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KQAIKOZ NPA=HZ: TAEDR-0535850

Apdon «EPBANUATIKEG OPACEIG OE DIADEUATIKEG ENOTNHOVIKEG NEPIOXEG HE EOIKO evOlOPEpPOV
yla Ttnv olvéeon e Tov napaywyikéd 1.oté» ID 16618

EOvikS SikTUO £pEUvag yia TNV avAdEIgn TNG YEVETIKAG BAONG TWV VEUPOEKPUAIOTIKWV
voowv Alzheimer kai Parkinson, Tnv avixveuon agiomioTwyv BIOSEIKTWY KAl TNV
AVATITUEN KAIVOTOUWY UTTOAOYIOTIKWYV TEXVOAOYIWYV KOl BEPATTEUTIKWY OTPATNYIKWV
otn Baon tng 1aTpikAg akpiBeiag (BRAIN PRECISION, TAEDR-0535850)

TITAOZ MAPAAOTEQY: AvATrTu¢n TTOAUTPOTTIKWYV HOVTEAWV IATPIKAG aKPIREiag yia
TagIvounon Kai £ykaipn S1dyvwon VEUPOEKPUAICTIKWV

ENOTHTA EPIAZIAZ 5: AvatrTu¢n VEWV UTTOAOYIOTIKWV HOVTEAWV Kl TEXVOAOYIWV Yia TRV £yKaipn
SIAyvwon TwV VEUPOEKPUAIOTIKWY VOowv Alzheimer kai Parkinson kai Twv TTpodpopwyV Jop@wy TOUG.

YNEYOYNH EPEYNHTIKH OMAAA (POPEAZ): KONZTANTINOZ MAPIAZ (ITE)
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AvATTTUZN TTOAUTPOTTIKWYV MOVTEAWV I0TPIKNC OKPIBEIAC via

TOIvOUNOoN Kal £yKaipn O1Ayvwon VEUPOEKQUAIOTIKWV
Eidoog lMapadotéov: Aoyiopikd

HHEPII'PA®H

JVGYETION LOPLOIK®Y KOl OEIKOVIOTIKMOV OEIKTMV GE TPOKAVIKEG Kol KAMVIKEG UEAETEG e
oTOY0 TNV AVASEIEN GVVOETWV TPOPAENTIKOV VITOYPOUPDOV PUCICUEVEC GE YEVETIKA/LOPLOKE
KAMVIKE Kol omeikovioTikd dgdopéva. o Tov okomd avtd £yovpe TPOY®PNCEL OGNV
ONUovpyiot TOAOTAGV HOVTEA®V Unyxovikng Kot Padiig pdbnong pe oandtepo otdyo ™V
akpin kot egotopkevpuévn Ay omopdcewmv amd v ovvinén dedouévav ta omoia Ba
TPOEPYOVTOL amd TV PASIOUIKT] OVIAVGT] TNV OMEIKOVIGTIKNG TANPOQOPING Y10 THY YNOLOKY
OTOK®MOIKOTOINGT  TOV  EIKOVOV ~ GE  TOCOTIKG  YOPOKTNPIGTIKA, TNV  Onpiovpyia
TPOCOTOTOMUEVOV PASTOLKDV VITOYPAPDV, TNV e£0y®yn YopakINplotikdVv Badibg pddnong,
UETA-TTANPOQOpPio amd YeEVETIKE/ Loplokd., Kot KAVIKG dedouéval.

Ta povtéla Ba emotpépovy Thavoroyikés eKTUNoElC TpOBAeyng ot omoieg Ba amoteAécovv
10 0ed0UEVaL EIGOJ0V GTO TEMKO LOVTEAO UNYOVIKNG Habnong yio v taévouncon Kot £yKoipn
JIYV®OOT TV VEVPOEKPUMGTIKGOV VOowV. Eyouv e€oybel Ta Tp®OTO OMOTEAEGUOTO OO THV

TOPATOV® OL00IKAGI0. KOl EILOOTE 6TO 0TAO10 aEIOAOYNONC TOVS. L& TEAKO OTAO0, TO
povtéro avtd 0a Paciletar oe £va ohvBeto vopdypappa to onoio Ba eivor vAomomuévo og
VTOAOYIOTIKO TEPIPAALOV PIAKO TPOg TO ¥pMotn Kot o amodidel v teMKY) TpoPieyn pe
teyvikés ovvinéng mAnpogopioc, emrpénovtag v efatouikevon g mpofieyng pe
OV TOLLOTOTOMUEVO TPOTO.

[MopdAinia, mpaypoatorombnke ektetapévn avalnmmon oe dadiktvakéc Pdoeig dedopuévav
(m.x ADNI -Alzheimer Disease Neuroimaging Initiative) kot Tpoympdpe e TNV eVopurovion
(harmonization) kot empédetn (curation) tv dedopévav mov Bpédnkav pe okomd v Afym,

onuovpyia, opydvmon kot dtpnon evog cuvorov dedopuévov mov o pmopovcay va
ypPNooTomBovy, wg emmpOcheTa dedoUEVA IGO0V, LE OKOTO TNV EVioYLo™ NG aKpifetag
Kol evoucOnciog Tov TEAKOD HOVTEAOL UNYaviKig LaOnong oty Ta&vounon Kot EyKoipn
SAYVMOT) T®V VEVPOEKPVAMOTIK®V VOGMV.

ME®OAOAOITA

Data preprocessing and denoising

Firstly, the first three volumes were discarded to allow for magnetization effects to stabilize.
Slice-timing correction (corrected for Siemens-interleaved slice acquisition), re-alignment,
and co-registration/normalization to standard MNI space were subsequently performed.
Lastly, spatial smoothing with a 6 mm FWHM (Full Width at Half Maximum) gaussian kernel
was applied to improve SNR. These steps were carried out in SPMI2
(www. fil.ion.ucl.ac.uk/spm-statistical-parametric-mapping/) implemented in MATLAB
version 9.8 (R2020a). Next, mean white matter and cerebrospinal fluid (CSF) signals (first
five principal components and their first order derivatives) were regressed out of the voxel

EAAGDa 2.0 EONIKO IXEAIO ANAKAMWHE KAI ANOEKTIKOTHTAZ
EuBAnuunqég Bpaceig o€ D1aBEHATIKEG ENICTNHOVIKEG NEPIOXEG HE £131KO EVIIAMPEPOV YIA TNV OUVDEDT) JE TOV

napaywyiko 107d, ID 16618
Kwdikog npagng: TAEDR-0535850




EM ' 6 2 ; I Me ) xpnparodotnon
G G ¥ AN TS Evpwaikng Evwong
O ANOETOT AL MM \exiGenerationEU

BF;;I‘NPVKI:(V.'I‘SIEJ‘N'
time series, using CompCor [1] included in CONN [2]. Then, voxel timeseries were detrended
and bandpass filtered to 0.008—0.09 Hz to eliminate low frequency drift and high frequency
noise.

Functional connectivity estimation

Static functional connectivity

Static Functional Connectivity (SFC) networks were computed and analysed similar to
previous attempts by our team [3] and according to the pipeline that has shown the most
reliable, reproducible and representative networks [4], [5], [6]. In short, after preprocessing,
4D BOLD data are individually parcellated into ROI timeseries using the
Schaefer(functional)/Melbourne(subcortical) atlas, consisting of 232 regions. Next, SFC
graphs (SFCGs) are computed as the Pearson correlations between all pairs of ROI timeseries,
resulting in a single 232x232 matrix for each subject. As fully connected networks are
suboptimal, network reduction techniques are often employed to reveal underlying structures.
OMST [7]was proposed for network reduction by maximizing efficient information flow. We
applied OMST on fully weighted networks in order to maintain only the most meaningful
connections. OMST has also been shown to produce the most robust SFC networks [5]. Next,
global and nodal network metrics are computed in order to quantify various aspects of the
functional connectome. This feature extraction step enables the comparison of networks
exhibiting varying density and topology. Nodal (region-specific) graph measures reflect
increased communication efficiency among the nodes comprising the immediate local
community (local efficiency), and the node’s ability to act as a go-between, facilitating the
stability of a broader network (degree, betweenness or eigenvector centrality). Conversely,
global, network-wide measures, reveal the integrative (global efficiency) or segregation
(modularity) tendencies of the entire network, as well as indicate the presence of complex
topologies, and the balance between integration-segregation and information capacity [8]. The
latter, is based on the notion of small world networks [9] and can be measured by the metric
of small world propensity [10] local and global measures are suitable to identify regions
displaying either hypo- or hyper-connectivity associated with objective or potentially
subjective cognitive and emotional disturbances related to MCI. The SFC pipeline including
all steps starting from preprocessing can be seen in the following diagram.
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Dynamic functional connectivity

In order to quantify the temporally evolving characteristics of the functional connectome,
Dynamic Functional Connectivity (DFC) was estimated using a tapered maximum
overlapping sliding window approach [11]. A window length of 23 TRs (53 s) was used in
line with the proposed range of 30—60s [12] overlapping on a single TR. Windows were
tapered, by being convolved with a Gaussian kernel of ¢ = 3TRs. In this manner, 125 windows
were created, of 23 TRs length each. Pairwise ROI-ROI FC was estimated within each
temporal window using the Pearson correlation coefficient, resulting in 125 time-resolved
networks or DFCGs (of size 232 x 232 each). Next, in order to evaluate the regional
temporally dependent functional connectivity changes, we employed a dynamic functional
connectivity (DFC) approach, known as multilayer community detection (MLCD). Evolution
of modular structure measured through MLCD metrics has been shown to associate with
relative amount of learning [13], working memory performance, planning/reasoning and
amount of sleep [14]. Through MLCD we are able to quantify temporal stability/variability of
functional connectivity. Communities or modules are groups of regions that are more strongly
connected to each other and less or negatively connected to regions of other modules [15]. In
a single instance of a functional network, i.e. an SFC network or a temporally specific DFC
network, the process of identifying the modular structure, thus assigning every node/region to
a particular module, is typically accomplished using the Louvain modularity optimization
approach [15], [16]. The approached utilized here, is an extension of this singular regional
assignment of nodes to communities to the dynamic or “multilayer” case. The generalized
Louvain algorithm [17] was employed for this purpose and two measures that characterize
each region’s connectivity variability in terms of affiliations across time. Flexibility [13]
measures how many times a particular region has changed its module affiliation, while
promiscuity index [18] measures how many modules a region has participated in throughout
the entirety of the acquisition, both divided by total number of possible changes for
normalization to the 0-1 range.
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Imaging and behaviour: Statistical and Machine Learning analyses

SFC regional and global metrics were combined with DFC MLCD regional metrics (1407
features total) and used as input features to a Machine Learning classifier trained to
differentiate all possible combinations of cognitive and emotional disturbances. Linear and rbf
kernel Support Vector Machine (SVM) and Extra Tress classifiers were evaluated in order to
fine the best performing model. Features selection was performed in each repeated stratified
6-Fold cross validation iteration inn order to only train models with a more conservative

number of features thus alleviating the possibility of overfitting the models. Cross validation
iterations were repeated 60 times, as mean and standard deviation of results stabilized over
this number. Feature selected was based on feature importance consensus ranking, thus
selecting only the top ranking features after fitting a preliminary model before the final
training, similar to our previous work [3], [19] and the selection scheme described in [20],
[21]. A multiclass classifier was trained to differentiate between all four groups. Nine different
binary classification models were trained to distinguish between all available combinations
using the same combination of imaging features.

HEPITPA®H AITOTEAEXMATQN KAI AIIOAOXHX MONTEAOY

Comp. | Group 1 Group 2
1 Both cognitive and emotional disturbances (MCI- | controls
2)
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2 Cognitive only, no emotional disturbances (MCI- | controls
1)

3 Cognitive disturbances, regardless of emotional | controls
(MCI-1 U MCI-2)

4 Cognitive disturbances, regardless of emotional | No cognitive complaints
(MCI-1 U MCI-2) (controls U EMO)

5 Emotional only, no cognitive (EMO) controls

6 Emotional disturbances regardless of cognitive | controls
(EMO U MCI-2)

7 Emotional disturbances regardless of cognitive | No emotional complaints
(EMO U MCI-2) (controls U MCI-1)

8 All patients (EMO U MCI-1 U MCI-2) controls

9 Cognitive only, no emotional disturbances (MCI- | Emotional only, no cognitive
1) (EMO)

2NV eVOTNTO TOV ATOTEAECUATOV TAPOVGIALOVTOL TO LOVTELO TTOL EUPAVICE IKOVOTTOUTIKN
anddoon (ocvykpion 3) kol agopd v evotnta epyaciag mov avapipdnke mopamave. Ot
TEPLGGOTEPES AAAEG GLYKPIGELS gV TaPOLGIAcAY ATOS00T) GNUAVTIKE VYNAGTEPN Amd TO
eminedo g ToxaodtTog. H mpotevopevn dadikacio unyovikng pdbnong ypnoporow)dnke
KUPIOG OC TANIGL0 EMAOYNG YOPAKTNPICTIKMV, LE GTOYO TOV EVIOMIGUO TOV OMEIKOVIGTIKOV
deKTAV (oTOTIKNG 1 duvaukng Asttovpyikng cvvdeosiottog — SFC 1 DFC), kaBhg kot tov
EYKEPOUAMKAOV TEPLOYDV N TAYKOGUIOV YOPAKTNPLOTIKMVY, TOL NTOV OTOTEAECUATIKA GE KAOE
EMUEPOVS GUYKPLOT).
20ykpon 3: AcBeveic pe yvootikn Ekntoon (aveEapTNTOS CLVUIGONLOTIKGOV GLUTTOUATOV:
MCI-1 U MCI-2) pe vyteig
Machine Learning classification:
Classifier: ETC - Selector: SFM_ETC
Number of Outer splits: 60

e Mean Accuracy 71 +- 13 %

e Mean Balanced accuracy 64 +- 14 %

e Mean Precision 76 +- 9 %

e Mean Sensitivity 84 +- 14 %
e Mean Specificity 45 +- 24 %
e Mean F1 Score 79 + 10 %
e Mean ROC AUC 64 +- 14 %

Ol GUUUETEXOVTEG YWPIS YVOOTIKN EKTTMOTN EUQAVICAV VYNAOTEPEG TIUEG eveMElag

EAAGDa 2.0 EONIKO IXEAIO ANAKAMWHE KAI ANOEKTIKOTHTAZ
EpBAnpanikég dpaceig oe S1aBePaTIKESG ENIOTNPOVIKEG NEPIOKES PE £131KO EVDIOPEPOV Yia TRV CUVDEDN HE TOV

napaywyiko 107d, ID 16618
Kwdikog npagng: TAEDR-0535850




EM ' 6 2 P Me ) Xpnuatodotnon
: Cl G AN TS Evpwaikng Evwong
BRA'N ,*‘=%g'z"! E@”K"X?fﬁ‘é‘é'(?&%‘%ﬁﬁ‘é” . o NextGenerationEU

(flexibility), tomikng amodotikotnrag (local efficiency), PaBuo® (degree), evoidpeong
kevipwottog (betweenness centrality) kot 1010810vOCHATIKNG KEVIPIKOTNTAG (eigenvector
centrality) o€ cUYKPION LE TOLG GUUUETEYOVIEG LE OVTIKEWEVIKN YVOOTIKN EKTTMOOTY|, OTIG
aKOAoLOEG EYKEPAMKES TEPLOYES:

e DFC flexibility 147 RH DorsAttn PrCv_1,52,10,20

e DFC flexibility 176 RH Cont PFCl 7,42,14,48

e DFC flexibility 191 RH Default PFCdPFCm_1,4,36,-14

e SFC eigenvector centrality 77 LH Default Temp 4,-58,-30,-4
e SFC degree centrality 77 LH Default Temp 4,-58,-30,-4

e SFC degree centrality 98 LH Default pCunPCC 3,-4,-30,36

e SFC eigenvector centrality 187 RH Default Temp 3,54,-6,-10
e SFC betweeness centrality 77 LH Default Temp 4,-58,-30,-4
e SFC eigenvector centrality 227 pGP-1h,-22,-8,-2

H avtifemn tdon mapoammpndnke ywo tov Babud kevrpuweodmtog (degree centrality) xon v
tomikn amodotikdtnra (local efficiency) otic akdAovBeg eykepaikég Teployés:
e SFC local effciency 62 LH Cont Par 2,-34,-62,48

e SFC degree centrality 118 RH SomMot 3,38,-14,14

2TOTIOTIKEG OVYKPIOEIS TWV YOPOKTHPIOTIKWOV TOV TPOEKDYAY GO TH UNYOVIKY ualnon uetolo
v ouadwv COG ko Yyiov (mapovaialovial ovo to. aToTIoTIKG GHUAVTIKG, OTOTEAECUOTO, D
< 0.05, 616pbwon FDR)
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Epunveio Aroteisoudtov X0YKPIoN

c3:

Xpnowonowwvtag évav  taSwvountn (classifier) Extra Trees Classifier pe emAoyn
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yopaxtnpotikdv (SFM_ETC) ce 60 efmtepikés emavolYeLS, TO HOVTEAD TETLYE WEOM
axpifean 71% (£13), balanced accuracy 64% (+14), precision 76% (£9), svaucOnocio 84%
(£14), ewdwkdmra 45% (£24), F1 score 79% (£10) kar ROC AUC 64% (£14).

Ta aroteléopota delyvouv 0Tl 0 TASIVOUNTAG NTAV O OTOTEAECUATIKOG OTNV Oviyvevon
acBevav pe avtikeleviky yvootikny ékntoon (Mild Cognitive Impairment) (vynmin
evacOnoia), mopd OTN CMOOT AVAYVAOPIOCT) GULUUETEYOVIOV YMPIS YVOOTIKN EKTTMON)
(xopnAOTEPT E10IKOTNTAL).

A1apopég ata eyKepoLiKa OIKTVO

Ot avardoelg ypapnuotikne Oewpioc (Graph-theoretical analyses) é€oeiav Ot1 o1
OUUUETEYOVTEC YWPIC YVOOTIKN EKTTMCT] ELPAVIGOV CNLOVTIKE VYNAOTEPES TIUEG G OeikTEG
Aertovpykng ocvvdeouottog 6mwe:  flexibility, degree centrality, betweenness centrality,
eigenvector centrality, and local efficiency o€ apxetég meployég tov €yKEPAAOL Ko
ovykekpipéva oe diktva mpocoyns (PrCv), eréyyov (PFCI) kot mpoemdeypévng Aettovpyiog
(PFCd/PFCm). Avtifeta, o1 ao0gvelg e YVOOTIKY £KTTOOT Topovsiacay vynidtepo degree
centrality and local efficiency otov apiotepd Bpeypraticd @A0L0 TOL IKTOOV EAEYYXOV Kol GTOV
0e€16 copatokvnTkd eAold. Ta gupnpate VTOINA®VOLY OTL 1| SLATHPNOT TNG YVOCTIKNG
Aertovpylog  oyetiCeton pe  peyoAOTEPT) OAOKANPMON KOl TPOGOPUOCTIKOTNTA TMOV
EYKEPOMKAOV SIKTOWV € TEPLOYEG EAEYXOV, MPOGOYNG KO TOL OWKTOOV TPOEMAEYUEVNG
Aertovpyioc. AvtifBeta, ot acBeveic pe avrikeyevikny yvootiky ékntoon (MCI) gpeavifovv
TOTIKES AVENUEVES GUVOEGILOTNTES O PPEYLOTIKES KO KIVITIKEG TEPLOYES, KATL TTOL EVOEYETOL
Vo OVTOVOKAQ ovTIoTOOMOTIK 1 SUGTPOGUPUOCTIKY] OVASIOPYAVMOOT TNG EYKEPAAMKNG
Aertovpyiog.

Kiwikn Xpnon

Exmondedoape évo povtédo pnyavikng pabnong yuo va kévet didkpion peta&h achevav pe
YVOOTIKY] EKTTMOY] KOl GUUUETEXOVI®MV Y®PIS YVOOTIKA eAAeilaTo. XUVOAKE, TO HLOVTEAO
AmEOMGE OPKETA KAAG, KO NTOV 1O10ATEPA AMOTEAEGUOTIKO GTOV EVIOMICUO TNG YVOGTIKNG
éxntoong (84% svaioOnoia), adlhd Aryodtepo aiomioto oto va emiPePformvel ool acheveic
oev Tapovcldalovv Ekntmon (45% kot Ta).

Xe 0,TL 0QOopa TN AELTOVPYIKT] GLVOECIUOTNTO TOV EYKEPAAOVL, TO GTOHO YWPIG EKTTMON
EUGAVIGOV TTIO VY KOl EVEAIKTO EYKEQOAIKE OlKTLA, 1010 08 TEPLOYEG TOV oyeTilovTon pe
LV, TPOGOYT Kol EKTEAESTIKO EAEYYO (O1KTVO TPOETIAEYUEVTG AEITOVPYIOG, dIKTVO EAEYYOL
kot diktva mpocooyng). Avtifeto, ot acBevelg pe ékmtwon mopovsiacov  avEnuévn
GUVOEGIHOTNTO GE PPEYUATIKES KO KIWNTIKES TEPLOYES, KATL TOL UTOPEL VO OVTAVOKAQ Lol
AVTIGTOOUGTIKY TPOOTAOELN TOV EYKEPAAOD VO OVTILETOTICEL T YVOOTIKY| EMOEIVOOT).

2ovoyn:
e To ta&vountikd povtédlo pmopel va GUUPAAEL GTOV TPAOYLO EVIOTICUO YVOOTIKNG
EKTTTOONG, OV KO OTOLTOVVTOL ETUTAEOV OlOYVOOTIKA EpYyaAgia Yo T Pertiooon tng
E01KOTNTOG.

e Ta evpnpota TOV EYKEPOAIK®OV SIKTO®OV VTOONADVOLV OTL 1] ATMAELN gveMETLG Kot
OAOKANPOONG G PaciKoVS EYKEPAAIKOVG KOUPOLS IGMC OmOTELEL YOPAKTNPIGTIKO TNG
TPOWNG  YVOOTIKNG  EKTTOONG, &V 1N oavénuévn  dpootnpudtnte. o€
KIWWNTIKES/ PPEYUATIKEG TTEPLOYES LTOPEL VO AVTITPOSHOTEVEL AVTIGTAOUIGTIKES OAANYES.
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Figure 1. Schematic representation of functional network differences between cognitively non-
impaired and cognitively impaired participants.
Left (blue): Non-impaired individuals displayed richer, more flexible, and more integrated
connectivity, with central hubs across the default mode, control, and dorsal attention networks,
as well as subcortical regions.
Right (red): Impaired participants showed localized increases in connectivity, primarily
between parietal control and somatomotor regions, suggesting compensatory or maladaptive
reorganization.
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