, as the nature of nodes and
links largely determines the neurobiological interpretation of network topology [56].
Nodes should ideally represent brain regions or electrodes with coherent patterns of
extrinsic anatomical or functional connections [30]. An individual network measure may
characterize one or several aspects of global (whole brain network) and local brain
connectivity (specific brain region). In addition to the type of networks, links are also
differentiated on the basis of their weight and directionality. In detail, weighted links
contain information about connection strengths. Weights in functional and effective
networks may represent respective magnitudes of correlational or causal interactions [30].

More specifically, as the disease progresses, it appears that AD patients have
disrupted neural circuits integrity in structural and functional systems related to high-
level cognitive functions, mostly interpreted as an altered small-world capacity observed
in neuronal connectivity and that may ultimately explain cognitive deficits in patients
[36]. On the other hand several studies have compared MCI graphs with AD and healthy
subjects have suggested that MCI topologies are intermediate [21,57,58], suggesting that
in MCI stage, brain connectome changes are subtle when comparing MCI with healthy
elderly subjects. Therefore, investigating brain changes in predementia stages of AD
continuum, from a brain connectome perspective, may give rise to new hypotheses about
underlying pathophysiology that cannot be ascertained using information from current
neuropsychological and clinical assessment or from isolated brain regions [50-52].

1.2.4 Network Metrics

Network metrics are often represented in multiple ways. Thus, metrics of individual
network elements (such as nodes or links) typically quantify connectivity profiles
associated with these elements and hence reflect the way in which these elements are
embedded in the network. Measurement values of all individual elements comprise a
distribution, which provides a more global description of the network. In addition to these
different representations, network measures also have binary and weighted, directed and
undirected variants [30]. Connectivity metrics, which attempt to characterize the strength
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of connectivity, are plentiful. In Table 1 we present some commonly studied in brain
connectome studies.

Table 1 Commonly Studied Network Properties of Brain Connectome Studies

Network Meanin
Properties g

The small-world measure is defined as the clustering coefficient
Small World divided by the path length, and a network is considered “small-
world” if this measure is much larger than 1.
The extent to which central or well-connected nodes also
interconnect to each other
The number of connections from the node of interest to other
nodes of the network
The minimum number of edges that must be traversed to reach
from one node of interest to another
Clustering The number of connections between the nearest neighbors of a
Coefficient node proportional to the maximum number of connections

The transitivity is based on the relative number of triangles in
Transitivity  the graph, compared to the total number of connected triples of
nodes
Modularity shows the strength of division of a network into
modules (clusters)
The proportion of shortest paths between any two nodes that
pass through this node
Global/ Local The average global efficiency of subgraphs for each node

Efficiency containing the neighbors of that node

Rich Club

Strength

Path Length

Modularity

Betweenness

1.2.4.1 Clustering Coefficient (CC)

The weighted clustering-coefficient Ci of node i is expressing the likelihood
that the neighbors of node i are interconnected, providing information on how strong
node i and its direct neighbors are clustered, formally [30] (Figure 4):

weighted

. ]
ZJ_ME.\- { “'lr_l Wi 1"1"I_rllr]' 3
kik, — 1) '

Cu'l'r_lllllﬂ'll =
I

where wij, wih and wjh indicate the weight between each pair of the three nodes of
the network (i,h and j) is the edge weight between two nodes.

The overall clustering-coefficient C of a graph (G) was computed as the average
of Ci over all voxels i in G:

1
m'q'l.l.'llrrnf = E welgh ted
C H iEN Ci :

By means of weighted network we refer to network where the ties among nodes
have weights assigned to them
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C=1 C=113

Figure 4 Example of calculating CC in three different networks

1.2.4.2 Strength (S)

Next, the connection strength Si of each node i in the network is computed as the
sum of the weights of all the connections of node i, providing information on the total
level of (weighted) connectivity of a node. The strength indicates how strongly the node
is connected with its neighboring nodes, by summing all edge weights connected with the
node. For Weighted Undirected graphs, strengths are calculated as sums over either rows
or columns of the weighted correlation matrix. Strength equals to the sum of connectivity
weights attached to a given node. The S is defined as:

.5r = E;c " Wi

In turn, the total connection strength S of the graph G is computed as the sum
of Si for all nodes N in G:

1.3 Overview of Sections of the Master Thesis

In Section 2, we outline the importance of the network analysis and brain connectome in
cognitive impairment due to AD. Moving forward, we outline and present our study aim
in Section 3. Moreover, we conducted a review of the current literature to present every
relevant study in brain connectome to SCD (Section 4). The following section (Section
5.1) presents the materials and methods of the cross-sectional study of the four groups of
people with cognitive impairment within the dementia spectrum, ranging from SCD to AD
compared to HC. The first subsection (Section 5.1.1) describes the setting of the study
and the participants’ characteristics, while the two following subsections (Section 5.1.2 &
Section 5.1.3) present in detail the neuropsychological assessment of the participants and
the EEG recording protocol. Also, the fourth subsection (5.1.4) presents the EEG network
analysis, the connectivity measures (5.1.4.1) and network metrics (5.1.4.2) we used and
presents in detail the EEG acquisition, while Section 5.1.5 presents the statistical analysis
we have followed. Furthermore, the Section 5.2 presents an insightful description of the
evaluation methods and data analysis between the groups. Section 6 highlights the main
outcomes of the study and compares them with other similar approaches, while Section 7
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underlines the main conclusion of the thesis and presents future research questions.
Finally, Section 8 presents all the contributors of this thesis.
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2 Clinical Validity of SCD in AD continuum

While people age, few people are those who experience decay on cognitive
functions that extends beyond what is considered healthy ageing, yet not exhibiting
dementia. This transitional cognitive state has been characterized as MCI [59]. However,
a subjective awareness of memory loss by the elderly in the absence of any organic or
identifiable condition by neuropsychological examination is called SCD [60]. This state is
known to cause memory disturbance and has great value as a preliminary stage of MCI
[61] and as a predictor of dementia [62]. The endeavor to detect the very early signs of
dementia with the possibility of developing interventions to slow its progression has
provided the impetus for increased interest in SCD. What do we know about the brain
function and network properties and brain connectome of people with SCD? How is the
FC of people who have just started to be aware of their memory loss? These were the
questions that triggered our research interest and this study comes to present some
preliminary pieces of evidence regarding people with SCD and their brain functionality.

Till today, the prognostic value of SCD condition is a controversial issue [63-65].
In population-based studies, including both cognitively normal subjects and those with
probable cognitive impairment, the prevalence of SCD ranges from 10% to 81% [65,66].
Several longitudinal population-based studies of SCD in older adults without dementia
have reported an association with future cognitive decline [67-69], dementia [70-75], AD
[76,77], depression [78] and AD pathology at autopsy [79]. However, a variety of studies
have demonstrated a relationship between SCD and putative AD biomarker evidence, such
as gray matter volume loss [76,80], cerebral hypo metabolism [63], amyloid accumulation
[81,82], brain activation on functional imaging [83,84], volume reduction of cortex [76],
CSF biological markers [85] and genetic risk for AD [86]. Clinic-based studies of similar
groups have reported that, compared to healthy controls, SCD exhibit smaller volume of
left and right hippocampus [87], entorhinal cortex [76] and posterior callosal [71],
reduced frontoparietal, parahippocampal, medial temporal and grey matter density [88], as
well as reduced metabolism of parahippocampal region [89]. On the other hand, it has
been suggested that SCD, at the stage of preclinical AD, may indicate initial cognitive
declines that are otherwise undetectable with standardized objective tests of cognitive
performance [90].

More specifically, there is a growing evidence to imply that the stage of SCD is
associated with the presence of brain changes of early cognitive decline related to AD
[91-94]. In detail, SCD is defined as a perceived self-reported decline of cognitive
abilities without objective abnormal clinical and neuropsychological findings [80] and it
has been recently characterized by a set of criteria suggested by SCD - International
Working Group (SCD-IWG) [95]. People with SCD have been regarded with greater rates
of incident MCI and subsequently AD compared to normal elders without cognitive
concerns and its conversion rate per year to MCI and dementia is around 6.6% and 2.3%
respectively [96]. In particular, there is 4.5 - 6.5 times greater risk for people with SCD
to convert to MCI or AD than it is for people without cognitive complaints [60,74,97,98].
Despite the fact that SCD could represent a prodromal stage of MCI, at this point it
remains unclear which of the individuals with SCD will convert in MCI and subsequently
AD [96,99]. Nevertheless, people with SCD have been found to exhibit neurodegenerative

27



@g}j loulietta S. Lazarou

changes in their brain [94,100-102] in similar regional patterns with people in more
advance stages of AD continuum [48,49,84,87]. Several studies have evaluated the spatial
profiles of brain activity among SCD people [76,101,103,104], while others have shed
light on connectivity between brain regions of people with SCD [45,48,105-107] by
investigating brain connectome and network properties through graph theoretical
approaches [43,48,49,103,108,109].

Consequently, since the stage of SCD related to AD pathophysiology is hardly
distinguishable from healthy controls, it is important to seek and investigate the
neurophysiological, psychological and cognitive decline of populations that are still
considered to be in the expected cognitive level, based on their age and education. This
will allow us to gain better knowledge about the dementia process and its potential
correlation with changes or abnormalities in brain functionality. An illustration of all
stages ranging from healthy ageing to AD is depicting in Figure 5.

Heal.thy Prechmca} sta:ges it Alzheimer’s Disease Stages
Agemg Alzhemer’s Disease =

Amnestic Single Domain/
Multiple Domains

Moderate
Alzheimer’s
Dlsease

Non-amnestic Single
Domain/ Multiple Domains

Figure 5 Stages from Healthy Ageing to Alzheimer’s Disease
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3 Study Aim

To the best of our knowledge, this is the first study to date employing graph metrics built
from electrophysiological data form HD-EEG (EGI GES 300), to characterize the
evolution of network dynamics throughout the preclinical stages of AD including healthy
elders without cognitive concerns (HC), healthy elders with SCD, MCI and AD patients.
To this aim, we employed resting state activity recorded with electroencephalography
(EEG), we constructed correlation matrices and weighted undirected networks to precisely
detect brain network properties across AD spectrum and compare their results with
standard neuropsychological tests. Electrophysiological measures of synchrony derived
from EEG, fMRI and MEG have been proven useful in the detection of different
pathologies [4,110,111] and specifically in AD [21,22,25,27,112-115]. Based on previous
imaging studies, we expected to detect altered network properties in SCD patients with
respect to HC. More importantly, we hypothesized that SCD elders will show alterations
in the same direction of those exhibited by MCI patients, although to a lower extent, thus
exhibiting intermediate values between HC and MCI. In this study, we aim to test this
conjecture by assessing the potential clinical sensitivity of clustering coefficient and
strength both at global and local level across the AD spectrum in a sample of patients
with AD, individuals with MCI, and those with SCD. To the best of our knowledge, no
previous study has evaluated this type of network metrics in EEG resting state activity in
an aging and neurodegeneration context of SCD population in particular. Based on
established knowledge about the anatomical distribution of the pathophysiology and
resting-state EEG alterations in AD, we investigated brain alterations both at the whole-
brain level and at specific brain areas implicating parietal structures, reflecting a graded
pattern of differences corresponding with disease severity.
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4 Review of the Literature and network studies on SCD

In order to gain a better knowledge of the so far neuroimaging studies focusing on
brain connectome in SCD population, we have conducted a review of studies exploring
SCD characteristics with a focus on brain connectome studies which explored whether FC
alterations of SCD with respect to MCI, AD and HC can help us make assumptions on the
progression of SCD into more advanced stages of cognitive impairment related to AD
pathology. Since a great body of literature suggests that cognitive decline in people with
AD and MCI is not only caused by the damage of a single or local brain region but also
results from changes in several brain areas and their connections, investigation of brain
connectome of pre dementia stages could be insightful. Therefore, we present a number of
studies, with the intention to provide a better understanding about the brain connectome
of people with SCD and highlight its importance in early detection and its potential
predictive value of this stage.

4.1 Searching Strategy

The following electronic databases have been searched for relevant studies:
MEDLINE / PubMed, EMBASE, Scopus, IEEExplore, Research Gate and Google Scholar.
The specific focus of our search was brain connectome and brain networks based on graph
theory as measured by any neuroimaging tool (MRI, EEG and MEG) in people with SCD.
Studies related to cognitive decline due to other medical reasons such as epilepsy,
Parkinson’s disease, Multiple Sclerosis, stroke etc, or studies with cognitively intact
participants only were excluded from our review. Databases were searched using keyword
combinations containing “subjective cognitive decline” or “SCD” or “subjective memory
complaints” or “SMC” or “subjective cognitive complaints” or “SCC” or “cognitive
complaints” or “cognitive impairment” or “elders” or “Alzheimer’s Disease” or “AD” or
“mild cognitive impairment” or “MCI” or “cognitive decline” or “dementia” or
“subjective cognitive impairment” or “SCI” or “brain imaging” or “Magnetic Resonance
Imaging” or “MRI” or “neurophysiology” or “neuroimaging” or
“Magnetoencephalography” or “electroencephalography” “EEG” or “Diffusion Tensor
Imaging” or “DTI” or “brain networks” or “network” or “default mode network” or
“DMN” or “executive control network” or “salience network” or

(13

sensorimotor network”
or “auditory network” or “visual network” or “gray matter network” or “white matter
network” or “functional connectivity” or “connectome” or “resting state networks” or
“functionality” or “synchronization likelihood” and “connectivity”, separately or
combined. We included only English-language journal articles that directly analyzed
network properties in participants with SCD. We conducted the systematic review with
journal papers and conference articles up to 30 October, 2018 in accordance with the
Preferred Reporting Items for Systematic Reviews and Meta-Analyses guidelines
(PRISMA) [116].

4.2 Study Selection

The titles and abstracts of identified studies were screened for relevance to the
topic. Those studies considered not to be relevant on the grounds of the topic have been
excluded. Studies which were relevant to the topic, but probably not very relevant on the
grounds of population or brain network analysis have been read -carefully for
consideration and then excluded or remained for the qualitative analysis. Only full
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text/papers for all studies, which appear to meet the inclusion criteria, were selected for
this review. The flow chart of Figure 6 was used to facilitate the selection process of our
study.

Records identified

rough datab

Additional Records

Records screened

m

Full-text mﬁcles

Studies included in

=
e
=
=
~
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Figure 6 PRISMA flow diagram of the article screening and selection process. Article selection was
conducted in accordance with PRISMA guidelines for reporting systematic reviews (Moher et al., 2009).

4.3 Data Extraction

Our search identified 2.102 potentially relevant papers. We further examined if
there were any duplicates of the retrieved articles (23 duplicates identified and removed).
Of the remaining 2.079 articles, 1.536 studies were removed after screening of their title.
Five hundred forty three (543) articles were screened thoroughly, based on both title and
abstract, to only include studies involving individuals with SCD related to AD and brain
network analysis. Screening of titles, abstracts, and full texts yielded 38 publications that
met the inclusion criteria. Further screening for studies focused on brain connectome,
network analysis based on graph theory in the target population (SCD) reduced the sample
to 16 articles (Figure 6) from 2012 to 2018. In the following sections, we appraise these
articles with respect to the participants’ characteristics, the neuroimaging tool used; the
utilized network based analysis, the clinical findings and outcomes. From the 16 selected
studies, only two investigated brain connectome including SCD group without other
groups as comparators. One of which conducted a clinical trial with Ganglioside to SCD
and the other examined the SCD cohort longitudinally. A total of 13 studies involved both
HC and participants with SCD. The majority of studies included also participants with
MCI (nine studies), while some included participants at different stages of AD (four
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studies). Among the selected studies, seven used fMRI, four used MEG, three applied DTI
method and two used structural MRI as neuroimaging tool. Although we screened and
searched also for studies which used EEG to study brain connectome of SCD population,
we did not find any published study which met our research criteria (e.g., EEG related
studies included only MCI or AD). Also the majority of studies has examined the
participants for general cognitive function and has reported their demographic
characteristics.

4.4 Network Properties and Neuroimaging Studies of Subjective Cognitive

Decline

Several neuroimaging studies have explored multiple network properties of people
with a wide variety of mental disorders [117] and AD [118] in particular. More
specifically, alterations in graph topology and its corresponding metrics allow the
examination of the evolving interactions among multiple brain areas and regions both in
cognitive-related diseases, such as AD. In detail, the last decade more and more studies
suggest that the human brain can be modeled as a network, showing the brain
connectivity, referred to as a brain connectome [119]. Brain connectome provides a more
holistic view by assessing and modeling the entire human brain as a set of several
networks and assessing whole-brain organization, widespread changes or disruptions as
entity [39-41]. There is evidence that abnormalities in brain networks appear both in
early stages such SCD and MCI as well as in later ones such as AD [28,42,105-109,120-
124,43,125-127,44-49,103]. In particular, it has been suggested that FC changes in
individuals at risk in sifting at more advanced stages of cognitive impairment after some
time, may occur before extensive structural brain damage and objective cognitive decline
[40,83,105,118,128-130] takes place. Many studies have reported that people with AD,
from the pre dementia to dementia stages, have significant hub-concentrated lesion
distributions [131,132]. Furthermore, alterations in the precuneus, which is the main
component of the Default Mode Network (DMN)?, have been suggested to begin almost 15
- 20 years before the manifestation of dementia-related symptoms [38,105,109,133,134].
There are also several studies which have demonstrated that the disruption of FC involves
the areas of the posterior DMN, comprising largely the posterior cingulate cortex, a key
hub of DMN and are evident in the earliest stages of AD and MCI [122,134-137],
underlying decreased FC between parietal and occipital regions. Previous research has
identified differences in brain activation of the cingulate cortex, precuneus, superior
parietal lobule, and medial temporal lobe during encoding in patients with AD and
amnestic MCI compared to healthy controls [138-140]. Therefore, network changes
associated with SCD could help in determining the diagnosis and treatment planning and
may provide further insights on whether the resemblance of brain connectome and FC
alterations of SCD with respect to MCI, AD and HC can pave the way on the progression
of SCD into more severe stages of AD. However, the knowledge about the course of FC
alterations in SCD is really in its infancy.

® Default Mode Network (DMN): a large scale brain network of interacting brain regions known
to have activity highly correlated with each other and distinct from other networks in the brain
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Despite the fact that in the majority of the studies, brain connections were
interrupted in SCD group compared to HC, small - world properties were widely
preserved in SCD. This implies that the brain has not undergone such damage to
demonstrate a randomized network. While still preserving some intact network properties,
SCD elders exhibited disruptions (node degree, path length etc) at the network level
compatible with those evidenced in MCI, although to a lower degree. Our literature search
showed that several neuroimaging studies reinforces the idea of SCD as a preclinical
asymptomatic stage of AD with potential future progression in more advanced stages. In
other words, MCI and AD groups suffer severe disturbances in the connections of rich -
club brain regions and present a more random brain network instead of small — world. On
the other hand, SCD have relatively stable connections as far as small - world properties
and rich - club is concerned compared to HC, but they exhibit lower values in between
specific regions connections over posterior brain structures. These findings reinforce that
disrupted nodal strength of posterior DMN nodes and temporal regions of the brain, and
increases over anterior areas is evident among SCD as in MCI and AD respectively. This
localized disconnection has been proposed also in previous works demonstrating that
posterior DMN subsystem connectivity declines within the AD spectrum [141]. These
results further add to the growing body of literature that SCD may indeed reflect neuronal
changes at network level and suggests that brain connectome could serve as a potential
biological predictor of subsequent cognitive decline associated with AD. For instance,
neuroimaging studies have identified AD - related brain interruptions, that also occur in
SCD before cognitive deficits are detected in neuropsychological assessment. However,
more longitudinal research is required to further replicate, expand and investigate the
potential pathophysiological mechanisms that are associated with these brain network
changes in SCD. In general, SCD showed less network strength, global efficiency and
local efficiency and a longer shortest - path length but preserved properties such as rich —
club and small world.
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5 MAIN PART
5:1 Materials-and Methods

5.1.1 Settings and Participants

From 1 September 2015 to 30 August 2016, participants were recruited from the
memory & dementia clinic of the 3" Neurological Department of Aristotle University
of Thessaloniki, Greece® and from the Day Centers of the Greek Association of
Alzheimer’s Disease and Related Disorders (GAADRD)®. Patients with AD were
diagnosed by a neuropsychiatrist (MT) according to history, neurological examination,
neuropsychological tests, structural magnetic resonance imaging (MRI), and other
necessary laboratory examinations. The study was carried out in accordance with the
Declaration of Helsinki, and was approved by the GAADRD scientific & ethic
committee (27/11/2016). Overall, 112 participants took part in the study. Twenty
individuals generated electroencephalographic (EEG) data that contained excessive
head or eye movement artifacts, and hence were excluded from subsequent data
analysis, leaving 92 participants to be included in the study. The SCD group consisted
of 20 participants (mean = SD: age = 64. 9 £ 7.92), the MCI group consisted of 30
participants (mean £ SD: age = 70.40 = 5.96), while the AD group consisted of 20
participants (mean * SD: age = 73.20 + 8.17). An additional elderly group of 22
healthy controls participants (HC) was also formed, spanning a similar range of ages
(mean £ SD: age = 67.22 + 4.03). Participants fulfilled the Diagnostic and Statistical
Manual of Mental Disorders (DSM-V) criteria for dementia of Alzheimer type (APA,
1994) and the National Institute of Neurological and Communication Disorders and
Stroke/Alzheimer’s Disease and Related Disorders Association (NINCDS-ADRDA)
criteria for probable AD [142], Petersen criteria for MCI [143] and the recent NHI-
AA-IWG1 [144] and IWG-2 Guidelines [145] as well as the latest SCD-I Working
Group suggestions [146] for SCD. More specifically, HC and SCD were mentally and
physically healthy who shared a similar age and educational background. Since there
are some existing studies [147,148], which have shown that in discrimination tasks,
the amplitude is greater, with smaller corresponding latencies, in left-handed
participants versus right-handers, to avoid any confounding factor, we excluded people
who were left-handed. Thus, all participants were right-handed, had normal or
corrected-to-normal vision and audition (effective communication between patient and
clinician), and had no other neurological, psychological or serious medical disorders.
Written informed consent was obtained from all participants prior to their participation
in the study.

Moreover, the identification of SCD participants further included self-perceived
memory decline compared to other cognitive functions and in reference to others of the
same age occurring during the past five years as determined by the individuals’
medical history and an informant report, at an age cut-off of 60. We additionally
strived to exclude participants where other etiologies could explain self-perceived
memory deficits including vascular (examination of ischemic lesions of MRI, blood

*http://www.med.auth.gr/
® http://www.alzheimer-hellas.gr/index.php/el/
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testing), psychiatric (interview, depression scale, psychoactive drugs etc), or other
systematic etiologies by carefully evaluating laboratory results including blood
samples, structural MRI, the patient’s medical history, and additional questionnaires
following the SCD-1 Working Group criteria [146]. Our team of multi-disciplinary
clinicians meticulously ensured the compliance of these criteria for every SCD, MCI
or AD participant prior to classifying them as such. Moreover, a mild clinical
depression (as per pathophysiology often a comorbid condition) was considered an
exclusion criterion for all SCD, MCI and AD patients provided it may be the primary
cause of the cognitive deficits. Depressive symptoms were assessed with the Geriatric
Depression Scale (GDS) rating scale using a cut-off score of <5 at the time of the
study visit. Equivalently, we have used the Perceived Stress Scale (PSS) [149] and
Neuropsychiatric Inventory (NPI) [150] for the assessment of mood and emotional
state, since it is a critical component for the evaluation of the SCD and MCI subjects,
since emotional distress can cause or exacerbate cognitive problems. To ensure
adherence to the inclusion criteria and accurate categorization of our three groups, all
available data of each individual including laboratory results, neuroimaging data, the
patients’ medical history, and additional questionnaires were carefully reviewed.
Consequently, participants with structural abnormalities, including incidental findings
such as cysts or vascular infarcts which may lead to SCD due to vascular or SCD due
to psychiatric problems were also excluded from the present study. Thus, by taking all
aforementioned measures, we have minimized the risk of recruiting participants with
SCD due to reasons other than AD.

Inclusion criteria: Subjects were aged 60 years or older (in Table 2 it is shown
the average age with the standard deviation for each group of study). Additional
inclusion criteria for the SCD and HC subjects were to have a normal general medical,
neurological and neuropsychological examination without any chronic systemic illness,
not receiving psychoactive drugs, and without a history of present or previous
neurological or psychiatric disease. More specifically, criteria used for diagnosis of
SCD were based on recent studies in the same direction [69,80,84]: “i) self-perceived
memory deficit persistent and severe enough to seek advice from a healthcare
professional; ii) memory complaint perceived as a clear decline from previous memory
performance and not a lifelong or longstanding non-progressive deficit; iii)
performance within normal limits for age and educational background on the
neuropsychological tests; iv) absence of any physical or psychiatric illness that may be
responsible for the perceived memory deficit; v) normal activities of daily living; vi)
absence of MCI or dementia”.

Exclusion criteria: included i) any severe physical illness, 1ii) current
psychiatric or neurological disorder, history of drug or alcohol abuse and use of neuro
modifying drugs other than Cholinesterase Inhibitors or Memantine in AD group, iii)
having any somatic disorder that may have caused subjective or objective cognitive
impairment such as a cerebrovascular accident, other neurodegenerative diseases,
traumatic brain injury, brain tumor, alcohol abuse and depression or other psychiatric
disorders, iv) left handedness, v) being under treatment at least for 90 days before the
experiment. During the neuropsychological interview, particular attention was devoted

35



@@ loulietta S. Lazarou

to rule out subjects reporting any symptom of severe memory problems or depressive
symptoms.

5.1.2 ‘Neuropsychological Assessment

All participants went through a standard neuropsychological assessment, which
involved a psychiatric interview, mental state examination, medical history, physical and
neurological examination, as well as a detailed cognitive assessment. All subjects were
assessed for the magnitude of cognitive decline at baseline, using the Global
Deterioration Scale (GDS) [151] for age-associated cognitive decline and primary
degenerative dementia. Those with a GDS score of 2 were considered as potential study
subjects of SCD. All subjects were assessed with a standardized neuropsychological test
battery. Briefly, subjects at GDS stage 1 are free of subjective complaints or objective
evidence of cognitive impairment. Subjects at GDS stage 2 have subjective complaints in
the absence of objectively manifested deficits. Subjects at GDS stage 3 have mildly
manifest deficits consistent with a diagnosis of MCI [15]. Subjects at GDS stage 4 or
greater meet DSM-V criteria for dementia. Cognitive assessment was performed by means
of a neuropsychological battery designed to comprehensively evaluate attention, working
memory, memory, executive functioning, and language. We administered also Brief
Cognitive Rating Scale (BCRS) [152], where participants with score at the scale of 2 were
considered as SCD. The neuropsychological battery included the Greek version of Mini
Mental State Examination (MMSE) [153] to assess the general cognitive function, RBMT -
story Direct and delayed recall [154] for episodic memory, Rey Osterrieth Complex
Figure Test copy and delay recall (ROCFT-copy and delayed recall) [155] which measures
visuospatial long-term memory and executive functioning, Rey Auditory Verbal Learning
Test (RAVLT) in order to measure the ability of learning and long-term memory, Trail
Making Test part-B [156], to examine visuo-spatial ability, attention and executive
functions, FAS for testing verbal fluency [157], Functional Rating Scale for Dementia
(FRSSD) and Functional and Cognitive Assessment Test (FUCAS) [158] to assess daily
functionality. Assessment of mood and emotional state is a critical component for the
evaluation of the SCD and MCI subjects as emotional distress can cause or exacerbate
cognitive problems. Therefore, the assessment of mood comprised of interview data and
responses to brief self-report measures Perceived Stress Scale (PSS) [149] and
Neuropsychiatric Inventory (NPI) [150]. Psychiatric disorder in SCD participants was
excluded by a psychologist using the Structured Clinical Interview for DSM-1V Axis |
Disorders Clinical Version (SCID-CV) [159]. Relevant physical illness was excluded by
physical and neurological examination and appropriate investigations.

Table 2 The table presents mean+SD (standard deviation) of demographic characteristicsamong
participants (HC = 22, SCD= 20, MCI= 30, AD=20)

HC SCD MCI AD
Age 67,22 (4,03) 64,90 (7,92) 70,40 (5,96) 73,20 (8,17)

Gender (M:F) 8:14 7:13 8:22 8:12
Education 13,16 (4,59) 13,75 (3,29) 11,45 (4,06) 9,77 (5,51)
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5.1.3 Resting state EEG Recording

Participants resting EEG activity was recorded for 10 minutes. During recordings of
resting-state EEG, participants were instructed to remain relaxed and close their eyes and
minimize blinking or mouth movements, while a research assistant monitored for
excessive blinking or horizontal eye movements by visual inspection of EEG during
recording. EEG was recorded in eyes closed (EC) and eyes open (EO) resting conditions,
for at least 2-3 min for every period. Subjects were asked to sit still, were instructed not
to blink or move their eyes, and let their mind wander.

5.1.4 EEG Data Acquisition and Network Construction

HD-EEG data were collected with the EGI 300 Geodesic EEG system (GES 300)
using a 256-channel HydroCel Geodesic Sensor Net (HCGSN) and a sampling rate of
250Hz (EGI Eugene, OR). Electrodes were positioned according to the ‘256 HCGSN adult
1.0’ montage system. HD-EEG signals were recorded relative to a vertex reference
electrode (Cz) and with AFz as the ground electrode. The impedance of all electrodes was
kept below 50 kQ as recommended [160] for the high-input impedance amplifier
(NetAmps 300, Electrical Geodesics, Inc. (EGI), Eugene, OR, USA). The HD-EEG data
were analysed offline for artifact-detection and pre-processing using the Net Station 4.3
software (EGI)®. Figure 7 illustrates the pipeline process for data acquisition and analysis
of the resting state EEG.

HD-EEG data were initially filtered with 5th-order bandpass butterworth IR filter
of 0.3-75 Hz and then segmented using 500 samples. Artefact detection and bad channel
replacement was performed. More specifically, after the segmentation, artefact detection
was conducted with Net Station artefact detection tool, which automatically detects eye
blinks and eye movements. Identification of “bad” segments was also performed, marking
a segment as “bad” when the peak-to-peak amplitude was higher than 100uV. A channel
was entirely marked as bad throughout recording, if it was marked bad for more than 10%
of the segments. Signals from rejected (bad) electrodes were replaced using an
interpolation processes provided by the ‘bad channel replacement’ algorithm (Net Station
4.3). Data were afterwards baseline-corrected using a 200msec pre-stimulus period using
the Net Station 4.3 software (EGI) and average re-referenced to transform into reference-
independent values. The brain network analysis was conducted in Matlab 2018b (The
Mathworks, Natick, USA). Figure 7 outline the methodology of the EEG acquisition,
construction of the weighted undirected networks and extraction of the metrics derived
from Correlation Matrices.

® https://m.egi.com/clinical-division/clinical-division-clinical-products/ges-300
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Experiment Procedure
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Figure 7 Outline of the methodology for extracting the network metrics derived from Correlation
Matrices.

5.1.4.1 Connectivity — Correlation

The Pearson’s Correlation Coefficient (PCC) was used to measure connectivity between
all pairs of electrodes. PCC which is also referred to as Pearson’s correlation (PC) is a
measure of normalized covariance between two continuous variables. It can be calculated
by dividing covariance of two variables from the product of their standard deviations.
Weighted matrices were created (Figure 12 and Figure 13 as presented in Section 5.2.2)
using the PCC between the time series of each pair of electrodes (all electrodes at global
level, only selected parietal electrodes at local level). Negative values of the matrices
were included to consider also the functional anti correlations.

5.1.4.2 Global brain and local network analysis
Global and local network characteristics were explored using the Brain
Connectivity Toolbox (brain-connectivity-toolbox.net). Network metrics, including global
and local clustering coefficient and network strength were assessed to characterize the
global topologic organization of global brain and local parietal networks. In order to
investigate the network characteristics in different areas of the brain, we collected
information from the 256 electrodes. Moreover, the individual correlation matrices of the
electrodes were constructed and used as weights of the network. Global and local metrics
were compared between groups using ANOVA analysis. In detail we considered a local
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network by selected specific electrodes (parietal region), which is the most studied and
representative for resting state network examination [22,25,114,161-163]. Regarding the
local parietal networks we chose the following electrodes “78, 88, 100, 101, 129, 142,
154, 77, 87, 99, 110, 119, 128, 141, 153, 163, 86, 98, 109, 118, 127, 140, 152, 162, 96,
97, 108, 170, 161”7, which represent the respective parietal area (Figure 8).

In this work, graph analysis was adopted to explore any significant differences
between the four groups (HC, SCD, MCI and AD) in the brain network. The nodes in the
graph are represented by channels and the edges are defined as the correlation between
two EEG nodes - electrodes recorded at the corresponding channels. Weighted graph was
directly used to analyze the brain network to avoid choosing an arbitrary threshold for
binary graph analysis. Graphs can be characterized by many measures. Two fundamental
measures are the clustering coefficient and strength, both of which have been widely used
to analyze the brain function network.

We compared brain network data (in terms of PCC) between groups at the level of
significance p = 0.05. Exploratory correlation analysis tested the relationship of global
and local network metrics with neuropsychological test scores of patients using the
Pearson correlation (p = 0.05, uncorrected for multiple comparisons) in order to explore
the potential relationship between cognitive performance and how this is interpreted in
network metrics. In detail the metrics we measured were: Global and Local Clustering
Coefficient (CC) and global and local strength (S) as described in Section 1.2.4.1 and
1.2.4.2 respectively.
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Figure 8 Selected parietal electrodes for local network analysis

5.1.5 Statistical Analysis

Statistical Analysis was performed using SPSS v25.0 for Windows (IBM
Corporation, Armonk, NY, USA) and R Studio software. The Kolmogorov-Smirnov test
was used to assess the normality assumption for continuous variables. The chi-squared
test was used to test the independence between categorical variables. Comparisons
between two independent groups were conducted using the t- test depending on the
normality assumptions of the data (e.g. HC and SCD). Pearson Correlation test was used
to compare neuropsychological tests and network parameters between groups. P-values
less than 0.05 were considered statistically significant. T-test was used with respect to
age and education and no statistical difference was found between the two groups, with
p= .615 and p=0.253 respectively. Chi-Square analysis was used to determine gender
differences and we found that there were no significant difference between the two gender
groups (p= .522). However, in each group more women were participating than men,
which reflect also the prevalence of dementia and cognitive impairment among women.
The t-test was also used to figure out if there was any statistical significant difference in
neuropsychological tests. In this study, One-Way ANOVA was used to analyse the
difference in the network metrics characteristics across the four groups. In cases, where
graph measures showed statistical significance between groups, within group differences
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were tested with t-test for independent samples. Associations between general cognitive
state and network-derived measures were assessed with Pearson’s linear correlations.

5.2 Results

5.2.1 Comparison of Neuropsychological performance between HC, SCD, MCI and

AD participants

As shown in Table 3, among the set of cognitive tests, performance of all the HC
and SCD subjects was within the normal range without any clue of cognitive
deterioration. On the other hand, the MCI and AD group received significantly, as
ANOVA test revealed, worse performance scores on all the items in MMSE, in the two
daily functionality tests (FRSSD and FUCAS) and some of their subscales, in the three
memory tests (Rey of Auditory Verbal Learning Test, Rey Osterrieth Complex Figure
Test, Rivermead Behavioral Memory Test), and the language test FAS test. Superscripts
indicate statistical significance between the groups after independent t-test. The
neuropsychological performance is also illustrated in Figure 9, where the mean values of
each group are presented.

In detail, the one-way between subjects ANOVA was conducted to compare the
effect of the diagnosis in neuropsychological assessment. There was a significant effect
of diagnosis on several neuropsychological tests at the p<.05 level among the four groups
as follows MMSE: [F(3, 88) = 42.35, p = 0.0001], FRSSD-total score: [F(3, 88) = 5.55, p
= 0.002], FUCAS-total score: [F(3, 88) = 9.76, p = 0.0001], TRAIL-B: [F(3, 88) =5.54, p
= 0.002], RBMT-immediate recall: [F(3, 88) = 3.89, p = 0.015], ROCFT-delayed recall:
[F(3, 88) = 11.71, p = 0.0001], RAVLT- immediate recall: [F(3, 88) = 3.14, p = 0.035],
RAVLT-total score: [F(3, 88) = 7.07, p = 0.001]. In order to further investigate the
differences among each pair of groups, we conducted the Independent sample t-test which
indicated that in:

Global Cognition: According to Independent Sample t-test, MMSE score was better
for HC (M = 29.13, SD = 0.99) compared with MCI (M = 27.13, SD = 2.55); t (50) = 3.48,
p = 0.001, and AD group (M = 22.30, SD = 3.35); t (40) = 9.13, p < 0.0001. In this
common vein, SCD (M = 29.25, SD = 1.06) group also outperformed MCI (M = 27.13,
SD=2.55); t (48) = 3.49, p = 0.001, and AD group (M = 22.30, SD = 3.35); t (38) = 8.82,
p < 0.0001 in MMSE, while MCI demonstrated statistically significant better performance
compared to AD t (48) = 5.77, p < 0.0001. Bonferroni corrected test revealed also
statistical significant differences between the groups (HC vs MCI and AD, SCD vs MCI
and AD, MCI vs AD) in global cognition as measured by neuropsychological tool, P’s<
.008.

Daily Functionality: Independent sample t-test revealed that the FRSSD total score
was better for HC (M = 1.58, SD = 2.50) compared to MCI (M = 4, SD = 1.51); t (32) = -
3.52, p = 0.001 and AD group (M = 6.75, SD = 6.60); t (40) = -2.28, p = 0.03. There was
also a significant difference in the scores for FRSSD total score between HC (M = 1.58,
SD = 2.50) and SCD (M = 3.20, SD = 1.57); t (30) = -2.25, p = 0.032, but both were
within normal range. Moreover, HC group (M = 42.0, SD = 0.00) outperformed both MCI
(M =44.77, SD = 3.41); t (32) = -2.79, p = 0.009 and AD (M = 50.37, SD = 8.99); t (38)
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= -3.27, p = 0.004 in FUCAS test. Moreover SCD group (M = 42.55, SD = 1.27)
demonstrated better performance than MCI (M = 44.77, SD = 3.41); t (40) = -2.75, p =
0.009 and AD (M = 50.37, SD = 8.99); t (38) = -3.90, p = 0.001 in FUCAS total score.
Finally, MCI group had greater scores than AD in FRSSD-total score t (48) = -1.87, p =
0.07 and FUCAS total score t (48) = -2.52, p = 0.01. Bonferroni corrected test revealed
also statistical significant differences between the HC and MCI comparisons, as for daily
functionality measurements, P’s< .008, except the subcategory of FUCAS-memory and
FRSSD-personal hygiene.

Memory and Executive Function: HC (M = 143, SD = 54.86) had better scores
than MCI (M = 262.42, SD = 137.61); t (50) = -2.86, p = 0.007 in TRAIL-part B. Also,
independent sample t-test revealed that the RBMT-immediate recall was better for HC (M
= 17.4, SD = 2.70) compared to MCI (M = 12.71, SD = 4.04); t (50) = 2.44, p = 0.022 and
AD (M = 10.30, SD = 2.49); t (40) = 4.32, p = 0.003 respectively. Additionally, HC
showed better performance compared to AD (M = 9.50, SD = 3.31); t (40) = 3.37, p =
0.01 in RBMT- delayed recall as well. Also HC (M = 31, SD = 1.41) had better
performance than MCI group (M = 13.54, SD = 5.76); t (50) = 4.18, p = 0.0001 and AD
(M =9.90, SD = 9.16); t (40) = 3.06, p = 0.02 in the ROCFT - delayed recall. In this
common vein, SCD (M = 144.75, SD = 49.64) had better scores than MCI (M = 262.42,
SD = 137.61); t (35) = -3.25, p = 0.003 in TRAIL-part B. Also SCD (M = 22.08, SD =
5.69) had better performance than MCI group (M = 13.54, SD = 5.76); t (35) = 4.48, p =
0.0001 and AD group (M = 9.90, SD = 9.16); t (38) = 3.61, p = 0.002 in the ROCFT -
delayed recall respectively. Moreover, SCD had better performance in RBMT — immediate
(M = 14.18, SD = 3.28) and RBMT- delayed recall (M = 13.09, SD = 3.23) as well as
ROCFT- copy (M = 33.68, SD = 1.64) compared to AD group [RBMT - immediate
recall: (M = 10.30, SD = 2.49) ; t (38) = 2.42, p = 0.02, RBMT - delayed recall: (M =
9.50, SD = 3.32) ; t (38) = 2.16, p = 0.04 and ROCFT — copy: (M = 22.80, SD = 13.43); t
(38) = 3.35, p = 0.003]. Finally, MCI group (M = 30.23, SD = 5.05) also demonstrated
significantly better performance with respect to AD group (M = 22.80, SD = 13.43); t (48)
= 2.08, p = 0.004 in ROCFT copy test. Bonferroni corrected test revealed also statistical
significant differences between groups of HC, SCD, MCI and AD in memory and
executive function neuropsychological tests, P’s< .008. However, Bonferroni correction
did not reveal statistical significant difference between HC and MCI in TRAIL-part B and
RBMT-delayed recall, P’s >.008 and similar between SCD and MCI in ROCFT-delayed
recall (P> .008), while as for AD and SCD comparison, Bonferroni corrected test revealed
no statistical significant difference in RAVL-learning (P <.008).

Verbal Fluency-Learning: HC (M = 53.33, SD = 13.86) outperformed MCI (M =
33.38, SD = 16.09); t (31) = 2.09, p = 0.05 in RAVLT - total score. Also, independent
sample t-test revealed that the FAS total score was better for HC (M = 14.3, SD = 3.20)
compared to MCI (M = 9.49, SD = 3.75); t (31) = 2.09, p = 0.04. Moreover, SCD (M =
53.33, SD = 13.86) outperformed MCI (M = 33.38, SD = 16.09); t (36) = 4.29, p = 0.0001
in RAVLT - total score. In addition to that, SCD showed better performance in RAVLT -2
(M =7.35, SD = 3.83) and RAVLT immediate recall (M = 7.23, SD = 2.75) compared to
MCI (M = 5.33, SD = 2.19); t (36) = 2.03, p = 0.04 and (M = 5.19, SD = 2.08); t (36) =
2.60, p = 0.01 respectively. Moreover, SCD showed significant better performance in
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RAVLT total score (M = 53.88, SD = 12.56) compared to AD (M = 34.0, SD = 16.85); t
(38) = 2.88, p = 0.009. Also, independent sample t-test revealed that the FAS total score
was better for SCD (M = 12.18, SD = 3.20) compared to MCI (M = 9.49, SD = 3.75); t
(36) = 2.19, p = 0.03. Bonferroni corrected test revealed also statistical significant
differences between groups of HC, SCD, MCI and AD in memory and executive function
neuropsychological tests, P’s< .008. However, as for AD and MCI comparison,
Bonferroni corrected test revealed statistical significant differences except in RAVL-
learning and RAVLT delayed recall (P’s >.008).

Mood: Lower scores which indicate better performance for HC (M = 0.00, SD
0.00) and SCD (M = 0.33, SD = 0.73) were found in NPI compared with AD group (M =
2.75, SD = 4.23); t (40) = -2.28, p = 0.03 and (M = 2.75, SD = 4.23); t (38) = -2.56, p =
0.01 respectively. Bonferroni corrected test revealed no statistical significant differences
between the HC, SCD, MCI and AD comparisons, as for mood measurements, P’s> .008.
However, all groups had no clinical profile of any depressive or anxiety (mean scores of
NPI and PSS below the cut-off scores).

Therefore, as statistical analysis revealed the four groups (HC, SCD, MCI and AD)
differed statistically significant in several neuropsychological measurements (except HC
with SCD), which shows that our participants are well-differentiated in all categories
(Global Cognition, Daily functionality, Memory and Executive Function and Mood), as
measured by well-established neuropsychological tests. Therefore the next step was to
seek for any potential difference between the four groups on the grounds of brain
connectome at resting state condition.

Table 3 The table shows mean+SD (standard deviation) of neuropsychological assessment of the
participants (HC = 22, SCD= 20, MCI= 30, AD=20). The last column of the table shows the p-values
resulting of the significant between groups ANOVA comparisons.

Diagnosis HC SCD MCI JA\D)
Mean SD Mean SD Mean SD Mean SD P value
MMSE 29,13 0,99 29,25 1,06 27 13%* 2,55 22,30 3,35 0,001
NPI 0,00 0,00 0,30 0.73 281 6,08 275 423 0,092
FRssi(?r;Ota' 1,58% 2,50 3,20 1,57 4,00%* 151 6,75 6,60 0,002
Fuigsr :otal . 0.00 42,55 1,27 44,775 3,40 50,375 8,99 0,001
TRAIL-B 143,00 54,86 144.75 4964  26242%* 13761 14700 14918 0,002
RBMT-
immediate 17,40 270 1418 3,28 12,71%* 4,04 10,30 2.48 0,015
recall
RBMT- 15,40 2,07 13,09 3,23 12,04 407 9,50 331 0,070
delayed recall
R%gp';T - 3350 212 33,68 1,65 30,23 5,05 22.80 1343 0,005
ROCFT - = 4 go= 1,41 2208 5,60 13,54%* 5,76 9,90 9,16 0,000
delayed recall
RAVLT 1 7.33 3.05 723 275 519 208 4,60 2.07 0,035
RAVLT 2 5,00* 0 735 3,83 5,33 219 5,40 3.84 0,201
RA\Q'C-OTrJOta' 53,33 13,86 53,88 12,56 33,38 16,09 34,00 1685 0,001
RAVLT 4 1133 0,57 1.23 6,20 1176 2.99 -2.20 46 0.208
FAS 143 3,20 12.18 3,69 9,49% 3.75 10,66 3.67 0,073
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*HC vs SCD - p-value <0.05

**HC vs MCI- p-value <0.01
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Figure 9 Mean values of neuropsychological performance across the four groups
(HC, SCD, MCI and AD)

5.2.2 Comparison of Network Properties between HC, SCD, MCI and AD

participants

As shown in Table 4 and Table 5, among the network properties measured
(Clustering Coefficient and Strength), mean values of the HC were higher compared to the
rest groups. Superscripts indicate statistical significance between the groups after
independent t-test. Moreover, Figure 12 and Figure 13 illustrate the correlation matrices
at local and global level respectively, from which the network was constructed in order to
estimate the network metrics. From the matrices of local network as depicted in Figure
12, we constructed the weighted undirected networks for each group of participants as
depicted in Figure 14 - Figure 17. From the matrices of global network as depicted in
Figure 13, we constructed the weighted undirected networks for each group of
participants as depicted in Figure 18 - Figure 21. We kept only the PCC values higher
than 0.65. Moreover, the mean values of both global and local network metrics of each
group are also illustrated in Figure 10 and Figure 11. A one-way ANOVA was conducted
to compare the effect of the diagnosis in both network properties at local and global level.
There was a significant effect of diagnosis on every network property at local level
(parietal electrodes) at a 0.05 level among the four groups in Clustering Coefficient: [F
(3, 88) = 4.76, p = 0.004], Strength: [F (3, 88) = 4.69, p = 0.004]. However, no statistical
significant difference was found at global level between the four groups Global
Clustering Coefficient: [F (3, 86) = 0.50, p = 0.681], Global Strength: [F (3, 86) = 0.67, p
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= 0.569]. Independent sample t-test indicated that in significant differences were found in
network metrics as presented below and especially at local level.

Global and Local Clustering Coefficient: According to Independent Sample t-test,
local clustering coefficient was higher for HC (M = 0.79, SD = 0.07) compared with SCD
(M =0.72, SD = 0.09); t (40) = 2.39, p = 0.02, MCI group (M =0.71, SD = 0.09); t (50) =
0.41, p = 0.004 and AD group (M = 0.68, SD =0.11); t (40) = 3.62, p = 0.001 as well. On
the other hand, with regards to global clustering coefficient, comparisons between SCD
and MCI, SCD and AD and MCI versus AD revealed no statistical significant difference.
Despite that HC (M = 0.31, SD = 0.07) showed greater values with regards to global
clustering coefficient, compared to SCD (M = 22.30, SD = 3.35); t (40) = 0.13, p = 0.897,
MCI (M =0.29, SD = 0.07); t (48) = 0.94, p = 0.351 and AD (M = 0.68, SD = 0.11); t (40)
= 0.97, p = 0.337, no statistical significant difference was found.

Global and Local Strength: According to Independent Sample t-test [t(n-2)], local
strength at parietal electrodes showed higher values for HC (M = 22.56, SD = 1.65)
compared to SCD (M = 21.11, SD = 2.10); t (40) = 2.50, p = 0.01, MCI (M = 20.83, SD =
2.25); t (50) = 3.01, p = 0.004 and AD group (M = 20.12, SD = 2.66); t (40) = 3.48, p =
0.001. On the other hand, with regards to global strength, comparisons between SCD and
MCI, SCD and AD and MCI versus AD revealed no statistical significant difference.
Although HC (M = 99.24, SD = 18.08) showed greater values with regards to global
strength, compared to SCD (M = 97.70, SD = 20.18); t (40) = 0.26, p = 0.795, MCI (M =
94.01, SD = 16.20); t (48) = 1.07, p = 0.287 and AD (M = 91.88, SD = 21.91); t (40) =
1.18, p = 0.245, no statistical significant difference was found neither between SCD vs
MCI and AD or MCI vs AD.

Table 4 The table shows mean+SD (standard deviation) of network properties at local level (parietal
electrodes) of the participants (HC = 22, SCD= 20, MCI= 30, AD=20). The last column of the table shows the
p-values between groups ANOVA. Superscripts indicate the statistical significance between groups after
independent sample t-test.

HC SCD MCI AD
Mean SD Mean SD Mean SD Mean SD p-value

Clustering

- 0,79 0,07 0,73* 0,09 0,72** 0,09 0,68*** 0,11 0,004
Coefficient

Strength 22,56 165 21,11* 210 20,83** 225 20,12*** 267 0,004

*HC vs SCD - p-value <0.05
**HC vs MCI- p-value <0.01
*** HC vs AD- p-value <0.001
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Figure 10 Mean values of local clustering coefficient (upper) and local strength (lower) of parietal
electrodes of the four groups

Table 5 The table shows mean+SD (standard deviation) of network properties at global level of the
participants (HC = 22, SCD= 20, MCI= 30, AD=20). The last column of the table shows the p-values
resulting of the between groups ANOVA

HC scD MCI AD
Mean SD Mean SD Mean SD Mean SD p-
value
Clustering 0,311 0,079 0,308 0,088 0291 0072 0285 0091 0,681
Coefficient
Strength 99,24 18,08 97,70 20,19 94,01 16,20 91,88 21,92 0569
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Figure 11 Mean values of global clustering coefficient (upper) and global strength (lower) of all

electrodes of the four groups
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Figure 12 Corellation Matrices of Parietal electrodes at local level of the four groups
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Figure 13 Corellation Matrices of all electrodes at global level of the four groups
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Figure 14 Brain Network from Correlation Matrices for HC at local network (parietal electrodes)
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Figure 15 Brain Network from Correlation Matrices for SCD at local network (parietal electrodes)
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Figure 16 Brain Network from Correlation Matrices for MCI at local network (parietal electrodes)
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Figure 17 Brain Network from Correlation Matrices for AD at local network (parietal electrodes)
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Figure 19 Brain Network from Correlation Matrices for SCI at global network (all 256 electrodes)
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Figure 20 Brain Network from Correlation Matrices for MCI at global network (all 256 electrodes)
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Figure 21 Brain Network from Correlation Matrices for AD at global network (all 256 electrodes)

As we can see for Figures 11 - 14, HC present a denser network with more
connections between nodes at local area (parietal electrodes). As the disease progresses
we can see less connections between nodes. Even in the case of SCD (Figure 12) there is
an obvious difference compared to HC (Figure 11), while in MCI (Figure 13) and AD
(Figure 14) the connections of networks in these patient groups are much more apparent.
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5.2.3 _Sensitivity and Specificity of the Groups — ROC Curves

In the previous section we have compared the network properties among SCD, MCI,
AD and HC participants with the intention to verify whether the different groups can be
distinguished based on the statistical properties of the clustering coefficient and strength
both at local network (parietal electrodes only) and global network (all 256 channels). In
this section we move one step further towards simulating the usage of the abovementioned
network properties as a biomarker of the patient’s condition (SCD, MCI and AD) or HC
by testing sensitivity and specificity among the groups. More specifically, we examined
the Area under the Curve (AUC) as well as Sensitivity and Specificity values of six
bilateral combinations in a pairwise mode “one vs one” mode, as well as four cases in an
“one vs other” mode. These results can essentially simulate the use of local or global
clustering coefficient and strength as a biomarker that would indicate the condition of an
“unseen” subject as being SCD (and not MCI, AD or HC), being MCI (and not SCD, AD
or HC), etc. Given that SCD is still a condition that is not identifiable through
neuropsychological examination we consider these classifiers to be of particular clinical
interest, since they can verify the SCD condition of a certain subject with sufficient
reliability. Thus, by positioning this subject at the earliest stages of AD we can help
introduce a set of interventions that could potentially prolong the progression of the
disease.

Specificity and sensitivity rates were computed with the help of SPSS v25.0. More
specifically, in using SPSS, we constructed corresponding ROC curves and identified the
best threshold (i.e. the threshold that maximizes the sum of sensitivity and specificity) of
the local and global clustering coefficient and strength values to differentiate our four
groups. A ROC curve provides the sensitivity and the specificity over a range of possible
threshold values; an area under the curve (AUC) of 100% corresponds to a perfect
prediction whereas a value of 50% to a useless model (Figure 22 - Figure 25). A minimum
value of 65% for both sensitivity and specificity can be considered as acceptable, based
on a recent neurophysiological study [164,165]. The sensitivity and specificity scores
corresponding to the cutoff thresholds (as defined above) together with the AUC are
presented in Table 6 and Table 8 at local network while Table 7 and Table 9 present in
detail the results of the AUC, Sensitivity and Specificity at global network.

For the clustering coefficient and strength network property at local level as
recorded from the parietal electrodes, eight ROC curves reached the minimum threshold
value of 65% (Table 6 and Table 8) of sensitivity and specificity both for clustering
coefficient and strength: (1) for discriminating HC participants from the SCD, MCI and
AD groups the sensitivity was 64% and the specificity 78-79%; (2) for discriminating HC
from SCD the values were 75% (sensitivity) and 64% (specificity); (3) for discriminating
of HC from MCI the values were 80% (sensitivity) and 64% (specificity); (4) for
discriminating of HC from AD the values were 65% (sensitivity) and 82% (specificity)
both for clustering coefficient and strength (Figure 22 and Figure 24).

In general, five AUC reached the 65% threshold both for clustering coefficient and
strength: (1) for discriminating the HC from the SCD, MCI and AD, this was 74%; (2) for
discriminating the AD from the HC, SCD and MCI, this was 66%, (3) for discriminating
the SCD from the HC, this was 71%, (4) for discriminating the MCI from the HC, the
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AUC was 73% for clustering coefficient and 79% for strength; while (5) for
discriminating the AD from the HC, the AUC was 79% (Table 6 and Table 8).

On the other hand, at global level, neither clustering coefficient ROC nor strength
ROC reached 65% of sensitivity and specificity for discriminations (Figure 23 and Figure
25). Moreover, none of the AUC found to discriminate our groups (Table 7 and Table 9).

These results are very promising but there is still work to do for reaching an
acceptable level for discriminating each pair of groups.
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Figure 22 ROC Curves presenting for the Clustering Coefficient and Strength at Local level for
discrimination between: A) SCD vs HC,MCI,AD, B) MCI vs SCD,HC,AD, C) HC vs SCD, MCI and AD and,
D) AD vs SCD, MCI and HC
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Figure 23 ROC Curves presenting for the Clustering Coefficient and Strength at global level for
A) SCD vs HC,MCI,AD, B) MCI vs SCD,HC,AD, C) HC vs SCD,MCI and AD and,
D) AD vs SCD, MCI and HC
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Figure 24 ROC Curves presenting for the Clustering Coefficient and Strength at Local level for
discrimination between: A) SCD and HC, B) MCI and HC, C) AD and HC, D) MCI and SCD, E) SCD and
AD, F) MCI and AD
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Figure 25 ROC Curves presenting for the Clustering Coefficient and Strength at global level for

discrimination between: A) SCD and HC, B) MCI and HC, C) AD and HC, D) MCI and SCD, E) SCD and
AD, F) MCI and AD

Table 6 Sensitivity and specificity of clustering Coefficient and Strength at local level for each
group of participants compared with the rest groups

Threshold

Groups

Network Property

Value

Sensitivity (%)

Specificity (%)

HCvs SCD,  Clustering Coefficient 74 0,78 64 78
MCI and AD Strength 74 22,38 64 79
SCDvs HC,  Clustering Coefficient 51 0,79 90 25
MCI and AD Strength 52 22,85 90 25
MCIvsSCD, Clustering Coefficient 57 0,75 67 52
HC and AD Strength 57 22,14 77 40
AD vs HC, Clustering Coefficient 66 0,70 55 75
SCD and MCI Strength 65 20,37 55 76

Table 7 Sensitivity and specificity of clustering Coefficient and Strength at global level for each

group of participants compared with the rest groups

Network Property

AUC (%)

Threshold

Sensitivity (%)

Specificity

Value

(%)

HC vs SCD, Clustering Coefficient 55 0,5 41 78
MCI and AD Strength 56 106,65 41 75
SCD vs HC, Clustering Coefficient 55 0,28 70 44
MCI and AD Strength 55 97,11 60 58
MCI vs SCD, Clustering Coefficient 54 0,30 61 57
HC and AD Strength 54 94,48 57 58
AD vs HC, Clustering Coefficient 55 0,32 75 41
SCD and MCI Strength 56 72,31 25 93
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Table 8 Sensitivity and specificity of clustering Coefficient and Strength at local level for each type
of diagnosis

Groups Network Property Threshold Sensitivity (%)  Specificity (%)
Value

HC vs SCD Clustering Coefficient 71 0,78 75 64
Strength 71 22,34 75 64

HC vs MCI Clustering Coefficient 73 0,78 80 64
Strength 79 22,31 80 64

HC vs AD Clustering Coefficient 79 0,73 65 82
Strength 79 21,16 65 82

SCDvs MCI  Clustering Coefficient 54 0,76 70 45
Strength 53 19,80 27 85

SCDvs AD Clustering Coefficient 63 0,69 50 80
Strength 62 20,41 55 70

MCI vs AD Clustering Coefficient 58 0,70 55 70
Strength 58 20,50 55 70

Table 9 Sensitivity and specificity of clustering Coefficient and Strength at global level for each type
of diagnosis

Network Property AUC  Threshold Value Sensitivity (%) Specificity (%)

HC vs SCD Clustering Coefficient 49 0,185 15 100
Strength 51 69,829 15 100

HC vs MCI Clustering Coefficient 44 0,259 74 36
Strength 43 86,773 68 36

HC vs AD Clustering Coefficient 58 0,351 85 41
Strength 59 107,412 85 36

SCD vs MCI Clustering Coefficient 57 0,285 54 70
Strength 56 93,358 54 65

SCDvs AD Clustering Coefficient 57 0,317 75 45
Strength 59 97,879 65 55

MCI vs AD Clustering Coefficient 51 0,241 30 79
Strength 52 70,799 20 96

5.2.4 Correlation between Neuropsychological Assessment and Network Properties
One of the purposes of our study was to further evaluate cognitive impairment in
SCD, MCI and AD participants by using extensive neuropsychological tests and seek for
any potential correlation with the global and local clustering coefficient and strength. To
verify possible correlations between the neuropsychological performance and the network
metrics, Pearson’s correlation was used, and it was observed that in almost none of the
tests, was a strong correlation (p< .05, p< .01) between different cognitive functions and
network properties (Table 10). More specifically, we can see that values of sleep as
measured from the FRSSD test, were highly negative correlated with the values of local
clustering coefficient at parietal electrodes generated during the resting state EEG. The
local clustering coefficient captures how strongly a brain region is connected with its
neighboring brain regions; a larger value indicates that a brain region strongly affects its
neighboring brain regions. The local clustering coefficient of the parietal is negatively
statistically significant correlated with the FRSSD sleep score (r = -0.286, p = 0.034).
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Table 10 Spearman Correlation between neuropsychological tests and network properties of all
participants at local level.

. . Clusterin

Domain Neuropsychological Tests Coefficiengt Strength
Global Cognition MMSE 0,158 0,141
Mood NP1 -0,082 -0,083
RBMT- immediate recall 0,167 0,146
Memory and RBMT- delayed recall 0,205 0,186
Executive Function ROCFT- copy 0,119 0,085
ROCFT- recall 0,169 0,149
Learning RAVLT- learning 0,018 0,014
RAVLT- recall 0,152 0,144
FRSSD- total score -0,070 -0,053
Daily Functionality FUCAS- total score -0,053 -0,028
FRSSD- Sleep -0,286* -0.280

* Correlation is significant at the 0.05 level (2-tailed).
No superscripts indicate no statistical significant difference
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6 - Discussion.and Comparison with other studies
It has been proposed that SCD may precedes MCI, which in turn often progresses to

AD [90,92]. Therefore, seeking a plausible relationship between the pathologic
interruptions and the brain connectome disruption in the SCD warrants further
investigation. Our present study summarizes the main study findings in brain connectome
and SCD using a HD-EEG, while underlying the added value of connectome-based metrics
to draw conclusions on the progression of SCD into more advanced stages of AD. Our
study confirms and underlines the disrupted topologic organization of brain connectome
in people with SCD and provides the potential of future connectome - based biomarkers
for the early detection of subsequent future cognitive impairment related to AD.
Additionally, it suggests that disordered brain function, characterized by decreased
coherence in specific nodes, may be related to SCD. This implies that SCD is situated in a
somewhat intermediate state between the two conditions, healthy ageing and MCI. Since
this is the first ever reported study which explored network properties in people with SCD
by using EEG, we compare our results with other common approaches which deployed
different modalities (e.g., MEG, fMRI) or with EEG studies which explored potential
differences between HC and people of more advanced stages (e.g., MCI and AD).

Despite that the majority of the resting state studies examine exclusively the
connectivity across DMN nodes consistently, showed disrupted patterns and aberrant
connections in SCD compared to HC [43-45,122], there were some with conflicting
results, showing increased FC in SCD compared to HC [105,109]. To be more precise, the
majority of studies’ results proposed that SCD demonstrated significantly less DMN
connectivity in the right hippocampus compared to the HC [45]. In detail, decrease of
functional coupling of the vmPFC to the IPL and left-sided PCC was found in SCD [122]
as well as decreased FC with respect to the HC group in connections between posterior
cortical brain areas (medial structures, parietal and occipital areas) [44]. Similarly, in our
study SCD had less strength and clustering coefficient at parietal area compared to HC.
Similar results can also be found in similar brain network studies, demonstrating
decreased nodal strength in the parietal region in SCD individuals [46]. Moreover, early
suffering from decreased glucose metabolic rates in the inferior parietal lobe in SMC
individuals may help explain these connectivity abnormalities [166]. Therefore, parietal
region, as a functional core of the resting state network, is vulnerable to functional
connectivity breakdown in AD patients [167-173]. Therefore, we proposed that the
parietal region is the primary target of functional decrease in SCD individuals which may
further lead to cognition decline. This paves the way to suggest that interdependent
activity of resting state networks, such as DMN and parietal regions, are involved in
memory retrieval [174], are widely interrupted in AD. Thus, these findings suggest that
strong connections between brain regions in the frontoparietal network and in the resting
state condition such as DMN are important for better memory and general cognitive
performance. Moreover, less strength and clustering coefficient compared to HC was
found in our study also in MCI and AD as well. Additionally, in the majority of the
existing studies, SCD and MCI exhibited higher FC compared to HC over anterior regions
such as left Inferior Temporal Gyrus, left Paracingulate and left Anterior Cingulate. This
implies that all the links affected in the SCD were also disrupted in the MCI in a similar
way and both groups present a similar functional coupling pattern, suggesting that SCD
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have intermediate changes of DMN connectivity over specific posterior regions between
MCI and HC. More specifically, the Posterior Cingulate Cortex (PCC)/Retrosplenial
Cortex (RSC), the hippocampus, a structure crucial for memory formation and
anatomically connected to the RSC, as well as the precuneus, found to consistently
display pathological changes in the SCD [45,122]. Albeit, in the few studies where
increased FC of SCD with respect to HC was found, was basically located over precuneus
(PUN) [105,109], a key region of DMN located at parietal brain area, which has been
found to demonstrate interrupted connections as the disease progresses [136,171,175].
The precuneus is the portion of the superior parietal lobule on the medial surface of each
brain hemisphere. That can explain also our findings showing that parietal network
disruptions both at strength and at clustering coefficient are widely observed in SCD
compared to HC, but also in later stages as well (MCI and AD). However, these
inconsistencies between studies’ findings may result from the heterogeneity of the disease
stages of SCD participants and the inclusion criteria the authors applied during
recruitment. The selection of the SCD participants has been conducted without taking into
account the latest proposed SCD-1 WG criteria, since SCD group had MMSE total score M
(SD)= 27.2 (0.4), including participants even with 26.8, which is a total score of global
cognitive function more suitable for MCI [105]. Additionally, participants younger than
60 (range 55 — 77) were also recruited for the study of [109], a selection criterion which
also falls apart according to SCD — | WG guidelines [146]. Albeit in our study we used
the SCD-1 WG criteria, and were recruited from memory clinic which increases the risk of
developing AD [176]. Both selection criteria support that this particular group was well-
diagnosed and our findings can be generalized.

Based on the previous studies, disruptions of FC in SCD were observed not only in
DMN but also in other tested networks. Moreover, network properties such as shortest
path length of Grey Matter Network (GMN) originate in the PUN, one of the brain areas
involved in the early amyloid deposition [177] and from which later network alterations
may spread to the fronto-temporo-occipital cortices, found to have lower values in SCD
[108]. Additionally, lower clustering coefficient values in SCD indicated a more
randomly organized GMN showing faster decline in global cognition and language [108].
In particular, lower values of clustering coefficient and path length have been related
with longitudinal decline in language, which is often impaired in AD [39,178,179]. In this
common line, our study found lower values of clustering coefficient between patient
groups (SCD, MCI and AD) compared to HC, which highlights the importance of this
particular network metric to predict potential future conversion of SCD to more advanced
stages.

Also in MEG studies, SCD found to have a general hypo-synchronization compared
to HC [106]. These results suggest that the subjective feeling of cognitive dysfunction
without any objective cognitive dysfunction could be an early sign of pathological brain
function related to future progression to AD. When FC alterations were compared between
SCD and HC, the HC found to have higher synchronization values, while a posterior
disconnection over lateral inferior parietal, medial temporal and occipital areas was
observed in SCD with an anterior hyper-synchronization affecting the exact same regions
with MCI [44]. Thus, SCD elders exhibited disruptions at the brain connectome in a

60



loulietta S. Lazarou

similar manner with those observed in MCI. Regarding nodal clustering changes, it is
worth noting that differences were found only between HC and MCI, whereas SCD local
clustering was different neither from HC nor from MCI, while MCI exhibited widespread
clustering decreases, which indicate local disconnection of those nodes [48]. In contrast
with the abovementioned findings our study found statistical significant differences
between SCD and HC with respect to local clustering coefficient. However, we failed to
show any statistical significant difference between HC and SCD with regards to global
clustering coefficient.

The impaired capacity of information transfer due to the early White Matter
Network (WMN) degeneration in SCD has been observed also in several reported studies
[46,107,125,127]. More specifically, disrupted connectivity and nodal efficiency of WMN
observed widely in the bilateral frontal, temporal, parietal, and occipital regions,
including bilateral orbital frontal cortex as well as bilateral orbital part of middle frontal
gyrus and superior frontal gyrus, left thalamus, left temporal pole of superior temporal
gyrus, left and right anterior cingulate and paracingulate gyrus, PCUN, PUT, the left
temporal pole of superior temporal gyrus, the left superior occipital gyrus, the right
cuneus, calcarine fissure and surrounding cortex (CAL), and several occipital regions
[46,49,107]. In addition, despite the fact that rich - club regions (CAU.R) of WMN were
widely preserved in SCD and were disrupted gradually in later stages, as the disease
progresses (MCI and AD), the peripheral regions (CAU.L and ORBmid.L) were more
likely to show aberrant connections in predementia stages, before obvious symptoms
appear in neuropsychological assessment [107]. In sum, SCD have shown significantly
lower strength of the rich - club, feeder, global and local efficiency of brain networks
connections of WMN compared to HC, which suggests that there is brain interruption of
both functional integration and segregation. In all abovementioned studies which
investigated WMN, SCD had values intermediate to MCI and HC, suggesting a similar
damage pattern of structure network in SCD but milder than MCI. In this common vein,
our study showed that strength values were significantly lower in SCD, MCI and AD
compared to HC at local level but not at global level, suggesting that in EEG also can be
found intermediate values of the SCD between HC and MCI.

Another study has found that individuals with, compared to without, SCD showed
lower subsequent memory effects in the occipital lobe, superior parietal lobe, and
posterior cingulate cortex, despite of a lack of difference in task performance and other
cognitive measures [103]. First, they found disrupted functional coupling between frontal
and parietal areas in prodromal AD suggesting a reduction of anterior-posterior coupling;
positive cognitive—functional dynamic correlations, which suggests that the coupling
between the left vmPFC and the left PCC might be able to differentiate prodromal AD
patients with relatively preserved memory performance from those with memory decline.
In support of the disconnection hypothesis, they found functional decoupling between the
vmPFC and posterior parietal regions, which is further supported by the different network
hierarchies they found in prodromal AD compared to SCD and HC. In prodromal AD the
PCC, IPL, and RSC form a main cluster. The role of these three parietal regions
indicating a prodromal AD-related assembly of posterior parietal regions is well
established in AD[180-182]. This suggests that these regions segregate from remaining
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DMN nodes in prodromal AD, potentially resulting from the high metabolic activity and
accumulation of amyloid plaques [183-185]. Importantly, we did not find a significant
difference in global brain network properties (clustering coefficient and strength)
between HC and SCD neither between SCD and the rest groups (MCI and AD), which
could indicate that not all SCD participants are characterized by an underlying AD-
pathology or that these changes are yet too subtle to be detected at the whole brain. The
characterization of SCD individuals being at risk for AD is current work in progress
[186]. For the definition of our SCD group, we followed the recently developed
framework proposed by Jessen et al. [80]. It has been found that in the prodromal phase
of the disease, parietal region is associated with worse cognition in prodromal AD
patients. Therefore, reduced parietal activity may be used as a clinical tool for early
identification of individuals at risk to manifestation of AD. These results may
furthermore serve as groundwork for future intervention studies using non-invasive brain
stimulation techniques focusing on altering the functional coupling between several
regions to induce compensatory changes in SCD thereby delaying memory decline [122].

Despite the fact that in the majority of the studies, brain connections were
interrupted in SCD group compared to HC, small - world properties were widely
preserved in SCD. This could also partially explain our results regarding the preserved
global network metrics in this population. This implies that the brain has not undergone
such damage to demonstrate a randomized network. While still preserving some intact
network properties, SCD elders exhibited disruptions (node degree, local clustering
coefficient, path length etc) at the local network level compatible with those evidenced in
MCI, although to a lower degree. Also, our recent systematic review [31] of several
neuroimaging studies reinforces the idea of SCD as a preclinical asymptomatic stage of
AD with potential future progression in more advanced stages. In other words, MCI and
AD groups suffer severe disturbances in the connections of brain regions and present a
more random brain network instead of small — world. On the other hand, SCD have
relatively stable connections as far as network properties at global network is concerned
compared to HC, but they exhibit lower values in between specific regions connections
over posterior brain structures. Compatible with the findings of the abovementioned
studies, our results reinforce that disrupted nodal strength of posterior areas - parietal
channels of the brain is evident among SCD as in MCI and AD respectively with respect
to HC. This localized disconnection has been proposed also in previous works
demonstrating that posterior DMN subsystem connectivity declines within the AD
spectrum [141].

Also a recent EEG study showed that the network properties showed significant
differences between the MCI and HC groups. Specifically, the MCI group showed the
decreased clustering coefficient and increased shortest path length compared to the HC in
alpha band [25]. These results demonstrated that MCI have less efficiency in processing
both local and global information, which could account for cognition problems such as
the memory impairment that is usually encountered by aMCI patients [187,188]. In this
common vein, another EEG study revealed that the brain network of aMCI patients
displayed a disconnection syndrome and a loss of small-world architecture [24]. The
correlation between cognitive states and network characteristics suggested that the more
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in deterioration of the patients’ cognitive state, the less optimal the network organization
becomes. Hence, both in the abovementioned studies as well as in ours, the complex
network-derived biomarkers based on EEG could be employed to track cognitive function
of people at preclinical stages of AD and provide a new diagnosis tool for both SCD and
MCI. Furthermore, findings in the MCI patients are quite contradictory among studies,
since some of them report no significant changes of brain network in MCI whereas others
show decreased or increased “small-worldness.” Specifically, Seo et al. reported that
local clustering of networks was lower in MCI compared to normal cognitive subjects
[189], whereas Vecchio et al. found a significant increment of the clustering coefficient
for MCI group [190]. Besides, both the above two studies did not observe obvious
difference in path length between two groups, whereas Xu et al. found that the MCI group
had increased path length; using this network feature allows to distinguish the two groups
with 90% accuracy [28]. Hence, it is still uncertain that whether MCI individuals would
exhibit a disrupted small-world property similar to those of dementia patients, and more
work is needed to make clear this problem, especially for the preclinical stages of AD,
such as MCI patient. Moreover, in a similar approach, the authors concluded that
functional connectivity disruptions between certain brain regions, as measured with
lagged phase synchronization, may potentially represent a neurophysiological biomarker
of AD [191].

7 Conclusion and Future Research

To the best of our knowledge, there are no studies which have investigated the
brain connectivity using HD-EEG in SCD participants compared to AD, MCI and HC. In
our study, we proceed to ROC curves analysis in order to define the cut-off scores and the
specificity and the sensitivity of every variable (clustering coefficient and strength at
global and local level). Based on our findings, the local clustering coefficient and local
strength may be considered as a potential biomarker for the detection of SCD,
discriminating SCD from the HC with 75% sensitivity and 64% specificity (AUC= 71%,
in ROC curves) in case of clustering coefficient and strength, MCI from HC with 80%
sensitivity and 64% specificity in case of clustering coefficient and strength (AUC=73%
and AUC=79% respectively, in ROC curves), and AD from HC with 65% sensitivity and
82% specificity in case of clustering coefficient and strength (AUC=79 in ROC curves).

Our study further adds to the growing body of literature that SCD may indeed
reflect neuronal changes at network level and suggests that brain connectome and more
specifically estimation of clustering coefficient and strength at parietal areas, could serve
as a potential biological predictor of subsequent cognitive decline associated with AD.
However, more longitudinal research is required to further replicate, expand and
investigate the potential pathophysiological mechanisms that are associated with these
brain network changes in SCD. In general, SCD showed less local network strength and
clustering coefficient but preserved network properties at global level. Finally, the field
of brain connectome has great promise for elucidating the complex relationships between
SCD who will eventually develop AD and FC patterns but a more consistent analytic
procedure should be adopted across research groups in order to integrate the findings of
several studies.
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8 Abbreviations

Abbreviations of Brain Areas

Alzheimer’s Disease (AD)
Anterior Cingulate Cortex (ACC)
Anterior Ventral DMN (avDMN)
Caudate nucleus (CAU)

Cuneus (CUN)

Default Mode Network (DMN)
Dorsal Attention Network (DAN)
Functional Connectivity (FC)
Gray Matter Networks (GMN)
Healthy Controls (HC)
Hippocampus (HP)

Inferior Parietal Cortex (IPC)
Inferior Parietal Gyrus (IPG)
Inferior Parietal Lobule (IPL)
Medial Prefrontal Cortex (mPFC)

Medial Temporal Memory system (MTMS)
Medial Visual Network (MVN)

Mild Cognitive Impairment (MCI)
Posterior Cingulate Cortex (PCC)
Posterior Default Mode Network (pDMN)
Precuneus (PUN)

Putamen (PUT)

Region of Interest (ROI)

Retrosplenial Cortex (RSC)

Subjective Cognitive Decline (SCD)
Supplementary Motor Area (SMA)
Synchronization Likelihood (SL)
Thalamus (THA)

Ventral Medial Prefrontal Cortex (vmPFC)
White Matter Network (WMN)

Medial Temporal Lobe (MTL)
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10 APPENDICES

Y1ov mapakdto cvvoecpo Ppiokovtal To SCripts mov ypnoipomotOnkayv yia t1g avaivoelg:

https://drive.google.com/drive/folders/1fRRIytwU7GeAs 9eVGSWa3
cRapSCI3tA?usp=sharing
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