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ITepiAndn

Y16y0¢ TNE Mapoloas BIMAWUATIXNAS epyaciog etvar 1) SLdyvwer Tne oytlo@eévelag amod
0edOUEVY TTOU AAUBAVOVTOL OO TNV UTEXOVIOY) TOU EYXEPIAOU PE TN YEN\ON TNG [eE-
vooou TMRI yenowonowsvtag Baocwoie tadivountéc xou wovtéra Pothdc udinone. Ta
dedopéva mou yenowonotfinxay eAfpinoay ard tn Bdon dedouévwy tou Centre for
Biomedical Research Excellence (COBRE), n onofo €yet cul\é&er Bedopéva ametndvi-
O™NC VEUROEYXEPSAOU amd €0YAC TP GE OAO TOV XOOHO. XTYN CUVEYELY, TO GUVOAO
OEdOUEVLV TEPLEYEL Dedopéva amd 72 acVeveic pe oylogeévela xou 75 vy delypota
(nhixiec mou xupaivovto and 18 €mc 65 oe xdde opdda). O Baowxol Tadvountég mou
YenotwonoolvTon o auth) TN SimAwuatixy epyacio eivon o tagwvountic kNN, o toll-
vountic SVM xau 1 hoyiotin nakvdpounon. Emmiéov, e€etdleton pia mpooéyyion
Bordidc pdinone yenotlomoldvTag cuVENXTIXd VEupwmwixd dixtua, LSTM xou cuvet-
X©TWO BixTuo Yeapnudtwy. IlewpouatioTixoue ue DIAPOPES TUPUANXYES TG APYLTEXTO-
vixric Tou CNN xan pe SLapopeTinée mopauéTeoug TrmV TACIVOUNTOY, ol XATUAPEQUUE VA
emtUyouue axp{Beta TedlAedng wg xou 72,39%.

AéZeic KAsdud:

VEURWVIXG BlxTuaL, Unyovixt| udinor, tadvountée, oywlogeévewa, fMRI, pdinon yvewer-
oudTwy, Bodd pudinor, woviéha dixtiwy, Tivoxas aAANAOCGUCYETIONG, TEPLOYES EVOLO-
(PEEOVTOG



Abstract

The aim of this diploma thesis is to diagnose schizophrenia from data obtained
from brain imaging using the fMRI method using basic classifiers and deep learning
models. The data used were obtained from the Center for Biomedical Research
Excellence (COBRE) database, which has collected neurobrain imaging data from
laboratories around the world. Then dataset contains data from 72 Schizophrenia
patients and 75 health controls (ages ranging from 18 to 65 in each group). The
basic classifiers used in this diploma thesis are the kNN classifier, SVM classifier
and logistic regression. In addition, a deep learning approached is examined using
Convolutional Neural Networks, LSTM and Graph Convolutional Network. We
experimented with different variants of the CNN’s architecture and with different
parameters of the classifier, and we managed to achieve prediction accuracy of up

72.39%.
Keywords:

neural networks, machine learning, classifiers, schizophrenia, fMRI, feature engineer-
ing, deep learning, graph networks, correlation matrix, regions of interest, ROIs



Euyaplotieg

H ouyypapn tne mapodoug Atmiwuatixric Epyacioc onuatodotel v ohoxhipwon tov
TEOTTUYLAXWY oL oToLdGY. Tlpw xheloel To peydho autd xepdhono tng Cwhg Lo, Va
fela vor euyoploTAoK T dToua Tou oTddnXay BlmAa pou xa GUVEBAAAY GTNV PEYEL
TWeo Topeia You.

Apyrd, Yo Hdeha var evyopiotiow tov Kadnyntd pou, x. Avopéa Xtpaguiondtn
xou Tov . Lewpyio XNbAa yoo Ty moAvTiun PorRded Tou oty exndynon Toug mo-
eovtog Véuartoc. Trrplay xatamAnxtixol UEVIORES, oL OToloL UE TIG IBEEC TOUC XAl TNV
TEOYUPOTNTE TOUG, UE EVETVELGAY ot UE Xxadodynoay 6houg autolg Toug Uhvee. E-
mrAéov Tou elpon Bordid ELYVOUGY Yol THY TOAUTIUN 0 THELT TOU OTo UEANOVTIXG Yov
oyédwo. Hrov Ty pou va epyoacte woli Tou oto Epyacthpio Yuotnudtwy Teyvnthc
Nonuooivng xow Mdinone.

Enlong, Vo fieha vor exppdow TNy ELYVOUOGUVT OV GTOUC QIAOUC UOU, UE TOUC
omofoug €y UolpaoTel ToAES amd Tic To EeywploTée oTtyués tne Cwrc pov. ‘Hrav
autol Tou pou ydptoay xar Vo pou yapllouv oTiyués avepehlds, dpiovou YENOU xou
oydmng.

Etvar odfdeta 611 8e Yo ancBorvopouvy 1660 ohoxhnpwuévos avipenmtog xa oe Yo ebya
AAVEL TROYUOTIXOTNTA T OVELRE O YwElg TNV orydmn X 1 QeovTida TG OLXOYEVELLS
wou. Me otnpilel o xdlde pwou Prua, Ye cUUBOUAEDEL X UOU TEOCPEREL OVEXTIUNTA
Quywd ayodd. Oa elpon mavTtor xovid Toug. Bo el Vo aPlEE®CL GE AUTOVS TNV
TopoVou EpY L.
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Extetapevn Ieplindmn

Eiwooaywyn

H oyllogeévewr (SZ) eivan o cofapt| Puytateinn Sotopayh mou ennpedlet to ou-
VOUGUAUOT, TNV XOWOVIXT) GUUTERLPORE Xou TNV avTIANPn TNS TEOYUATIXOTNTAS EVOS
atouou. Av xau ta frohoyixd aitio 8ev €youv axoun eCaxplBuiel, yevetixol xa mepBol-
AovTixol TapdyOVTES, 0TS TO TPOYEVVNTIXO OTEES, Ol TPUUUATIXES EUTELRleS 1) 1) EXTe-
TOEVT YENOT) VOPXOTXGY, UTOEEL Vo elvor XploLuo GUCTATIXG VLol TNY AVATTUEY AUTAC
NG OLotapoyc. Zwwxd Lovtéha delyvouv 6Tl oL avamTudlaxés BAABEC TOU ITTOXAUUTOU
TeoxaholV anoclvOesT Tou TpoueTwrlafou protol. H oylogpeéveia ennpedlel mepimou
24 exaroppdpta avipdrouc i 1 otoug 300 avdpdroug (0,32%) moyxoopiwe. Autd to
1000016 elvon 1 ot 222 dropa (0,45%) petold twv evihixwv. Aev eivor 1600 ou-
YV1) 660 ToAEC dhheg Puyéc Bratapayéc. Eivar duvatév ta droua ue oytlopeévela
va {Aoouy Wi guatohoyixry Lwt, oAAd uovo ue xahr) Vepameio. Aev umdpyel olyoupog
TEOTOC Yo TNV TEOANN Tne oyllogeévelag, aAAd 1) THENOY Tou oyedlou Vepaneiag uro-
eet va Bondfoel oty medAndn uToTEOTKOY 1 EMOEVWOTE TwV cuunTUdTwy. Emmiéov,
ol epeuvnTég ehmiCouy 6Tl To v udouv TEPLOGHTERPA YId TOUC TUEdYOVTES XWVOUVOU
v T oylogeévela umopel va odnyrfoel o €yxouprn didyvwor xou Vepaneia. Méypet
oTiyune, N ddyvwon tng oylogeévetag etvon Suvaty péow Juytateixric Tapathenong
ue Bdom xetthplor cUUTERLPOEAS. AV xat, TO YEYOVOS OTL UTdEY 0LV EVOELLELC OTL 1) Oy
Cogppévela oyetileton GTEVE UE TOV TPOTO TOU GUVOEOVTUL Ol TEPLOYESC TOU EYXEQPSAOU
peTald Toug, 0dNYNOE TNV TEOCOYT TOU EMOTAUOVE O JAAEG UEVOOOUS BLdyVmoNg,
onwg tig pevodoug IMRIL Ou teyvinég unyavixfc pdinong umopolyv vo cuufdiouy oe
Ty TNV TpooTdleta xodng elvon Eva Yoo epyaheio Tou umopel Vo amoxTAoEL TAT-
pogoplec amod To 6edouéva fMRIL

> tdyo¢g

O otoy0c auTthg TNE BtmhwpATIXAC EpYaolog Elvar Vo ONULOVEYHOEL £VOL LOVTEROD VLol VoL
umopet va tpofBAédel Ty mdavdTnTo Evag Tiavog aotevic va tdoyel amd oyLLoppEVeLa
ue Bdon 6edouéva IMRI (Aettovpyind ameixdvion payvnuxol ouvtoviouol). Eivon ua
EVOANOXTIXT) TIPOCEYYLOT VLol TN Oy VWOT| AUTOY TWV AOUEVELDY GE QUOLONOYIXO &-
TNEDO, Ywpelc TN ¥eHon PuYIATEIXDY 1) PUOIOAOYIXGOY TATNPOPOELKOY Yid Toug Tiavoig

12



EKTETAMENH IIEPIAHVH 13

acVevelc. Me ta ypdvia 1) T VT vonuooLvn €yel yenowonotniel yia tnv aviyveuon
Quyx@dv acHeveldy pe dlopopeTixnd Yéoa. O o xOvEC TEYVIXES YLoL TNV aviyvEuon TNng
oywlogpévelag pe yenomn TeEYVNTAS voruoolvng epthapfdvouy cupwoelg PET, EEG,
TEYVES TIOL TiEpLhoBdvouy Tadvounon yovidiov xar TpeTeivdy [1] xa amedvion
woryvntol ocuvtoviogot (MRI). H poryvntied togoypapla eivar plar otpux Ty vixy
ATELXOVIONG IOV YENOLWOTOLELTaL 6TNY axTvoloyia yia TNV aneévion g avatoulog
X0 TOV QUOLOAOYIXGY BLEQYACLHOY TOLU CWOUTOS. ot Toug oxomole TN BIMAWUATIXAC
epyaocioc yenowwomotinxe éva olvoro GEBOUEVKY avolyTo) WO Tou EAfipUT omd
t0 OpenNeuro [2]. Tlpoxewévou va dnuovpyndel to oOvolo Sedopévwy, erfginooy
CUPWUEVES EIXOVES TOU EYXEPIAOL TOGO amd acVeVElC ue SLdyvemor oyllogeévelag 650
xou omo vytele e€etalopevou. To Véua authc Tng SimhouaTixAc pyaciog elvar éva
evOLapépoy ahhd o amontnTied Véua xaddg Slepeuvd TOMATAY ETLC TNUOVIXG Tedlar: 1
aTEWEC UERETEC YLol YUY IXEC BLoTapory €, OEBOUEVIL UTEXOVIOTC EYXEPIAOU Xal AVIAUGT)
TWY OEBOUEVHV X0l PUOXE VEURMVIXG. BixTua o ahyopripoug unyavixhc udinone. H
ToEOVON BITAWUATIXT EQYACIA OTOYEVEL VAL YENOWOTOW|OEL TIG TTRONYOUUEVES UEVOO0UG
T VOUNOTG XAl VoL TEOTELVEL Lot VEXL, YETOILOTIOWWVTAS oYL Lovo Ta dedopéva fMRI and
TOV EYUEQUNO OANG xat TEOCVETEC TANPOPORIES BTG DNUOYEUPIXE. YUEUXTNELO TLXL.

OcwpenTtixd vnoBadeo

H My aviery Médnon etvan 1) teyvoloyio avdntugng olyoplduwy UToAoyLoTehY Tou Uno-
eolV vor pundoly tny avipwmivr vonuooivr. Autol ot adydpriuol €youy xataoxsuo-
otel Yoo Vo umopoly var BEATIOVOVTOL auTOUATo HECW TNG EUTELRlOG Xou UE TN Yerion
0EBOUEVWLY, YVWOTOY ¢ 0edouéva exmaideuone. Ou alyodprduot unyavixric uddnone
umopolv va tadvountoly ot eywploTég xatnyopleg avdhoyo Ue TN @UOT TV BEDO-
uévwy, ) Swdwaoia exudinone xow tov tomo povtéhou(3]. H Mmnyovixr Mddnon
Yewpeiton we pépog e Teywntic Nonuoolvng xan yenowonoteiton yioo Tn Afdm mpo-
BréYewv 1 anogdoewy ye Bdon Tn padnotaxt| eUnelplor TOU ATEXTNOE TO UOVTEND UECH
¢ exnaideuone. Méypet orfuspa 1 teyvoroyla MA €yel egoupuoctel o dlapopeTind
nedior Onwe 1 avayvepelon tpotinwy [4], , unohoylotx dpaon [5], unyovix do -
Uy oxagpov [6], yenuatoddtnon 7], duyaywyic [8],[9], owohoyia [10],utohoyiotind
Bodoyla [11], [12] xau Piotatpixée xou otpixée eqapupoyée [13],[14]. Trdpyouv teeic
TOToL pnyovixic pddnong: 1 emPBrenopevn pdinon, n uddnon yowelc emiBiedmn xa n
evVioyuTXr pdinom. Av xou o€ auTr TN OtmAwUaTXy epyaoia, 1 emBAenouevn udinon
Yenoteonoteiton yior TV TOAATAY Tavounor).

EmfBAenduevn puddnon

To xadoptoTnd yopoxtneloTixd Tng emPBAeTouevng udinong etvar 1 dlrdeoiudTnTa
OYONACUEVRY Bedopévwy. T va efpaote mo axpiBeic, n emBienouevn pdinorn cuve-
mdyetar TNV exudinon wog avtioTolylong Yetadd evog GUVOROL UETABANTOVY ELGOBOU
xou pag METOBANTAC €€600U, TOLU OVOUGLETAL ETIXETA XL OTH GUVEYELN QUTH 1) AVTIC TO-
bylomn egapudleton yior TV TEOBAedN TwV T yior Tor adportor dedopéva [15]. Eyovtag
emonuovdel To 8edopéva, emopévewe Yvmpllovtag T owoTh €€odo yio xdle eicodo,



14 EKTETAMENH IIEPINAHYH

TO HOVTELO Vol EXTOUOEVETOL UE TNV TEPOBO TOU YPOVOU, UETEWVTAS TNV axpifela u€ow
UL CUVHETNONG AMWAELNS TOU TPOoUpUOlEToL UEYEL Vo ehaytoToTotniel emapx®s To
SOl INVIA

Trdpyouv 500 TOTOL TEYVIXGY ETOTTEVOUEVNS HEUNONG OT pryovixy| udinon: mo-
AvBpOUNGoT Mo TAEVOUNoM,.

o H maAvdpounom yenoyomoLeiton yioo Ty TeoBAed uLog cuVEYoUS UETHBANTHS
ue Bdom tn oyéon YETEY TV PETUBANTOV 10000V Xou TNG METUBANTAC €600U
mou pdiope xotd TN dudipxeta Tng exnaldeuong. o mopdderyya, 1 ToAVdpoUNoN
umopel vor ebvon ypriown i Ty TeoBiedmn g Turg Tou omTIoY, PE TNV TN
TOL OTUTIOY WS €£000 o Ol €LoPOEC Yo Unopoloay va elvor HETUBANTES OTWE 1)
Tonoveota, To Yéyedog Tou oTTIOY X.AT.

o H ta&wounomn yenotponoteiton 6tav 1 uetoBAntr e€6d0u eivon xotnyoptny. E-
oL, ebvon yperiowo Yo TNV opadoroinon tng €€60ou Uéoa oe pa xAdor. Edv o
alybprduog mpooTadfoel va yapaxtneloel TNy elcodo oe 500 BLuXEITEC (AAOELC,
ovoudleton duaduh Tagvounon. H emhoyt uetold tepiocdtepnv and 600 tdewy
AVOUPERETAL WS TUEVOUNOT) TOAATAGY TAEEWY, X4t Tou cupfalvel 6Ty TaEoVow
OLTALUTIXY EpYaoioL.

Mrn-emfBAenouevn udidnon

Avtideta pe v mpoavagepieion uédodo, LTHPYOUY TEQITTWOELS 0TI OTOlEC OEV
elvon BuvVaTO var Aoy dedouéva e ETXETA 1 elvar TOAD eTtimovn 1) dnutoupyio Toug.
[oe tnv enfhuon autod Tou TUTOU TEQITTWOEWY, YENoyonollvTaL TEYVIXES udinong
ywelc emtiBhedm yia v edpeon xpuPKDY poTIBLY amd To BEBOPEVO GUVOLO BEBOUEVMY.
Autég o timog pdinong umopel va cuyxpwiel ye Tt dtadixacio Tou hauBdver yopa
ooV ovJpOTIVO EYXEPAUAD XATd TNV EXUAUNOT VEWY Tparyudtwy. Kodng dev undpyouv
avtioTtoryo Bedopéva e£0Bou yio Tor BeBopéval El06d0L, 1) udinon ywelc eniBiedn dev
umopel Vo e@appocTel dueca o€ Tpofirfuata ToAvdedunone 1 Tavounong. O otodyog
e Udinong yowelc enlBredn etvar va Beet Ty uToxeluevn douy| ToU GUVOLOU BEBOUEVLY,
VO OUODOTOL|OEL AUTE T BEDOUEV GUUPWVOL UE OUOLOTNTES X0 VO AVUTUPAOCTHOEL AUTO
T0 0UVOAO BEBOUEVLY oE cUUTIEOUEVY woppr. O ahydprduog ywels enlBhedn urnopet
va xatnyoplonotndel tepauntépw oe mpoBAflata oyadonoinong xat oucyétiong[16]. o
TOUg o%OTOUC TNG BIMAWUUTIXNC epyaciog, Siepeuviinue TAnU®eo TaEVOUNTOY ahhd
xou HOVTEAWY Pordudc pdinong.

e H opadoroinom civar pio uédodog mou entyeipel Vo OUABOTOLAGEL To OV TIXEIUEVAL
ue Bdon tnv opoldtnTa PETAg) TOUC, £TOL MOTE TAL AVTIXEIUEVA UE TIC TEQLOOOTE-
PEC OUOLOTNTEG VO TORUPUEVOLY O ULd OUADA Xt Vo €Y0uV AMYOTERES 1 xordoAou
OUOLOTNTES UE avTIXE{UEVAL LG GANNG Ouddag.

e To Association ypnoiionoleital Yl TOV EVIOTIOUO TV GYECEWMY UETUED PETO-
BANToV oe wa ueydhn Bdon dedouévwy. Xenoulomoleiton cuVATLS Yol OTEATN-
YIS UAPXETIVY X, 0TI oL dvipwrot Ttou ayopdlouv X ctolyelo eivon mo miovod
VoL ay0pdicouy To Tpotéy 1.
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Evioyutin| pdinon

H evioyutin| udinon etvor éva unomedio tne pnyovixic pdinone mou acyohetton ye
TO TEORBANUN TNG EXTALOEUCTC EVOC TIEEXTORM Y1 T1) UEYIO TOTOINCT) EVOC GHUATOS oVTO-
wodric eved evepyel o éva mepBdiiov. Auth 1 pédodog Paoiletoan otny emPodBeuon
eMYUUNTOV GUUTERLPORWY 1/X0L GTNY TYWEio TwV avemtdiuntwy, emouéves €vog evi-
OYUTIXOC EXTIOUOELTINOG ToEdryovTag elvon o€ Véar var udet Yo doxunc xou Addoug.
O xnbplog otdyoc TNe evioyuTinAc Udinone etvan va oploel Ty xoAUTEET oxoroutia
ATOPACENY TOL TEETEL Vo axOAOLITOEL O TEAXTOPAC Yol vor A)GEL €var TEOBANUaL [E-
YO TOTOLOVTOG TaedAANAa ior poxponpddeourn avtopol3h. Autdg ebvar o Adyog mou
epopuoleTon xuplwe Yo oyedlaoud xivnong, Suvouxy| dladpour|, BeATioTonolnom ekey-
x|, TOMTES exudinong Bdoet oevaplwy yio auToXVNTO0E0UOUS X.AT. XopuxXTNELo Ti-
%0 TUPAOELY U TNE ETdEXELNC TNE MEVBOOU elvar 1) yeron TNS Yiot 6 TRUUEUCT) TOU UTOpREL
vo emiteLyOel he TNV exUdUNoY TOMTIXGOY QUTOUATNG G TRUUEUCTC.

Feature engineering

H unyovint| yopoxtnoto Tixadv ebvan 1) SLadixacion YEIopo) TwY axATéRYUoTWY OE-
OOMEVWY GE OUCLIC TIXEC TATPOPORIES, ETOUEVMIC YUQUXTNELO TIXA TTIOU UTOROUY VoL YT
owonoinoly 1660 GTNY ENOTTEVOUEVT 6G0 ot TNV PdinoT ywelc enifBiedn. Apyixd,
EVaL Y apaxTNEO TG elvon OTOLBATOTE PETEHOUN €l00D0C oL UTOPEL VoI YENOoYLOTOL-
et oe éva povtéro mpofiedne. To Feature Engineering evowuatover Sidpopeg Te-
YVHES UMY VXTI DEBOUEVLY, OTIWE 1) ETLAOYT) CYETIXMY YUPUXTNELOTIXWY, O YELPLOUOC
TV OEGOUEVKY TOU AE(TOLY, 1) XWOXOTOINCT TV BEBOUEVLV XOL 1) XUVOVIXOTOMGN
Touc. Eibvan éva amd ta mo onuavtind xadrxovia xou moller xodoplotixd pdAo oTov
%xJopLoUO TOU AMOTEAEGUATOS TOU HOVTEAOU.

Trdoyer TANIGEo TAEOVEXTNUATWY ol TN UNYOVIXY| YUQUXTNRLOTIXGY, YIo To-
EADELY UL UTLRYEL UEYOAVTERT) EVEMELDL TOV YAUPUXTNELO TIXY XL G ATOTEAECHA YivETol
EUXONOTEQRO il TOUC aAYOpLIoUS Var aviy veouy uotiBa ota emelepyaouéva dedouéva
Topd oo avenedépyaoTo 6edouéva. To o onuavTind TheovExTnua elvor OTL UL ATOTE-
AEGUOTIXT) UMY AVIXT] YUEUXTNELO TIXGY CUVETAYETAL UYNAGTERT AmOBOGT TOL UOVTEROU,
ETOUEVKC XOADTERT] axp{Belar xan xoAUTERA amoTEAECUATOL.

e auty| TN SumAwpoTixd epyacto, £youy yenouylomoinUel uepXEg TEYVIXES Uy ovixi|C
YUEAUXTNELOTIXWY XIS TO GUVORO BEGOUEVKY elvol TROETEEERYUOUEVO Xou Tal BEBOUEVAL
0EV Elvoll EVIEAMS UXUTEQYAUOTOL.

[poeneZepyasio dedouévwy

Y10 obvolro dedopévewvy COBRE [2] undpyer éva apyeio mou ovoudleton opyeio
oLy yVoEwY. Anuovpyolvtor oUYYUoT XoTd TN GUEWGCT EYXEPIAOU X0l UTOPOLY Vo
aAAGEouy Ty axpifelo avamapdotacng g odpwons. O guplc oxomog tou FMRI o
XoTdo TaoT) NEEUiag elvol VoL YENOWOTOLACEL TNV XOWT| BLAXVUAVOY] TV ONUITLY TOU
eCaptvtan and o eninedo o&uydvwone tou afuatoc FMRI (BOLD) oe Siagpopetinég
TEPLOYES TOU EYXEPINOL 0 BEXTN TNG oUYYEOVNS VELpC dpac Tnptdtntac. 2oT600,
oto FMRI oe xatdotaon neeploc, 1 Aettovpyr) cuvdeoyldTnTo TpocdlopileTtal Ue TN
HETENON NG YeoVixAc ouotdTnTag TNe Yeovwxnc ocipdc BOLD oe voxel yenowonot-
OvTog xdmota YETENoT, cLVHIWS TOV CUVTEAEGTH ouoxs’uong[lﬂ. [Mo mopdderyya,



16 EKTETAMENH IIEPINAHYH

oto opyx6 yopetl Biswal [18], uvnohoyiotnxe o cuvieheothc cuoyétiong YeTal Tng
ypovohoywhc oelpdc BOLD evéc voxel otov xvnuxd @hotd xon xdide dilou voxel
otov eyxéparo. O cuvieheo T cuoyETione avTixatonTeilel TOoo TaPOUOLES Elvol ot
HETEHOELS 000 N TEPLOGOTEPWY UETABANTOY o€ eva GUVOAO dedouevwy. Ta voxel Twv
OTOlWY 0 CLVTEAEG TYC CUOYETIONG TEQUOE EVOL GTATIG TG 6plo Yewpriinxay Aettoupyi-
%3 GUVOEDBEUEVL, ATOXANITTOVTOS ETOL XOWES AUTOPUNTES BLOXUPAVOELS UETAED TOU OpL-
01ep00 %o Tou BeZlov xvNTXoU Protol. Aedouévou OTL oL BUO0 YPOVOOELRES UETEMOVTOL
TV TOY POV, OTOLABHTOTE Olepyacior Tou deV oyeTI{ETon UE TH VEUPWVIXT| Op0C TNELOTNTA
mou emnpeedlel TN Wwla 1 xou TIC 800 Yeovooelés Vo EMNEESCEL TO UETPO TNG AELTOLE-
Yg ouvdeotuoTnTag, divovtag €tol éva Pedtixo anotéheoua. Autég oL cuyyUoELS
FMRI oe xatdotaon neeplag umopoly Oyt HOvo Vo auEHCOLY T1) PUVOUEVIXT AEITOUE-
Y| CUVBECYOTNTA ELOAYOVTAS PEVOBEIC OUOLOTNTES UETAEY TWV YPOVOCELRMY ARG X0t
VoL UELWCOUY T1) UETENOT) CUVBESUOTNTAC EQV Eloay Vo0V BLaPopixéc oLYYUOELS HETOEY
TEQLOY V.

H olyyvon tou fMRI unopel va npoxier and morréc Siepyaoiec oto nepBdAiov
HoryvnTixic topoypogioc. Extéc and tic duohertoupyleg vhixol tou capwth (m.y To
apyelo confounds mepiéyel dheg Tic TAnpogopieg oyeTid pe to confounds xa yenot-
LOTIOLE(TOL GTOV UTOAOYLOUO TOU TV GUOYETIONG TEOXEWEVOL Vo Angioly urtddm ot
xoxég emntooelc Twv confounds. Trdpyouv oplouévol e€etalduevol and Toug onolouo
Aelmouv ta opyeior confounds, EMOPEVLC ToL YOEAXTNELO TIXG AUTEOY TV UTOXEEVWY 0
ponpolvTaL amd TO BAVUOUA YopaxTNElo Ty, Emimiéoy, yéoa oto apycio confounds,
umheyav Twwéc NalN mou avtixataotédidnxay Ue undevixd.

E&aywyéc meploycdv evotapépoviog

Ou npoceyyloeic tou Pacilovtou oTo voxel, ol omoleg yenowonotodvIal EUREWS GTNV
aviyveuoT) Puyixdy Blatapoy @y xaL yenolponooly voxel kg yopaxTnetoTxd, €youy éva
ONUOVTIXO TTEOBANUL, EWWd TN ddotaon. o va efpacte mo axpPelc, otnv avdiuon
voxel-wise o apriudc TV yopuxTNEOTXOY elvon TOAD Yeydhog e clyxplon UE TOV
o6 TV Swrdéotuwy Teog Tov aptiud twv ddéotuny Serypdtoy extaideuone [19].
Mo va Eemepaotel autd to TEdBAnua, 1 opadonoinor voxel exteleital yenoylomoldvTog
TEPLOYES EVOLUPELOVTOG (ROI). Ov ROI npoodiopilovton ypnoyomoudvtas dTAavTES,
omwe o Athag XdpPopvt-O&popdng, o onolog eivon évag mIavoroYIxdE dTAAVTOG TOU
®ohOTTEL 48 PAOLOOELS xot 21 UTOPAOLOOELS DOUIXES TIEPLOYES.

To dedopéva IMRI mou haufBdvovton amd Tov cupmTrH AvVTITEOGKOTEVOUY OAOXAN-
eN TNV TEELOYY| TOU EYXEPIAOL oL GopPWINXE, dpa 0AOXANEO ToV eyxégaro. Emo-
HEVeS, Tpaypatonolwvtog pa avdiuorn ROI yenowonowhvtag tov ‘Athavta XdpBoaovt-
OZpopedng YeNOWOTOLOUUE TIC ONUAVTIXES TEPLOYES TOU EYXEPAAOL TOU TEPLEYOLY TIC
Yefoec Thnpogopiec mou Yo Bondricouy 1o YoVTEAD Vo BLUQOROTOACEL Tal ATOUO UE
Baom Tic Yuytnég Toug BLaTapayES, APALEMVTIS ATO TO GUVORO YOQUXTNELO TIXWY EXEVA
TOL JEQT] TOU EYXEPIAOU TIOU UMY TROCPERETE Xoplal ypouln Thnpogopia.

TaZwvountég xau hovIEAA

[o toug oxomolg g dmAwpaTixhg epyaciag, diepeuviinxe TAndmoeo ahyopidumy.
Oa culnticouue Bedodixnd Toug alyoEIPOUE TALIVOUNOTS TOU YENOUOTOLOUVTAL GE
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ouTh TN Simhopote epyaota. Hopodtw, Yo enednyniel pio cOVToun elooywyr xou
enedrynon autey Twv odyopiduny. To armoteréouato xou 1 oUyxplon e anddoong
TV oahyopliuwy Yo avokudoly TapaxdTe.

AoyioTir) moAvdpounon

H ypopuixn naAvdpounon yenowonoleltal yior TNV EXTUNCT) TEoyUOTiXmY TGV Ue
Bdomn cuveyele yetafantéc. o mopddetyuo, 1 medBAedn tne Turg evog omiTiol, Twy
GUYOAX®Y TOAoEWY X.AT. O oToy0c eivon va Peedel 1 yoauur mou Touptdlel xoAlTERa,
YVOOTH WE YU Tahvdpounong mou avaropiotatal otny eéiowon y = fo+ B * v +¢€
, OTOU € €lvol TO GPIAUAL, ETOUEVLS 1) Blapopd UETOEY TNG TaEATNEOVUEYNG TS ()
xou e evdelac yeauunc ( o + 1 x 2 ) [20]. Trdpyouv 800 TOmOL YEUUUXAC TOALY-
OEOUNONG: 1) ATA YROUULXT) TOAVOEOUNOT) %o 1) TOANUTAT) Yeouuxr) ToAvdpouncn. H
TeWOTN yopoxtneiletar and o aveldpTnTyn UETUBANTA, EVG 1) 0e0TERn amd ToANATAdCLYL
(mve omé 1). Xto napoxdte Lyfua 1 nopovotdleton éva Topddetya amhAG Ypouuxc
ToAVOEOUNoNG UE [lar ave&dpTnTr UETAUBANTH.

20 -10 10 20 30 40 50 60

Yy 1: AmAn Aoywoniki) malwopdunon

H extiunon péyiotne mbavémnrac (MLE) elvon évag olyopriuoc mou yenouonote-
fton amd tov ohyopLiuo hoYIoTIXAC TUAVOROUNOTG TPOXEWEVOL Ol GUVTERECTES (TUEC
Brta) tou akyoplduou vo extiunoly and to Bedouéva exnaidevonc. O alydpripog
(MLE) ovallNTd TWES CUVTEAEGTOVY TOU EAXYIOTOTIOO0Y TO G@QAAUA 0TI THavOTNTES
ToL TEOPBAETOVTOL OO TO UOVTERD aUTEC OTa BEdOoPEVa. AuTo LLoToLElTOL XUPiWS YENOL-
HOTOLWVTAS omodoTixolg alyopriuoug apriuntixfc BeAtiotonoinong. Tétolor ahyopLd-
HOL UTOPoLY Vol EMAEYOUV WE TORGUETEOL OTOV TOEIVOUNTY AOYLOTIXNC ToAVOROUNoNG
yenowonowwvtac T BiBModAxn sklearn, emopévee eivon évag emmiéov cuvioviouode
UTIER-TIoRaETEOU 0T Btadxasta Tadivounone. Tmdpyouv apxetol BEATIOTOTONTES TTOU
umopolv va yenoworoinoly ctov Ta&vounTr, aAAd Oev efvar GAoL xaTIAANAOL Yia Eva
TEOBANUA TOAATAGY XAJOEWY OTWE TO TEEYOV. (2¢ AMOTEAECU, OVUPEQOVTOL UOVO
QTS TOU Y ENOULOTOLOUVTOL YLoL TOL TELPSUATOL.

Support Vector Machine
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Trootipign Slavuopotixol unyoviatoc (SVM) [21] elvon évag ahydprduog un-
AC YeHoMS ToL Yenotdomole{ton TG0 yio TROBAYUTo TAAVBEOUNONE 6GO XL Yol TEO-
BrAuaro Tagvounone. O otdyog Tou ahyoeriuou Tne unyovic SlavuoudTeY UTOC THEL-
&ng ebvan va Bpet éva umepeminedo oe €va yweo N-Bidotaong, émou N elvar o apriudg tewv
YUROXTNELO TIX(Y TOU UTOEOUY Vo TaEIVOUHooLY Ta orucior dedopévmy. Xpnoylomotel
€VoL AmAG YardNUoTind HOVTEAD Y = w* T/ +y xou To yeileTon yio var emTeéPeL Tn ypo-
uxn drodpeon topéa [22]. To SVM umopel var yweltoTel o8 yoouuxnd ot Uun yeouxd
HovTENA [23]. To UMY VNS SLOVUOUATOY YROUUXAC UTOCTHEIENG UTOREL vou Blalpéoel
ToL OEDOUEVOL UE LA YUY YEOUY| 1) UTERETTEDO Yiar v Storywploetl Tic xhdoeic oTov
opy w6 Topéa. Ao TNV G TASURH, TO U1 YROUUIXO UNY SV BLVUCUATOY UTOC THEL-
&nc umodewvieL OTL 0 Topéag Sedouévwy dev Umopel va Soupedel yoouuixd xon Umopet
VOL HETATEATEL GE VoL YWEO TOU OVOUALETOL YMPOS YARUXTNPLC TIXGY OOV Tol BEBOUEVAL
UTOPOUY Vo BlonpeVoUY YEUUUIXA.

‘Onwe gaiveton 0to Xy fua 2, utdeyouy ToAAE Tdavd UTERERITEDN TOU UTOPOLY VAl
eTAEYOUV, TPOXEWEVOL VoL BlaywELOTOLY oL dUo xoatnyoplec onuelwy dedoyévewy. O
oxomdg elvon va Boedel 1o eminedo mou €yel To pEyloTo mepripto, doa TN UEYLOTY,
anoc o PeTald onueiwy BeBopévey xou and T 0V xUTNYopieg, OTWS QPUVETOL GTO
Yyfuo 3. To onuela 6edopévewy pe TV eAdyto Ty andcTooT ond TO UTEEETITEDO O-
vopdlovtar dlaviouato UToc THEIENS xat enNEedlouy Tr Y€on xou TOV TEOGUVITONGUOS
Tou unepeninedov. Edv doypddouue ta dlaviouato otheng, 1 Véorn Tou unepenine-
oou Yo aAAdEer. XpnowomolwvTog auTd To BlavOoHaTa UTOG THRIENS, UEYLO TOTOLOVUE
10 MeprlmpLlo Tou TadvounTH, OTwS ametxovi{eTon oTo My U 4.

o

X, @)

]

7] o

X4

Yynue 2: Ihbavd vreperimeda

ExAuna 3: Béltioto urmepeninedo
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Support Vectors

Yy 4: Awviouata vrootipiéng

k-Nearest Neighbor

O k-nearest neighbor elvon évag un mopapetpixdg enonteLOUEVOS alydpriuog Tou
Yenolomoleiton elte oe TPOPATUUTA TAAVOROUNOTS Elte ot TEOPAUNTA TaVOUNoNS, O
omolog yenowonolel TNy eyyOTNTA Yo Voo xdvel TeofBAEdelc oyeTnd pe TNV Tadvounon
evog onuelou dedouévwy. Xenoylomoleltar Teploc6TeERo Yo TeoAYuato Tadvounong,
doukevovtog pe TNV undteor OTL Tapouota onueio uTopoly va Feedoly To Eva xoVTd
oto dhho. Oa culnthcoupe Ty Takvounon k-NN xou oyt v nadwvdpdunon xodaog
eCunneetel To €lpog Tou TEEyovtog mpoPAfuatoc. H elcodoc anoteheitan amd ta k
O XOVTIVA Topadelypotar exTToddEVCTC G €val GUVOAD BEBOUEVKY ot 1) €€000¢ lvor
wa wtotnTar wéhoug xAdone. H diadwacio xatd tnv omola taivouciton €var onueio
ovopdleton mAstoPnpla Twv yertovey tou. Kdle avtixeipevo exywpeeiton otny xAdon
oL £lval o XowT| LETOEY Twv k TANCECTER®Y YEITOVKY Tou, 6oL X elval €vag YeTindg
axépatog, cuVAtwe évag Uxpds oxépatog. Emouévee, av k=1, téte 10 avtixelyevo
ATAGE exywpeeltal oTny xhdorn autod Tou anhol TANcLEcTEPOL Yeltoval.

[Moe vor puduiotel motar onueia 6edoyévey elvar o xovTd o€ €va 6edoUEvo onuceio
0edoPEVWY, TEETEL VoL UTOAOYIGTEL 1) amboTaoT) YETAC) QUTOY TWV GNUEIDY BEBOUEVMY.
Trdpyouy TOAMEC PETENOE AMOCTAONC OO TG OTOlEG UTOPOUUE Vo ETAEEOUYE, UE
v Buxieldeio amdotoaom va elvar 1) o xovy| Yoo cUveYElc UETABANTES Xou 1) amboTAoT
Hamming yta ti¢ Stoxpitég petoAnteéc.

Mt g1 xplowun mapdueteog yia Tov alyoprduo k-NN nou meénel va cuvtovioTel
etvor 1 Tipn k. H 1y k otov ahydprduo k-NN xadopilel ndéoot yeltoveg Vo eheyydolv
Tewv TNy tagvéunon tou onueiou epwthuatoc. H emhoyy| tou k umopel va xadopioet
€dv o alyoprduoc Yo unepmpocupuoletar X Oyt O yaunidtepee Tyég Tou k umopet
var €ouv LPNATY BtocduavoT), ahhd younAs Teoxatdhndr, eve yeyahitepeg Tyég Tou k
umopel var €youv UPNAY BloOUaVeT) KoL YAUNAOTERT] BloatOUAVOT).

ITpoxatdAewdn

Hpoxatdindn eivon 1 Slapopd uetall Tne péong mpoPBiedng Tou Yoviéhou xou TNg
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OWOTAS TWAC oL To Yovtéro mpoomadel var tpofBiédet. ‘Otav éva povtéro €yel udmin
TeoxatdAndn onuaiver oTL divel Alyn TEocOoy oTa BEQOUEVY EXTAUDEUONC, EMOUEVKC
UTEPAUTAOUGTEVEL TO UovTELO. )¢ amotéheoya odnyel o UPNAG Gl oTa Bedouéva
exTodOEVCTS XAl DOXIUWY.

Alaxdpavon

H Swncpavorn avagépeton oTic oAAXYEC OTO UOVTEAO XUTd TN YeNoT OLUpOPETL-
XOV TUNUATOY Tou 0T exmaldevone. ‘Otav 1) doocdpovon elvon UdnAn, onuaiver 6Tt
TO UOVTENOD Olvel UEYdAN TpoGoy T oTo dedoueva exntaideuong. (1¢ anoTéheoya, TETol
HovTERa €youv TOAD o) amddooT ota dedouéva exmoldeuone, oahhd €youv udmid
OPINIATO OTOL DEDOUEVAL DOXLUNS.

(dc ouumEpaoua, Yo Vo ONULOURYACOUUE €val XAAG JOVTEAD, TEETEL Vo BROUNE [ia
X7 oy TLo TaIULoT) HETAE) TNG TTOXUTAAEUPNG Xou TNG BLoOUAVOTS, OOTE Vo EAAYLC TO-
TotnVel T0 GUVORXO GPIAUN X Vo atoPeUY Vel 1) UTOTPOGUPUOYT| 1| 1) UTEQTOOCUPUOYN
TOU Lyfua 5.

High variance High bias Low bias, low variance

overfitting underfitting Good balance

Yy 5: Ipoxatddenpn-Awaxduavon

Badid pddnon

H Bohd exudinon emexteivel v xhaoixn pnyavixt| udinorn npoovétovtag neplo-
c6tepo «Bdtogy, mou onuaiver pueyahitepn ToAuTAoxdTNTa 6TO wovteho. Mnopel va
YopoxtnElo Tel w¢ wiar e€ehypévn ot dodnuoatixd moAdmhoxn eEENEN TNG UNYAVIXAC
udinone. Emmiéov, To dedopéva Yetacynuati{ovion YenouonoidvIaS SdQopES Gu-
VOPTACELC TOU ETUTEETOUY TNV AVATUEAGTUOY OEQOUEVMY UE LEQPUQYIXO TEOTO, UECH
TOMGOY emimédwy agaipeone [24],[25]. 'Eva and ta xdpa mheovexthiuata tng Padi-
dc udinong etvar 1 eovdTNTo €TiAUOTG TOAITAOXWY TEOBANUATOVY LOLdTEPO KA Xou
Yeryopa, xou 0 Aoyog vl autod ebvan 6t emrpénet palx mopainhonoinon [26]. Ot
alyopriuol Bohdc pdinong apyiCouv va yivovton dnuogiieic yioo TNV TovounoT tewv
Q@Y SlaTopoy @V Xt ol TEOBAYUTH TAEVOUNCNE TOMGY TAEEWY, OTWE AUTO TOU
oulntdue o aUTHY TN BmAwUaTr pyasia, xodng 1 Bodid uddnon uropel va augroet
v axpifela tadvounong e Ty mpolnddeon 6T uTdpyouy emaEXY UEYdAa CUVOIX
OEDOUEVV TIOL TEELYPAPOUY TO TEOBATUL.
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H Bordid expdinon anoteielton amd pior TANYGEo SLUpopeTIXDY G TOYEWY, YLol To-
pdoderyuo cuveliLelg, enineda cUYHEVTEWONG, TAPKOS CUVOEdEUEVY ETinEDdN, TOAES, Xe-
NG UVAUNG, CUVUPTACELS EVEQRYOTOINGNG, OYNAUATA xw&xonoinong/ ATOXWOIXOTOINONG
XATL, avBAOYO PE TNV apYITEXTOVIXT DXTUOU Tou Exel yenowonotniel. ‘Eva xpiowo
YopaxTnEo o tNe Pordidg wdinong etvar Tt elvon TOA) EVEMXTO XAl TEOGUPUOCLIO YLl
mar UeYdhn mowcthior e€oupeTind TOAOTAOX®Y TEOXAACEWY, and TNV dnodmn Tng aveiu-
o”NG BEBOUEVWY, AOYW TN ECALPETIXG LEPUEY XS DOUNEC ot TN TEPAC TLAG XAVOTNTOG
udinone twyv povtémy Bothde udinong [26].

Yuvdetnomn anwielog

H ouvdptnon andAicwag eivor 1 cuvdptnon mou uroroyilel T Slopopd ueTall TNg
AVOUEVOUEVNS TWAC €£000L xou TNE Te€youoas g e€6dou Tou alyopiuou. Xuyxe-
xpuéva, eivon par pédodog yia TNV afloAOYNCT TOU OGO Xohd O ohyoELiHOC UovTE-
homotel To clvolo dedopévewy. Edv ou mpoPAédeg pog etvar mohd anoxAlvouvoeg amd
ToL TEAYHOTIXG amoTeAéouata, 1) €€000¢ TNG oLVAETNONG amWAElag Yo evon peydAog
aprdude. Edv ov mpoBiédeic etvan apxetd xahéc, 1 ouvdptnon anwAclag Vo mapdyet
UXEOTERO aELiuo.

Trdpyouv BLUPOPEC CUVIPTACELS ATWAELIG TTOU YENOWOTOLOOVTAL YLl BLUPORETIXS
elon ahyopliuwy unyovixnig pdinong. Aev undpyet uio Asitoupyior amMAES TOU Vo
ToupLdlel o Oha Tar TEOPAAUoTO 6TY) unyovix udidnor. Tevixd, ot dVo xbpiec xatn-
Yopiec efval oL am®AeLEg TAAVOEOUNCNEC Xl Ol ATMAELES TaEvVOUNoNG. O avaALCoUUE
TEPAUTEPW TIC AMWAELES TACLVOUNCTC TTOU YENOWOTOLO0OVTAL OTA TELOSUOTAL.

Hinge Loss/Multi class SVM Loss

H ouvédptnon Hingle loss ypnowomoteiton xuplwg yior unyoaveg dtavuopdtwy uto-
otheEne (SVM), xodwe yenowonoteiton yioo tadvéunon uéytotou mepidwpiov. Xu-
yxexpweéva, 1 Boduoroyio g cwothc xatnyoplag Yo meémel va efvan yeyaibTepn omod
10 d¥poloua TV BadUohoYIBY OAOY TV ECOUMIEVLV XATNYORLOY XUTA XATOLO TEQL-
Vopo acareiog. Eotw T 1 npayuatixd é€odog, 6mou t = £1, xau ¢ etvan 1) forduoroyia
Tou Tadvountr. H andieia dpipwong tne medfiedne y optletan we:

l(y) =max(0,1 —t*y) (1)

‘Otav ta t xan y €youv To (B0 TEOCNUO, Tou oNualvel 6TL TO y TEOPBAETEL TN CWOTY
xhdon xan to |y| < 1, n andiewn dpdpwone 1(y) eivor 0. Av t xou y €youv 10 Blo
npéonuo ahhd |y| < 1, mou onuaivel 6L 1) TEOBAedN elvon owoTh ahhd Oyt UE dpXETO
Teptd®pto xat av Tor t xon y €youv avtideta tpdonue tote 10 1(y) awddveTton ypopuxd
UE TO Y.

Cross Entropy Loss

H ouvdptnon anwAelog cross entropy yenoulomole{ton yio Tn UETENON TN amddo-
ong evog mpofArjuatog Tagvounong pe Tyéc mbavotnTog we €£060, TOU OMUAiVEL TYEC
e€6dov oty mepoyh) and 0 éwg 1. H anmieta avldveton xodme 1 TeoBAenouevn mi-
Yovotnto amoxAbvel and tny mporypotia . H Swotavpoluevn evtporia Baoileto
oTnv Wéa g eviporiog and TN Vewpla TANEOQoELOY xou LTOAOYLEL ToV apriud TeV
bit Tou amontodvToL Yot TNV AVATUEACTACT] 1) T HETADOOT| EVOS UEGOU YEYOVOTOG OO
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wlae dtavour| o oUyxplon e wor dhAn xatovopr. Moadnuatixd, eivon 1 mpoTiu®uevn
CLVAPTNOT AMWAELAS O0TO TAXOLO GUUTEQUOUATLY TNE UéyoTne miavotnTag. Eivon n
CLVAPTNOT ATWAELNG TTOU TEETEL VoL aflohoyniel TpdTo xou Vo ahAGEeL UOVO Gy EyeTe
XONO AOYO.

H Cross Entropy 9o unohoyioet uior oduoroyia mou cuvodiler tn uéon Slagpopd
HETOEY TNS TEAYHOTIXHC Ol TG TROBAETOUEVNC xorTorvounc TavoTNTaC Yior TNV TEoSAe-
dmn g xAdong 1. H Badporoyio ehoyiotonoteiton xon pror T€AEL TY| SLUC TUUEOUPEVNS
evtponiog etvan 0.

Yuvdptnon evepyonoinong

Ov Aettoupyieg evepyomoinong etvon éva xploylo Y€pog TNE AMOTEAEOUATIXOTNTAS TOU
veupevixoL dixtdou. Ot mpofAédelc Tou povtéhou emnpedlovton o ueydro Badud and
TNV EMAOYT| TNG CLVAETNONC EVERYOTOINONG, XAVDS AUTH 1) ETAOYT) EAEYYEL TOGO XKUY
elvor exToUdELPEVO TO UOVTEAD BIXTUOU BEBOUEVY TOU GUVOAOU BEDOUEVKY. ‘Omwg
avapépinxre TEONYOLUEVWS, U cLVAETNOT evepyornoinong xadopllel Tnv ¢€odo Tou
veupova Tou Yo uetadoiel 6to enduevo otpmua. Mo cuvdpTtnor evepyomolnong unopel
amAd vou efvar SUABLXT) TOU EVERYOTOLEL X0l AMEVEQYOTOLEL TOV VEURMVAL AVAAOYOL UE TNV
eloodo. Mnogel enlong va xdvel Evoy UETACY NUATIOUO TOU GHUATOS ELGODOU GE EVOL T
eZ6dou oty meptoyr| and -1 €wg 1. Ou cuvapTtioelg evepyonolnong umopoly Bacixd va
YWELOTOLY GE 500 TUTOUG, TI) YEUUUIXT| XU TN U1 YRUUULXT CUVEETNOT) EVERYOTOINOTG.
H mo ypnowonowluevn cuvdptnor evepyomoinomng elvon un YeoUUIXES GUVIRTHOELS
ETELDT) DIEUXONDVEL TO HOVTEAD VO YEVIXEUEL 1] VO TROCUOUOLETAL UE TIOLXIALL OEQOUEVLV
xou Vo dlapopototel TNy €£odo.

LLYMOEWNC CLVHETNON

H owypocidric ouvdptnom ovoudleton eniong AOYLOTIXY GUVAETNOT XoL EVAL Lot [0
VTN GUVEETNOT UE TO YOEAXTNEWOTIXG Oy oG xaumoing 7S”. H ouypoetdrg
oLVAPTNOT TAlPVEL OTOLOVOYTOTE TEaYHaTiXG apliud we eloodo xou mapdyel TES &-
£odou o710 elpog 0 éwe 1. Enouévee, yenowonoieiton nepiocdtepo o Yoviéha 6mou
n movetnTa meénel va mpofBhegiel we Ty, H ouvdptnon Sigmoid eugavileton oo
Yoyua 6 xou optletan yior OAES TG TEAYHATIXES TYES ELIGOOOL amd TOV TUTO:

(2)

Yuvdptnor tanh

H ouvdptnon tanh eivon modd moapodpola pe tn orydoeldy| ouvdptnon, n onola Eyet
enlong oyfuo xoumding 78”7, ahkd mopdyel Twég €€6dou oty Tepoyt -1 éng 1. H
ouvdptnon Tanh optletar and tov tinO:

(3)

To mAcovéxTnua etvar 6Tt oL apvNnTiXéC €lcodol Yo aVTIoTOLYIGTOUY (G EVIOVAL AEVT-
TIXEG xaL oL UNdeVixEC elcodol Yo avTIo ToLyIo ToUV X0VTd 0To UNdEY oo Yedgnua tanh.
H ouvdptnon tanh eugaviletar oto Xyrua 7.
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(A

05
6 -4 -2 0 2 4
Eyue 6: Ypoedns ouvdptnon
1.0
T
05
0.0
05 /
1.0 —
-3 -2 -1 0 1 2

Yy 7 Yuvdptnon tanh
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Yuvdptnon ReLU

H ouvdptnon ReLU elvor 1 mo ypnoylomololuevn cuvdpetnon evepyonoinong yia
xpupd emineda. O Adyog yio auTO, exTOC amd TNV AmAGTNTA TN LAoTolnorng, elvon 6T
elvon omoteEAEoUATING OTNY UTEEPBAOT) TV TEQLOPLOUMY SAAWY TUAALOTEQO BNUOPLAGDY
AELITOLRYLOY EVEpYOTOINONS, 6Tk To Sigmoid xow to Tanh. Eivou évag amhdg unolo-
YIOUOG TOU ETUCTEEPEL TNV TWH TNE EL0Od0L, 1) 0, €dv 1 TiuY| El06d0L elvon UxEOTERT
a6 0. 'Etot, 1 ouvdptnon €€ optopol utoloyiletar we:

f(x) = max(z,0) (4)

Adyw e avamapdoTachc TNG o€ Yed@pnud, OTee BAETOUUE 0To My U 8, 1 cuVAE-
non ReLU ovoudleton enione cuvdptnor pdumnac.

—1I0.O —7I.5 *_"I).O ——2I.5 O.‘O 2j5 5:0 7:5
Yxnuo 8: Yuvdptnon ReLU

Yuvdptnorn Softmax

H cuvdptnon Softmax etvou o pordnuortixy cuvdeTnoy Tou UETUTEETEL £Vl BLdVUoHA
aprducyv oe éva didvuopa mdavotAtwy. H tumxd cuvdptnorn Softmax yenoiuonoteiton
oLY VA 0T0 TEAXO eTinedo evog Tadvounty| mou BucileTon o8 VEUPWVIXG BiXTUA Xou THO
oLy VA oe TEOPBAAUTA TAEVOUNOTS TOAATAGY xAdoewy. H €Zodog yia xdde T i,
TOU BLYOOHATOC €060V UTOAOYILETOL OO AUTAHY TN CUVEETNOT:

flx;) = % (5)

H ouvéptnon aneixoviCetoar oto Myfua 9.

Yuvdptnor Binary step

H ocuvédptnomn duadixol Briuatoc Baowd etvar évag tadivountrc mou Baciletou oe
xotd@hl. Edv 1 Twur eio6dou elvon mdve amd €va oplo, 1 €€odog opiletan oe 1, emo-
UEVOS O VEURWVOG EVERYOTOLELTAL, BLopOopeTXd. 1 €C0d0g opileTon 6To 0 %aL 0 VEUPWVIS
armevepyornoteitoan. H ouvdptnon anewoviletan oto Xy rua 10
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f(x)

X

Yy 9: Yuvdptnon Softmax

3.0
P I U S R ]
206 e ]
X2 P
= . . : :
2.2k [T Y P “““““““““ ]
2.0 i i Lo S
1.8 ] ] 1 1 ]
-3 -2 -1 0 1 2 3

Yy 10: YuvdpTnon Binary step
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Yuvehxtixd Nevpwvixd Aixtuo

To cuvehixtind veupwvixd dixtuo (CNN) ebvar évoc TOTOC TEYVNTOU VELEWVLXO-
U BXTOOL TOU YENOWOTOLEITOL GTNV ovayVmELoT| ot eMeéepyacio emdvag Tou €yel
oyedaoTel eldwd yioo TV enedepyaoia dedopévey mEeh. H apyitextoviny evog ouve-
AxTixoU BxtOou eival avdhoyT UE aUTH TOU TEOTUTOU GUVOEGUOTNTOG TWV VEURMVKY
otov avipwmvo eyxégaro. To CNN €yel Toug «VEUPMVESY TOU BLATETAYUEVOUC TiE-
ELI006TEPO cav auToNg Tou peTwTiaou AoPol, Tng meployfg mou elvan umedtuvn Yo
v enedepyasio onTOY epethoudtwy e avip®moug xou dAla Lwa. Eva cuvehxtind
oixtuo elvon oe Véom va xatarypder Ye emtuyior TIC YwEIXES xou YEoVIXES ECUPTHOELS
o€ o Emodva ElcodoL, epapuoloviag oyetixd @iitea. ‘Eva tumixd CNN anoteleiton
amo €vo eninedo el0édou, Eva einedo €600 xot £var xpUPO ETiTEDO TOL TEQLAUUBAVEL
TOMATAS GUVEAXTIXG eTtined, eMiNEdN CUYKEVTPWONS, TANPWS GUVOEDEUEVY eTtinEDN
xou ETENEDA XoUVOVIXOTOINOTG.

DUVEAMUTIXO ETUTEDO

Yy enideiln oto Lyrua 11 unopolue vor 8oUUE ULor OV ELGOB0L oL Efval UTEQ-
oepévn oc patches. Kde evnuepwuévn éxdoon x@oixa yetagépel 0 Acttoupyio ou-
VENENC e TN uhTea @iATeou xou 1 pftea e€600uU Vo etvar 1) GUVEAMET QUTGY TwV 600
mvéxov. To @gihtpo (nuprvag) petaxveiton mpog tor Be€Ld e Wior ouyxexpévn TN
OLoAEAOUOU Pyl var avahOoeL ohoxANeo To TAdtog. Kaldog @tdvel oto téhog Tou
TAdTouS, TNdE xdtw oty eyl (oploTepd) Tng eixdvac e TNV Bior Ty SlaoxeAGUOD
xou emorvoho3dver T Sradixacio uéypet va dlacytotel oAdxhnen 1 ewxdva. o mapddery-
Hol, 0TO TaEABELYUd pag 1 TWr Ytewde ebvan 1, o tuphvac Yo petatoniCeton 16 popéc xou
x&e @opd Var extehel o Acttovpyia ToAlamAacLaoUol urteas Yetall Tou K (muprvoc)
xou Tou TpApatog I tng emdvag méve and 1o onolo cwpeiton o TUEHVaC.

Yo mhaiotot TNG OIMAWUATIXAC, TEWRUUATIO TAXAUUE GE BLUQORETIXG BAdn GUVEAXTL-
AWV VEURWVIXOY OXTUMY (€wg xon 4 ouvehxtixd enineda). Q¢ eicodoc, T CNN 1ou
onuroupY ooy élafoay Toug mivaxeg cucyétiong mou utoloyilovtar amd 1o GUvVoho
dedouévey elo6dou. O mivoxas cuoyétiong eivon évac N*N ntivaxag mou ameixovilet tig
ouoyeTioelc AoV Twv mhavedy (EVYOY TYWOY OE Evay Tivoxa. TNV TepinTtwot| Yo,
QUTEC Ol TIES avTimpoowrebouy Tig Teptoyés evdtogpépovtoc (ROI) tou avipdmvou
EYXEQAAOL Xl TN cLoYETION PeTag) TOuC.

1]0|1jof1]0 101 1123 31
o|1f1fo 1|1 - of1|1]k[4]|5]|6|—p
1{o0j1fo|1|o0 110]1 71819
1|0j1f1]1]0 Image patch Kernel
ol1l1lol 1l (Local receptive field) (filter) Output
1|]0f1]j0]|1]0

Input

Yy 11: Yuvéhién tov nivaxa ei0édov e xpron giltpov

Pooling eninedo
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[apbuowa ye o Convolutional Layer, to Pooling layer eivon unebduvo yia tn ye-
fwomn Tou ywewol peyédoug Tou cuveElXTIXOU YapaxTNEo TXoV. AuTo yiveTow Yl va
uetwdel 1 utohoyloTir oy e Tou amouTelTan yiot TNV enelepyacion TwV SEB0UEVEY UECW
uelwong Swotdoewy. Emmiéoyv, etvar yproudo yior Ty e€arymy | xuplapywy YapoxTneL-
TGV oV elvar aUETABANTA TEPIO TEOPXE Xan YEong, BLATNEOVTIG £TOL T1) dladLxaola
amoTEAEOUATIXAG exTaideuong Tou poviehou. Trdpyouv 800 TOTOL GUYXEVIPWOTG:
Méyiotn ouyxévipwon xar Méon ouyxévtpwon. To Max Pooling emotpéget tn uéyt-
ot T amd TO TUAUN TNG EXOVAC TOLU XOAUTTETAL omd Tov Tuprva. ATo TNV dAhn
mheupd, To Average Pooling emotpégel Tov u€oo 6po OOV TV TGV antd TO TUAUA
NG EXOVOG TOU XOAUTTETAL amd Tov Tuprvar Lyfuo 12, Yto miaioto tng Simhwpoti-
xf¢ epyaciog yenowonowjoaue To Max Pooling eneidy] amod{det moAd xahltepa and to
Aeparye Tloohvy xan emmiéov, Aettoupyel xan w¢ xotacTaATind YoplfBou, dpo extehel
aroYopuBonoinon pall ye uelworn dlac Tdoswy.

max pooling

20 30

112| 37
12120130, 0
81121 2| 0
34 (70| 37! 4 average pooling
112100 25 | 12 13| 8

79| 20

Yy 12: Ilapdderyua Maz ka1 Average Pooling

IThpec cuvehixTnd eminedo

H npocdxn evog mhfpwe cuvdedeuévou emimédou Lyfua 13 010 veupmwixd dixtuo
elvon évag eUxohog TEOTOG Yiar TO LOVTEAD Vo pddel U Yeouuxo0g ouVOUACUOUS TKV
meplmhoxwy yopuxtnelotixwy. Ilow Tpogodoticete Tor dedopéva 6To0 TANPWS GUVDE-
Oepévo oTpmUd, TEETEL Vo looTedwioly o didvuoua oTthing. H conedwuévn é€odog
TPOWODOTELTOL OT1 CUVEYELXL OE EVOL VELPWVIXO BIXTUO TPOYODdOOIAC P0G Ta EUTEOC
xou epapuoletan avtiotpogn duddoon ot xdie emavdAndn g exmaidevong. Metd amd
Lo OELRE EMOY Y, TO UOVTENO UTmopel vor Btaxpivel HeTadd xuplapywy xou Yaunhol emi-
TEDOU YUPUXTNPIO TIXG OE ELXOVES TROXEWEVOL Vo Tol TUEIVOUYOEL YRNOHIOTIOLWYTOS TNV
TEY VXY ToVOUNONG LoQTUOL.

Apyrtextovin) LSTM

To LSTM amnotehelton and Tpla pépn, OmmG Qaiveton 0Ty ToQoxdte €OV X0l
x&e e€dptnuo extehel plar uepovwuévn Aertoupylo. Autd ta tplo pépn pag xupéing
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Previous Fully-connected
layer layer

ExAra 13: IArjpeg enimedo

LSTM eivon yvwotd we mokec. To npwto pépoc ovoudleton noAn Forget, to dedtepo
uépog elvar Yot w¢ TUAN €l0600L xou To TEAeuTalo elvon 1 TOAY €€6dou My rua 14.
AxpBie omwe éva amid RNN, éva LSTM éyer eniong pa xpugt| xatdotacn émou to
H(t-1) avumpoowneder Tnv xpu@r xatdoToon TN TeonyoUHevnS Yeovixic ofuaveng
xou to H(t) etvon 1 XPUPT) XATACTAOT) TNG TEEYOUCAS YPoVixhc ogpayidag. Extdc and
owtd to LSTM éyer enione wa xatdotoon xehol tou aviinpoownedeto and C(t-1)
xou C(t) yioe TV TRONYOUUEVN Xou TNV TEEYOUCH YEOVIXH ORUoveT avTioToLy oL

Input Gate
Forget Gate Output Gate

1 2 3

Forget irrelevant Pass updated
information LST™M information

add/update new
information

ExAua 14: Apyitextovikn

YuvehxTixnd dixTua YedPwy

Ye avtideon pe o CNN, mou yenouuomololy dedopéva 6ToV EUXAEDELD (PO, T
Graph Convolutional Networks ymopoOv enilone va Acttoupyricouy Ue Bedouéva Tou
UTOPOLY Vo douNnYoLY u6Vo GE EVay 1) EUXAEIDELD Y(MPO XL UTIOPOUY VoL AVATHENC To-
Yolv wévo ue ypaphuoata. Mepid napadetypato un euxAeldewwy doumy elvon YeEVETIXd
OEDOUEVA, DEBOUEVI XOWVWVIXGY OLXTUGY 1| Bedouéva Brohoyinmy dixtumy. H xdplo du-
oxohla yior TN unyavixr udinon oe ypoagphuota eivon va Boet Evay TeOTO EVOWUSTWONG
07O JOVTEAOD, TIC TANROQOPIEC TOU YEAUPNUAUTOC.

‘Eva ypdonua G avanapiototon wg G = (V,E), émou V elvor 10 olvoho twv xopu-
v xau E 1o 6ivoho twv oxudv tou ypogpruatoc. |V | =nxou |E| = m eivor o apripdc
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TWY XOPUPWY X 0 aELIUOS TwV axpey avtiototya. Kdie v; € V' avtinpoowrelet pa
x0pUPN TOL YpapRuaTog xou xdle €;j = (v;,v;) € E avtinpoonnevel yua dxpn and tny
x0puUPT| v; 0TV xopuen v;. O mivaxag yerrviaong etvor évag NxN mivaxag A ye A;5 =1
gdve;j € Exu Ajj=0¢edvej ¢ E. To Yedpnua unopel eniong var TEQIEYEL YoEaXTY-
ploTd xopuYrc Z, 6tou 10 X € R™ eivar o ivoxac YOEUXTNPLO TIXDY TGV XORUPOV.
YNy meplnTwor| Hog auTég 0 TVUXAS YoRUXTNEIC TIXMY Elval 0 Tivaxag GUGYETIONG.

Yuvehxtixd eninedo ypdpou

Ye euxheldeloug Topelc, 1 ouvENEN opiletar AdUBAvVOVTOC TO YWOUEVO UETAUPEO-
OUEVRY cuvapThoEwY. AAG omwe avagépaue, T GON yenowonotoly urn euxeldeteg
dopég dedouévewy. H ouvéhin ot ypagpruata opileton €6 TOU UETACY NUATIOUOY Y-
¢ruotog Fourier. O yetaoynuatiopée Fourier ypagruatog, ye tn ocipd tou, oplleton
0S¢ 1 Teofolt) 6T WoTég Tou Aamiactavol. Autol elvor oL «TpoToL B6VNOTNG» TOU
yeapruatog. ‘Oco yuo ta ntopadoctoxd CNN, éva GCON anoteAelton and mohAd cuve-
XTI Xow OUAOLXE O TEMUATOL Yio ES0YWYT) YOQUXTNEIC TIXWY, axoloudolueva and Ta
TEMXS TAPWS GUVOEDEUEVOL O TEMUAT.

J L
. .\‘\éf\,\ '(\/ \ . )
5 K| XK || '
4 (/ T // .
L]

| T | .

) ) ) | N« N

CONV |POOL b |CONV ) POOL |GLOBPO? |DENSE
] 1

ExAuna 15: Yuvediktikd eninedo ypdpou

Meédodoc fMRI xaw cOvoOAo BedoUEVELY

H herroupyw| paywvnuxy| topoypogpion (fMRI) aviyveder odhoyée otn pot| tou -
fuatog otov eyxégaro. Aev elvon doutxd xou 1) SLapoed amd TIC TEYVIXES Yoy VNTIXAC
Touoypaplac elvon 6Tl €yel xan ypovixt| Topdueteo. ‘OTtov Uio TEpLoy T TOU EYXEPIAOU
EVEQYOTOLEITOL, XUTAVIADVEL TEPLOTOTERO 0EUYOVO, ETOUEVKC 1) POT) TOU AiaToC OE ou-
v Ty Teptoy Y| aw&dvetar. To fmri amewoviet autég Tic ahhoryég ahhdlovTog To Yewua
TV voxel oTnv meploy Y| Tou evepyoToLeiToL, OTWE PUTOPOVUUE Vo BoVUUE oTo Xy rua 16

X0voho dedouévwy COBRE
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Yy 16: Ilepioyég evepyoroinons ato fMRI

To Center for Biomedical Research Excellence (COBRE) cuvetogéper oxatépyor-
oo Aettovpyixd 6edouéva MR and 72 aoleveic pe Lylogpéveia o 75 uyielc udp-
Tupee (nhixieg amd 18 éwc 65 oe xdde oudda). ‘Oho tor unoxeipeva eEeTdo TNy Xou
amoxAelo TN EQV Elyay. 1GTOPIXG VEUROAOYIXNG DLTURAy G, LOTOPIXO VONTIXAS o
YUo TERNONC, LoTOPXO GOBUEOV TEUUUATOS GTO XEPAAL UE ATWAELN GUVEIBNONG Ve TV
5 AETTOV, L0TOPO XAUTAYENONG OUCIWY 1 €€dpTNoNG Toug Teheutatoug 12 prvec. Ot
DLy VWO TIXES TANROQOpleC GUAREYINXAY YENOWOTOLWVTAS TN DOUNUEVY XALXY| Cu-
vévteu€n nou yenowonojinxe yio g Swatapoyéc DSM (SCID).

Xenotponooope o poenegepyaouévn éxdoar Tou GLVOAOL dedopévwy [27]. Kdie
olvoho dedouévwy TMRI Sopdcrdnxe yio T Brapopd ueTal TwV TOUWY 6To YEOVO o-
TOXTNONG XAl Ol TORAUETEOL LG XIVNONG GXOUTTOU GOUATOS eXTUAUNMAY Yiar xdie
yeovxo mhaloto. H xivnon tou dxauntou cwuatog unoloylotnxe 1600 €vtog 660 %ot
HETOEY TV BLABEOUMY, YENOWOTOIWVTIS WS OTOYO0 TOV OLYUECO OYXO TNE TEWTNS Olo-
dpouric. Av xou Tor dedouéva efvan TEOETEEERYAOUEVA, ATOUTOUVTAL 0XOUT) TOMAS BrpoTa
yioo va ebvon o 0eBopEVaL 08 XUTAAANAY Lop@n Yl EloaywYT| ota povteha pog. [lpwmTta
am ‘Ohat, TG aVaPERINNUE TEONYOUUEVKS, 1) XIVNOT| TOU AXUUTTOU COUUTOS EXTHRIT-
%€ 0T TN odpwon Tou atéuou. Ot xvroelc Tou Yéuatog umopel va ennpedcouy TNy
guxplvelo Tou GhpaToc Aoyw TNe dnuovpyiac YopiBou. O Vépufoc eivan Tuyala, ove-
miOunTN Tapodhory) ) Stoaduaver mou TapeUfoivel 6To o, xohoTOVTUS BUGKOAN
™V oy WYT| ONUAVTIXGY TANEOPOEIOY EXTOS €AV agonpedoly. Extoc and Tig xvhAoelg
ToU VEpaTog, UTdEY oLV XoL dALOL TaEdYOVTES O BTUtoLEYOUY Y6pLBO GTO GHUA, OTKS
o@dhuorta Tou oyeTi{ovTon UE TO TEPOAL, Yo TOURAOELY UL EVOL GYAAUA UMXOU GTY) GApw-
on. ‘Olot autol ot avemdbunToL TapdyovTee Tou cuudiiouy ot dnuoveyia YoplBou,
EXTWOVTOL X0 XUTH TNV TEOETEEERYUGIA TV OEBOUEVLY Xou amodnxedovTo e &wTe-
owd apyelar yioo yetaryevéotepn agaipeor. Ovopdlovtar olyyuon xau eivon apyeio .tsv
wolt pe to apyelo IMRI oto cOvoho Bedopévemy.

Kotd ouvénew, ta apyeto NifTi nou nepiéyouy tig capwoeig @MPT yia xdde Veua
TEENEL Vo UeTaTpomoOy ot Tiivaxeg cuoyEtiong mou Yo Tpopodotnioly oTa UOVTEA.
"Evog nivaxag ouoyétiong etvon €vag mivaxag mou eupavilel Toug GUVTEAECTEC GUOYETI-
one v dpopetixéc wetaBantéc. O mivaxog amewovilel 0 cuoyétion petallh OAWY
v Tavey (euydy TOV ot évay Tivoxa. Eivor éva ioyupd epyaeio yio T odvodn
EVOC UEYAAOU GUVOAOU BEDOUEVWY X0 TOV EVIOTUOUO XU TNV OTTLXOToNoN HoTiBwy ota
0edouéva. LT cuVEYELDL, TapouctdlovTon To Ut TEOETEEERYAOLAS Yial TN UETUTRPOTN
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v apyetwv NifTi oe nivaxeg cuoyétiong.

1. Mstl mdavoroyixdg dthavTag: Ilepiéyel éva tpoxadoplouévo chvoro ou-
VIETAYMEVWY, €TOL WOTE VO ATOUOVVOVTUL CUYXEXPWEVEC TEQLOYES TOU EYXE-
@pdrou mou ovoudlovton Ileproyéc Evdiagépovtog (ROI). Ot neproyéc EVOLUPERO-
VTOC Elvol Lo OUdda YELTOVIXGY 0EEAC, TOL OTIOlA EVERYOTOLOUVTOL UE TOEOUOLO
TpomO (éx0uv UPNAT GUOYETION), ETOPEVKC UTOROUY VoL EEETACTOUY G OAOXAT-

o1 TEpLOY ).

2. Masker: To Mauoxep yenotonoleltal Yior TNV EQUEUOYT TOU TAXVTU TOU OVaL-
xthUnxe oto Brjua 1 ota dedopéva exdvoC.

3. E€aywyn ypovooeipwv: Autd elvon €va onuovtind Bride. Xe auto 1o Briua,
o apyetar confound yenowonotodvTar Yot TNy e€ay YT GLYYUGEWY Amd TO G
Arnuoupyeiton éva Aettoupyixd cUVOECUO, To ontolo elvan €vo GUVOLO GUVBECEWY
IOV OVTITPOGWTEVOLY TIC cucyeTioelc petadd twv ROL

4. ITivaxeg aAAnhocuvoyétiong: O nivaxec cuoyétiong unoloyilovta yen-
OLLOTIOLOVTAC TIC YPOVOOELRES amd To Brua 3. [ot var tovio tel 1) onuacio tne e€o-
YWYHS oLYYLUoEWY, cuyxpivovTon BUo ewdves. 'Evac mou anewovilel tov mivoxa
CUOYETIONG TIOU TPOERYETAL UTO TNV OXATEPYUC T ¥POVOCELRd Xy Auar 17 xan €vag
Tou amexovilel Tov mivaxa cuoyETiong ywelc Tov YopuBo mou Tpoxakelton amd
TIC oLYYVoEC XadKS aatpolvToL and To GHud 0To Brua 3XyHuc 18.

08
06
04
02
00
-0.2
-0.4
-06
-08

Yy 17: Ilivakag ovoy€tiong ané akatépyaotes Y povooeipég

ITewpdpota
pcytor am "6ha, tar metpdpota Bactlovton o mowaio TagVoUnT®Y ToU YeNoHIOTOL0-
Ovton yioe Ty Tavounon xan ) Badd pdidnon eniong. Sl ex toltou, Yo oulnTricouue
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Yy 18: Iivaxag ovoyétions petd tny apaipeon twy ovyyloewy and s yYpovo-
O€IPES

N Olopopd UETAEY TOU BLUPORETIXOY UOVTELOU TOU YENOLWOTOLETOL YL THY TAEVOUTN-
on e oylogeévetag, TV axpiBela Tou umopel Vo TpocpEpEL TO Xardéva amd aUT ot
T6G0 xUTIAANAO elvon xdUe LOVTENO Yol ToL BEBOUEVA TTOU YENOWOTOLOUVTOL OTT| Olo-
3. Kdle meipopo diedyetan Tpelg @opég xon 1 Tehixr oxpifeia mou mopouotdleTon
elvon 1 u€om Twn NG axplBelog TV TELOY TELRAUATOV.

MeTprioeic axp{Belog xou ammAetog

Axohouvdel o enidelln e cuunepLPopds axE{BELC XaTd T1) SLIPXELN TKV ETOYWY.
ot To oxond autéd e&hydInoay aroteréopata amd o povtéro tou "NN. H cuunepipopd
NG axpifelag xou TN am@ALlag elvan ToEOPOL Yo Gho ToL HOVTEAN TTOU OTuLouEY UMY
07O AVTIXEIPEVO TNG DIMAWUOTIXAS Epyaciag.
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= accuracy

val_accuracy

0.0 T T T T T T
0 20 40 60 80 100
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Yy 19: H akpiBea tng eknaibevongs kai tng emxlpwons aAddlel katd tn didpkewa
twy enoydy (100)
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Y10 Yyfua 20 mopoatneeiton xatd Tic emoyég OTL 1 oxplBetar exnaidevong auldve-
Ton oo xou 1 axpifelo emxdpwone. To oet exmaldeuone yenotwonoleltar yior TV
eEXTUOEUCT) TOU HOVTEAOU EVEK TO GOVORO ETXVPWONG YENOWOTOLETOL UOVO Yo TNV a-
CloAdynon g anbdoong Tou wovtérou. H oxpiBeia emixdpmong mou unohoyiletar 6To
c0Ovolo Bedopévmv Sev yenotwonoleltal yio exmaldeuct), ohld yenotponoteitar (xotd
™) Odipxeta e exmoudeutixrc dtadixactag) yior TNV emxpwon (¥ «Boxyury) g txo-
votntog yevixeuong tou povtéhou. H adénon tne axpelfetag emndpwong €deile otL T0
HovTéro padalvel YETd To TENOC OPIOUEVKY ETOYWY OTL EEAYEL YVOOT and TO VOl
exmoldEVOTC.

Mot dAAN pétenon mou adilel va eCetao Tel eivon 1) CUVEETNOT ATWAELDY EXTAUBEVCTNC
xou empwong. H ocuvdptnon anwledv exnaldevorng etvan yio uétpnon mou yenoyo-
mote{ton yioo TNV a€loAdynon Tou TeoéTou Ue Tov omolo éva povtélo Bothde pdinong
Touptdler ota dedopéva exnaidevonsc.  Aniady|, eXTUE TO GQAAUAL TOU UOVIENOL GTO
OET exTaldEVoNC. A6 TNV GAAN TAEURd, 1) amwAeld emxdpwong efval Uio uétenon mou
yenotornoteiton Yo Ty a&loAdynoT TG anodoong evog povtéhou Pothdc udidnone oto
oLvolo emlpworng. H cuvdptnomn anmhetag emxdpnmong eival TopduoLo e TNV OmOAEL
exntofdevong xou uoloyiletar amd 10 GUEOLGUN TWY CQUAIATODY Yior xddE TapddeLyUa
070 60OVOhO eTX0P®ONG. AxOhOLIEL Uil ATEOVIOT) TNG CUUTERLPOQRAC UTMAELIS EXTO-
{Bevone xou emxdpmone xatd Tn dtdpxela Twv enoywy (Lyfua 5.2).
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06 S

Loss

0.4

0.2
= loss

val_loss

0.0 T T T T T T
0 20 40 60 B0 100

Epoch
Yxquwa 20: H ouvvdptnon andleaasg tng eknaidevons kai tng emklpwons aAddle
katd tn ddpkela twr emoydr (100)

[Toauvroroxdtnto CNN opyitextovinc

Yuveytlovtac e 1o woviého tou CNN, évag dAlog mopdyovtag mou GUUPBAAREL
OTNV AmOd0GT TOU HOoVTEAOU ebfvar 1) TohuTAOXOTNT Tou. 'Eva Luvehixtind Nevpwvind
Aixtuo amoteheiton ouvidwe and Tela Bacixd emineda, éva cUVEAXTXG eTitedo, éva
OTRPOUN CUYXEVTEWONG X0k VAL TAHPKS CGUVOEDEUEVO ETinedo. ()¢ amoTéAeoya, UTdQYEL
ua TAndopo SlapopeTinwy apyttextovixwy €va CNN mou unopel vo xataoxevoc te-
{ yenowonowwvtoag autd To enineda.  Eva eopetind mepinhoxo poviého umopel va
0B8N YHOEL OE UTERTEOGUPUOY Y| XM OTOUVILOVEVEL YO YOopd Tl LOT{Ba GEBOUEVLY EX-
Taldeuong, EVe Eval TOAD amhd umopel vo el 1o avtiveto anotéheoua xodoe unopet
var v ovary voptlet onuovtxd potifo ota 6edouéva.
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Y10 Yy fua 21 umopolUE VoL TOEATNEHCOUNE OTL 1) BEATIO TN aQYLTEXTOVIXT] VLol TOL OE-
dopéva pag etvor to CNN pe 3 ouvehixtind enineda. Etvor xahbtepo o Bacind poviéro
(mou EYEL HOVO 2 CUVEAXTIXS enineda) ol QUEACAUUE TNV TOAUTAOXOTNTA XA, OTWS
avapépinxe mponyoupéves, Pedtinoe Ty axpifela xodde To yovtého Ytav oe Véon va
eZdyeL TEPLOOOTEROL YUPUXTNELOTIXG XL VO ATTOXTACEL TEQIOOOTEREC TANPOPORIES Ao
Tot BedopEVaL ToU Tpo@odoTHUNNXAY GE auTO. AV xar UTdpyEL €val L0 0TV TOAUTAO-
©x6TNTAL ToU YovTélou xan eCopTdtan o€ Yeydho Bodud amd To GUVOAO BEBOPEVLY TOU
Yenouomoleiton, xou xuplne and To Péyedog tou. Xe authy TNV tepintwon, o apriude
TV OELYUATOV DEDOUEVLV EIVAL UiXPOG, ETOUEVKS, avTi Vo EAYEL TEQLOCOTEQR YUPUXTT-
eloTixd, To Yovtého apyilel va unepmpocopuéleton. Av xar 1 oxplBeta elvan xahdTEEN
OTO OET EXTAUBEUONC, OTO OET BOXIWMOY YivETal QTwYY OTwe @alvetar Eexddopo 6To
Yy 21.

4 Convolutional layers

3 Convolutional layers 716667

2 Convolutional layers 0.699917

Baseline 633333

T T

0.0 0.2 0.4 0.6 0.8 10

Yy 21: AxpiBea ya 3 tinovs apyrrextovikeyy CNN

2UVEETNOT ATWAELNG

‘Evo dhho melpopa mou mporyatomotooue oYETIXd Ye Tor wovtéda NN efvon oye-
TiXd Ye TN ouvdpTnor anwhetag. H anddoor twv DIIQOPETIXGY aQYITEXTOVIXGMY TOU
onuoupYdnxay eEAéyyetal o€ 500 BLUPOPETINES GUVAPTACELS ATMAELNS. Aedouévou 6Tt
T0 TEOPBANUS pog eivon évar TEOBANU BUABIXAC TAEVOUNONG, OEV UTOPOUUE VoL EYOUNE
TOAAEC GuvopTHoelc anwAclog. EmAéloue ta 2 mo Bactxd yio Tor TELSUATO TROXEWEVOL
VoL ATOPAGIGOUUE TTOLo Elval T XUAUTERO Yiol TO MovTERO Woc. ‘Onwe aneixoviletar oTo
Lo 22, 1 amoAEL dUadIXC BLUC TAUROVUEYNS EVTEOTILAS Elvan uTY) TTOU BIVEL XOAUTE-
en ambdoon oTig TeplocoTeERE apyLtexTovixeg Tou NN. T va efpacte o axpiBeic
v T Baditepeg apyttextovinés, xadog oto Bacixd PHoviEho 1) anmAla dpUpwong
oivel ehappide LPNAoTEEN ambdoon. Xto Ly rua 23 eivor capéc 6Tl avegdpTnTa amd TN
CLUVAPTNOT) ATMWAELNS, 1) UEYLTEXTOVIXY| TWV 3 CUVEMXTIXGY ETUTEDWY Oivel To BEATIOTAL
ATOTEAEOHUATO YOl TOL DEQOUEVOL UOG.

20Y%pLoN HOVTEAWY

Ye auTAY TNV eVOTNTA TELROPAT®Y, Yo cUYXEIVOUUE TNV axpiBelo SLPORETIXGY UO-
VTEAOVY xot ToEVOUNTGY Tou dnutoueyinxay mpoxeévou va Boolue Tov xatoAnhoTe-
eo Yoo TV Tadvounon tng oytlogeEvelag Yot To 6UVolo Bedopévev uag. Optouévol
Baotxol Tagvountég Boxpdo Txay, xS xon LOVTERX X0l TAEVOUNTES TOU Y ENOLO-
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10
W Binary cross entropy loss
B Hinge loss
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]
g
< 04
0.2 A1
00 -
Baseline 2 Conv 3 Conv 4 Conv
Loss function

ExApa 22: Yuvdptnon ardlreas ya kdle apyitektovikny CNN
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BN Baseline
s 2 Convolutional layers
08 3 Convolutional layers
mmm 4 Convolutional layers
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Eyue 23: AxpiBea apytextovikng CNN ya kd0s ovvdptnon anwieag
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moolvTon cuvidwe oty PiBhoypapla, 6mwg SVM xaw LSTM. To dhkn pa gopd, 7
axpBeta mou amewovileton Yoo xdde povtélo ebvar o péoog 6poc Twv axpifelwy Tou
umohoyioTnxay oc Telo dladoyd metpduaTa yior xdle LovTého.

‘Onwe umopolue vo 50VUE, BEV UTdEYOLY axpaleC Blapopéc oTNY uxplBela Twv yo-
viédov pac. Patveton 6tL 10 SVM ebvar 10 XataAANAOTEQO it Tol DEDOPEVAL UAC TTOU
emPBefouvouy TNy UPNAT| Tapousia auThg TNg ued6d0oL ToL Yenotuonoteiton ot BiSAlo-
Yeapia yia tpoAruata tagwvounons @MPIL. To povtého CNN anodidet eniong mohd
xohd xordg xon oL BeAtiotonoinuévol tadivountéc xNN xat Aoylo T Takvdpounone.
To uPedwd poviého CNN-LSTM anédwoe emlong ixavomomnTind xohd, ov xon elvor
hoywd 1o "NN va €yel xohltepn anddoon xowe 1o LSTM yenotuonoteiton cuvidwe
Yoo Ty enedepyacio xow TNV Teaypatonolinot TeoBAéPewy Bedouévey oxoloudiy Oe-
Souévov (6mwe ypovooelpéc), eved 1o CNN é€yel oyedlootel yior var exgeTolheveTan )
Y WEWH) CUCYETION BEBOUEVY, ETOUEVC AELTOURYEL XOAS OE DEDOUEVAL LATELXWY ELXOVMY.

Av xou, 1 axp{Beta ebvon prar xohry pétenor, dev apxel. Trdpyouy xou SAAeS UETEHOELS
mou ebvan xploweg yia Ty alloAdynon tou povtédou. ‘Eva and autd eivon 1 yétenon
avdxAnone, Onhadr pLo UETENOT TOU TOCOTIXOTOLEL TOV aELiUd TOV CLOTOY VETUOY
TeoPAEPewy Tou Eyvay amd dAeg Tic VeTiég mpofBhédeic mou Va urmopoloay vo elyay
yiver. Yy meplntoon pog, allohoyel té6oa and ta YeTind dtopa (evvoel toug aodeveic
ue oylopeévela) todvopninxay owotd. ‘Onwe gaivetar otoug olyopriuous Lyfua 25
kNN »ou cnn-Istm, av xan ye udmiéc axpBeteg, 6ev €youv 600 LPNAY anddoon 61N
uEtenon avéhnong. To dhha tplor LoVTENX atd TNV GAAT ToL TEVE XUAS UE TN UETENOT)
avépnong poali pe v axpifewa , ue to CNN (ue 3 Convolutional layers) vo éyet Ty
vmAdTeEEn avdxhnoT.

kNN 0712121

logistic-regression 0.718911
SVM 0.7239

an-Istm 0.655556

cnn_3 Convolutional layers 716667

T T

0.0 0.2 0.4 0.6 08 10

ExAua 24: AxpiBea ya dwgopetikd puovtéda

MeAlovTixy] epyacio

Yta mhaioto Tng Simhwpatinfc epyaciog dnuoupyinxe xou Eva LuveAx T dixTuo
YEAPOU Y10l VO UTOREGOUUE VO EVOWUATWOOUUE GTNY YVOOT UUS XL POUVOTUTIXS. DEBO-
HEVAL.

LuvEAXTIXG BixTud YEAPLY

H apyrtextoviny| Tou povtélou pog anexoviCeton oto Lyrua 26. To yoviéro o-
moteAeltan amd €va Thfjpng cuveAtxd I'N pe A xpugd enineda mou evepyomoloUvToL
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kNN

logistic_regression

SVM

n-Istm

Cl"ll'l_3 Convolutional layers

0.0 0.2 0.4 0.6 0.8 10

Yxnue 25: Metpikn recall ya dwapopetind povtéda

yenowornowvtog tn Aettoupyla Pectipied Aweop Twit (PeAY). To eninedo €£660u
oxohoudeltan amd uio Aettoupyla evepyomoinong cogtual. To yedgnua exmoudedeTon
YENOWOTOLOVTAC OAOXANEO TO Yed@nua Tou TAnducuol we elcodo. Emmiéov, yenot-
HOTOLOVUE Lo GUVEOTNOT AMWAELNS BLUO TOWEOVUEVNS EVTpOTOC Yo TN Btaduxacta Bei-
Tiotonoinong. Metd v exnaideuon tou povtélou [N, ol evepyomolfoeic copTuad
umoloyiCovial 6To BOXYACTIXO GUVOAO Xal GTOUS XOUPOUC Yweic ETéTa amodidovTo
Ol ETIXETEC UEYLIOTOTOLOVTAS TNV €£000 GOPTUAL.

Input: Population graph Output layer Softmax

&
\\5 Entrcar:; ’I._o 55
&

W

f L hidden layers

ﬁ f Graph Graph é)
W SN »|c luti > o —> rapl —
X\ > g on\rc:‘ uion Convolution B

RelU 3

One feature per label

ExApa 26: Yuvehiktikd diktva ypdpwy



Chapter 1

Introduction

1.1 Schizophrenia and diagnosis

Schizophrenia (SZ) is a serious psychiatric disorder that affects a person’s feelings,
social behavior and perception of reality. Although the biological causes are not yet
established, genetic and environmental factors, such as prenatal stress, traumatic
experiences or extensive drug use, can be crucial components for the development
of this disorder. Animal models show that developmental hippocampal lesions are
causing dis-connectivity of the prefrontal cortex. Schizophrenia affects approxi-
mately 24 million people or 1 in 300 people (0.32%) worldwide. This rate is 1 in 222
people (0.45%) among adults. It is not as common as many other mental disorders.
It is possible for individuals with schizophrenia to live a normal life, but only with
good treatment. There’s no sure way to prevent schizophrenia, but sticking with the
treatment plan can help prevent relapses or worsening of symptoms. In addition,
researchers hope that learning more about risk factors for schizophrenia may lead
to earlier diagnosis and treatment. So far, diagnosis of schizophrenia is possible
through psychiatric observation based on behavioural criteria. Although, the fact
that there are indications that schizophrenia is strongly related to the way the brain
regions are connected with each other, has led scientist’s attention to other methods
of diagnosis like fMRI methods. Machine learning techniques can contribute to this
effort as it is a useful tool that can gain insight from the fMRI data.

1.2 Objectives

The target of this diploma thesis is to build a model to be able to predict the
probability that a potential patient is suffering from schizophrenia based on fMRI
(Functional magnetic resonance imaging) data. It is an alternative approach for
the diagnosis of this diseas in a physiological level, without using psychiatric or
phycological information for the potential patients. Over the years AI has been
used to detect mental illnesses via different means. The most common techniques for
schizophrenia detection using Al include PET scans, EEG, techniques that involve

38



1.3. THESIS OUTLINE 39

gene and protein classification [1] and magnetic resonance imaging (MRI) . MRI is a
medical imaging technique used in radiology to depict the anatomy and physiological
processes of the body. For the purpose of the diploma thesis an open source dataset
has been used that was obtained from OpenNeuro [2]. In order for the dataset to
be created, scanned images of the brain were taken from both patients diagnosed
with SZ and healthy controls. The subject of this diploma thesis is an interesting
yet challenging subject as it delves and explores multiple scientific fields: medical
studies about mental disorders, brain imaging data and analysis of the data and
of course neural networks and machine learning algorithms. This diploma thesis
aims to use the previous methods of classification and and propose a novel one,
using not only the fMRI data from the brain but also additional information such
as demographic characteristics.

1.3 Thesis Outline

The current diploma thesis is organised as follows. In Chapter §1, a brief introduc-
tion to the problem is provided, some fundamental definitions and the goals of this
thesis. In Chapter §2 a theoretical background is given regarding the Artificial Intel-
ligence field and the Neural Networks used in the scope of the current diploma thesis.
All the models and classifiers that was used are analyzed and explained thoroughly.
In Chapter §3 we explain the reason that fMRI are useful for schizophrenia diagnosis
and additionally we give a brief explanation of what is the fMRI method how it is
used. The dataset used to conduct all the experiments is described in Chapter §4
along with the preprocessing procedure followed to transform the data to correlation
matrices. Finally, in Chapter §5 the experiments conducted to evaluate the model’s
performance are presented.



Chapter 2

Theoretical background

2.1 Machine Learning and Neural Networks

Machine Learning (ML) is the technology of developing computer algorithms that
are able to emulate human intelligence. These algorithms are built as to be able to
improve automatically through experience and by the use of data, known as training
data. Machine learning algorithms can be classified into separate classes according
to the nature of the data, the learning process, and the model type[3]. ML is seen as
a part of Artificial Intelligence and it is used to make predictions or decisions based
on the learning experience the model gained through training. To this day ML tech-
nology has been applied to such diverse fields as pattern recognition [4] , computer
vision [5], spacecraft engineering [6], finance [7], entertainment [8],[9], ecology [10],
computational biology [11],[12], and biomedical and medical applications [13],[14].

2.2 Machine Learning Methods

There are three types of machine learning: supervised learning, unsupervised learn-
ing, and reinforcement learning. Although in this diploma thesis, supervised learning
is used for the multi-classification, a brief introduction of both methods follows for
clearer understanding.

Supervised learning

The defining characteristic of supervised learning is the availability of annotated
data. To be more precise, supervised learning entails learning a mapping between
a set of input variables and an output variable, called label and after that this
mapping is applied to predict the values for the unseen data[l5]. Having the data
labeled, hence knowing the correct output for each input the model will be trained
over time, measuring the accuracy through a loss function adjusting until the error
has been sufficiently minimized.

There are two types of supervised learning techniques in machine learning: re-
gression and classification.

40
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e Regression is used for prediction of a continuous variable based on the rela-
tionship between the input variables and output variable learned during the
training. For example, regression can be useful for house price prediction, with
the price of the house as output and inputs could be variables such as locality,
size of house etc.

e (lassification is used when the output variable is categorical. Thus, it is useful
for grouping the output inside a class. If the algorithm tries to label input into
two distinct classes, it is called binary classification. Selecting between more
than two classes is referred to as multi-class classification, which is the case in
this diploma thesis.

Unsupervised learning

On the contrary of the aforementioned method, there are cases in which labeled
data are not possible to be obtained or very strenuous to create. To solve these type
of cases, unsupervised learning techniques are used to find hidden patterns from the
given dataset. This type of learning can be compared with the procedure taking
place in the human brain while learning new things. As there is no corresponding
output data for the input data unsupervised learning cannot be directly applied to
regression or classification problems. The goal of unsupervised learning is to find
the underlying structure of dataset, group that data according to similarities, and
represent that dataset in a compressed format. The unsupervised algorithm can be
further categorized into clustering and association problems|[16].

e (lustering is a method that attempts to group the objects based on the sim-
ilarity between them, such that objects with most similarities remain into a
group and have less or no similarities with objects in another group.

e Association is used to detect the relationships between variables in a large
database. It is commonly used for marketing strategies, such as people who
buy X item are more likely to buy item Y.

Reinforcement learning

Reinforcement learning is a sub-field of machine learning that deals with the
problem of training an agent to maximize a reward signal while acting in an envi-
ronment. This method is based on rewarding desired behaviors and/or punishing
undesired ones, hence a reinforcement learning agent is able to learn through trial
and error. The main goal of reinforcement learning is to define the best sequence of
decisions the agent has to follow to solve a problem while maximizing a long-term
reward. This is why it is primarily applied for motion planning, dynamic pathing,
controller optimization, scenario-based learning policies for highways etc. A char-
acteristic example of the adequacy of the method is its use for parking that can be
achieved by learning automatic parking policies.
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2.3 Feature engineering

Feature engineering is the process of manipulating the raw data into meaningful
information, thus features that can be used in both supervised learning and unsu-
pervised learning. To begin with, a "feature” is any measurable input that can be
used in a predictive model. Feature Engineering encapsulates various data engineer-
ing techniques such as selecting relevant features, handling missing data, encoding
the data, and normalizing it. It is one of the most important tasks and plays a
crucial role in determining the outcome of the model.

There is an abundance of benefits of feature engineering, for instance there is
greater flexibility of the features and as a result it becomes easier for algorithms to
detect patterns in the processed data rather that the raw data. The most important
benefit is that an effective feature engineering implies higher efficiency of the model,
thus better accuracy and better results.

In this diploma thesis, a few feature engineering techniques have been used as
the dataset is pre-processed and the data is not completely raw.

Preprocessed dataset

In the COBRE dataset [2] there is a file called the confounds file. Confounds are
created during the brain scan and can alter the scan’s representation accuracy. The
broad purpose of resting-state FMRI is to use the common variance of the FMRI
blood oxygenation level dependent (BOLD) signals in different regions of the brain
as an indicator of synchronous neural activity. However, in resting-state FMRI, func-
tional connectivity is determined by measuring the temporal similarity of the BOLD
time series in voxels using some metric, commonly the correlation coefficient[17]. For
example, in the original Biswal paper [18], the correlation coefficient between the
BOLD time series of a voxel in the motor cortex and every other voxel in the brain
was calculated. Correlation coefficient reflects how similar the measurements of two
or more variables are across a dataset. Voxels whose correlation coefficient passed
a statistical threshold were considered to be functionally connected, thus revealing
common spontaneous fluctuations between left and right motor cortices. Since the
two time series are measured simultaneously, any non-neural activity-related process
that affects one or both time series will affect the measure of functional connectiv-
ity, thus yielding a spurious result. These resting-state FMRI confounds can not
only increase the apparent functional connectivity by introducing bogus similari-
ties between the time series” but also reduce the connectivity metric if differential
confounds between regions are introduced.

FMRI confounds can arise by many processes in the MRI environment. Apart
from hardware disabilities of the scanner (e.g. spiking), FMRI confounds can arise
from flaws of the participant, such as movement or cardiac and respiratory noised
that cannot be avoided during the experiment. The confounds file contains all the
information regarding the confounds and it is used in the correlation matrix calcula-
tion in order for the confounds bad effects to be taken into consideration. There are
some subjects that are missing the confounds files, therefore those subject’s features
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are removed from the feature vector.In addition, inside the confounds file, there were
NaN values that was replaced with zeros.

ROIs extraction

Voxel-wise based approaches, which are widely used in mental disorders detection
and use voxels as features, have a major problem specifically the dimensionality.
To be more precise, in voxel-wise analysis the number of features is very large
compared to the number of available to the number of available training samples
[19]. To overcome this problem, voxel grouping is performed using regions of interest
(ROIs). ROIs are determined using atlases, such as Harvard-Oxford Atlas, which is
a probabilistic atlas covering 48 cortical and 21 sub-cortical structural areas.

The fMRI data obtained from the scanner represents the whole brain region that
was scanned, thus the whole brain. Therefore, by performing a ROIs analysis using
the Harvard-Oxford Atlas we use the meaningful regions of the brain containing the
useful information that will help the model differentiate the subjects based on their
mental disorders,removing from the feature set those parts of the brain that do not
offer any useful information.

2.4 Machine learning approach

Machine learning is the general term to describe the procedure followed by a com-
puter to learn from data. A machine learning algorithm is a computational process
that uses the input data to perform a task without being explicitly programmed to do
so, instead they recognize patterns in data when it arrives and make predictions.As
mentioned earlier machine learning algorithms can be divided into supervised, un-
supervised and reinforcement learning. The broad categories of classification and
regression algorithms were mentioned before as well. Although in this diploma the-
sis we are dealing with a classification problem, some regression algorithms are also
worth mentioning.

2.4.1 Classification algorithms

For the purpose of the diploma thesis, an abundance of algorithms were explored.
We will thoroughly discuss the classification algorithms used in this diploma the-
sis. In this chapter, a brief introduction and explanation of these algorithms will
be illustrated. The results and comparison of the algorithms performance will be
analyzed in chapter 5.

Linear regression

Linear regression is used to estimate real values based on continuous variables.
For instance, the prediction of a house price, total sales etc. The goal is to find
the best fit line, known as the regression line which is represented be the equation
y = o + P1 * x + € , where € is the error thus the difference between the observed
value y and the straight line ( 5y + 81 * « ) [20]. There are two types of linear
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regression: Simple Linear Regression and Multiple Linear Regression. The former
one is characterized by one independent variable, whereas the latter one by multiple
(more than 1). In the following Figure 2.1 an example of simple linear regression
with one independent variable is illustrated.

26 -10 10 20 30 40 50 60

Figure 2.1: Simple linear regression

For the scope of the diploma thesis classification algorithms will be analyzed
from now on, as the detection of Schizophrenia is a classification problem. There
are two approaches that can be followed in order to classify our subjects into control
subjects and mentally ill subjects. The first approach, that will be discussed in this
section is the use of classification algorithms, whilst the second approach will be
thoroughly discussed in the next section as it regards deep learning approach.

2.4.2 Logistic regression

Despite its name the logistic regression [28] algorithm is used in classification prob-
lems and not in regression problems as the linear regression. Instead of fitting a
straight line or hyperplane, like in the linear regression model, the logistic regres-
sion model used the logistic function to squeeze the output of a linear equation
between 0 and 1. The goal is to model the probability of a random variable Y being
0 or 1 (for binary classification) given experimental data. The logistic function is
defined as Equation 6 and it can be considered as a generalized linear model function
parameterized by 6. The logistic function is a sigmoid function and it is illustrated
in the Figure 2.2

1
o l4e X
The equation used by logistic regression for representation is very similar to
the linear regression’s. Therefore, the input values (x) are combined linearly using
weights or coefficient values to predict an output variable. The difference with the
linear regression model is that the output value is modeled as a binary output (0 or

he(X) = Pr(Y =1|X;0) (6)
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Figure 2.2: Logistic function

1) rather than a numeric value. Thus, the logistic regression equation is defined as

follows, it
e 0 1*T

y= 1 + ePotbixx (7)

,where y is the predicted output, b0 is the bias or intercept term and bl is the
coefficient for the single input value (x). In other words, logistic regression is a
linear model but the output is transorformed using the logistic function.

Maximum-likelihood estimation (MLE) is an algorithm used by the logistic re-
gression algorithm in order for the coefficients (beta values) of the algorithm to be
estimated from the training data. The MLE algorithm searches for coefficient values
that minimize the error in the probabilities predicted by the model those in the data.
This is mainly implemented using efficient numerical optimization algorithms. Such
algorithms can be selected as a parameter in the logistic regression classifier using
the sklearn library, therefore is an extra hyper-parameter tuning in the classification
procedure. There are several optimizers that can be used in the classifier but not
all of them are suitable for a multiclass problem like the current one. As a result,
only the ones used for the experiments are referred.

Before we dive in to the optimizer functions there are some terms that need to
be clarified first.

e The Hessian of a function f(x,y) is a matrix of second order partial derivatives
formed from all pairs of variables in the domain of f. Suppose we have a
function f of n variables f : R® — R. The Hessian of the function f is given
in the following figure Figure 2.3

e A quadratic function is one of the form f(z) = a * 2> +b* x + ¢ , where a,b
and c¢ are numbers with a not equal to zero.

e Linear approximation: Given a function, f(x), we can find its tangent at = = a.
The equation of the tangent line £(z) is: L(x) = f(a) + f'(a) * (x —a). A
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Figure 2.3: Hessian matriz

shown in the Figure 2.4 near z = a the tangent line and the function have
nearly the same graph. On occasion, we will use the tangent line, £(z), as an
approximation to the function, f(x), near x = a. In these cases, we call the
tangent line the ”Linear Approximation” to the function at x = a.

Figure 2.4: A function and its tangent

e (Quadratic approximation:

Same like linear approximation, yet this time we are dealing with a curve
where we cannot find the point near to 0 by using only the tangent line. The
reason we need a point near zero because the slope of the tangent line in the
minimum cost point (global optima) is zero. In this case we use the parabola,
as shown in Figure 2.5. In order to fit a good parabola, both parabola and
quadratic function should have same value, same first derivative, AND the

same second derivative.

e Penalization is used to avoid overfitting by penalizing the algorithm for fitting
a model that fits the training data tightly. L1 regularization penalizes the sum
of absolute values of the weights, whereas L2 regularization penalizes the sum

of squares of the weights.

Newton’s Method




2.4. MACHINE LEARNING APPROACH 47

y=1L(x)
0.5
-4 - op 2 4
-0.5 2 Quadratic Function
Ty=0®

Parabola

Figure 2.5: Parabola

Newton’s method ("newton-cg” in sklearn) is using the quadratic approximation
in order to mimic the loss function, thus the quadratic function that is to be mini-
mized in order to minimize the error. It is like a twisted Gradient Descent with the
Hessian. The disadvantages of the Newton’s method are that it is computationally
expensive due to the computation of the Hessian and that it attracts saddle points,
which are stable points where the function has a local maximum in one direction,
but a local minimum in another direction. Although, Newton’s method is expensive
at each iteration, it has very fast convergence rates.

Limited-memory Broyden—Fletcher—Goldfarb—Shanno Algorithm

Limited-memory Broyden—Fletcher—Goldfarb—Shanno Algorithm (”1bfgs” in sklearn)
is analogue to the Newton’s method, with the difference that the Hessian matrix
is approximated using an estimation to the inverse Hessian matrix. With the term
Limited-memory it is indicated that it stores only a few vectors that represent the
approximation implicitly. The most important disadvantage of this solver is that it
may not coverage to anything.

Stochastic Average Gradient

Stochastic average gradient is a method for optimizing the sum of a finite number
of smooth convex functions. The SAG method’s iteration cost is independent of the
number of terms in the sum [29]. It is faster than other solvers for large datasets,
when both the number of samples and the number of features are large. A drawback
is that it only supports L2 penalization.

SAGA

The SAGA solver is a variant of SAG that also supports the non-smooth penalty
L1 option (i.e. L1 Regularization). This is therefore the solver of choice for sparse
multinomial logistic regression and it’s also suitable for very large dataset.

2.4.3 Support vector machine

Support vector machine (SVM) [21] is a highly used algorithm that is used for both
regression and classification problems. The objective of the support vector machine
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algorithm is to find a hyperplane in a N-dimensional space, where N is the number
of features that can classify the data points. It uses a simple mathematical model
y = w * x/ + 7, and manipulates it to allow linear domain division[22]. SVM can be
divided into linear and non-linear models [23]. Linear support vector machine can
divide the data with a linear line or hyperplane to separate the classes in the original
domain. On the other side, non-linear support vector machine indicates that the
data domain cannot be divided linearly and can be transformed to a space called
the feature space where the data can be divided linearly.

As shown in the Figure 2.6 there are many possible hyperplanes that can be
chosen, in order to separate the two classes of data points. The purpose is to find
the plane that has the maximum margin, thus the maximum, distance between data
points from both classes, as illustrated in the Figure 2.7. The data points with the
minimum distance to the hyperplane are called Support Vectors and influence the
position and the orientation of the hyperplane. If we delete the support vectors the
position of the hyperplane will change. Using these support vectors we maximize
the margin of the classifier, as depicted in Figure 2.8.
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Figure 2.6: Support vector machine possible hyperplanes

The simplest type of SVM as explained before is used for binary classification
problems dividing the data point into two categories 0 or 1. In order to perform
multiclass classification, which is the scope of this diploma thesis, we use the same
principle as in binary classification. To be more precise, the multiclass problem is
broken down into multiple binary classification problems, using a heuristic function.
There are two types of heuristic functions:

o One-vs-Rest:

This method simple splits the multiclass data into binary classification data
so the binary classification algorithms can be applied to the binary classifica-
tion data. In this technique the N-class instances are divided into N binary
classifier models.
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e One-vs-One:

This method is similar to the One-vs-Rest method as it is based on splitting
the multiclass data into binary classification data, but the splitting behaviour
is different. In this technique the N-class instances are divided into w
binary classifier models.

SVM is also called kernelized SVM as it uses the kernel function method to
take data as input and transform it so that a non-linear decision surface is able
to transform to a linear equation in a higher number of dimension spaces. The
transformation is possible if we use the score calculated by calculating the distance
score of two datapoints. This score is higher for closer datapoints and vice versa.
We will discuss the most popular kernel functions that are used in the experiments
and are available in scikit-learn.

Linear Function

Linear function is used when data is linearly separable that is, it can be separated
using as single line. It is referred for the sake of completeness as it cannot be used
for multiclass classification problems. The kernel function is defined as:

k(z,y) =2 %y (8)

Polynomial Function

Polynomial function represents the similarity of the training samples in a feature
space over polynomials of the original variables used in the kernel, allowing learning
of non-linear models. For degree-d polynomials, the polynomial kernel is defined as:

k(z,y) = (aTy x o). (9)
where x and y are vector in the input space, and ¢ > 0 is a free parameter trading
off the influence of higher-order versus lower-order terms in the polynomial.

Gaussian Kernel Radial Basis Function (RBF)

The value of the RBF kernel decreases with distance and ranges between zero
and one it can be portrayed as a similarity measure, thus real-valued function that
quantifies the similarity between two objects. The RBF kernel on two samples x
and y, represented as feature vectors in some input space, is defined as:

k(z,y) = e lz=yl? (10)

Sigmoid Function

Is similar to the sigmoid function in logistic regression. The sigmoid kernel
comes from the neural network field, where the bipolar sigmoid function is often
used as an activation function for artificial neurons, as we will see in the next section
section 2.5. An SVM model using a sigmoid kernel function is equivalent to a two-
layer, perceptron neural network. The definition of the sigmoid kernel function is:
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k(x,y) = tanh(yz'y +r) (11)

2.4.4 k-Nearest Neighbor

The k-nearest neighbor is a non-parametric supervised algorithms used in either
regression or classification problems, which uses proximity to make predictions about
the classification of a data point. It is most used for classification problems, working
with the assumption that similar point can be found near one another. We will
discuss k-NN classification and not regression as it serves the scope of the current
problem. The input consists of the k closest training examples in a data set and
the output is a class membership. The procedure in which a point is classified is
called majority vote of its neighbors. Each object is assigned in the class that is
more common among its k nearest neighbors, where k is a positive integer, typically
a small integer. Therefore, if k=1, then the object is simply assigned to the class of
that single nearest neighbor.

In order to regulate which data points are closest to a given data point, the
distance between these data point must be calculated. There are several distance
metrics that we can choose from with the Euclidean distance being the most common
for continuous variables and Hamming distance for discrete variables.

Euclidean distance

Euclidean distance is limited in real-valued vectors and it measures a straight
line between the query point (data point that needs to be labeled) and the other
points being measured. The euclidean distance is calculated using the following
formula:

(12)

Hamming distance

This technique is most commonly used with Boolean or string vectors and it
measures the minimum number of errors that could transformed one string into the
other. The above can be represented by the following formula: —

k
D =Y | — uil (13)
=1

Another crucial parameter for the k-NN algorithm that needs to be tuned is the
k value. The k value in the k-NN algorithm defines how many neighbors will be
checked before the query point is classified. The choice of k can define whether the
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algorithm will overfit or underfit. Lower values of k can have high variance, but low
bias, whilst larger values of k may have high bias and lower variance. Let’s dive in
a little bit more in theory.

Bias

Bias is the difference between the average prediction of the model and the correct
value that the model is trying to predict. When a model has high bias it means that
it pays little attention to the training data, thus it oversimplifies the model. As a
result it leads to high error on training and test data.

Variance

Variance refers to the changes in the model when using different portions of the
training set. When variance is high it means that the model pays a lot of attention
to training data. As a result, such models perform very well on training data but
has high error in test data.

As a conclusion, to build a good model we need to find a good trade-off between
bias and variance such as to minimize the total error and avoid underfitting or
overfitting Figure 2.9.

High variance High bias Low bias, low variance

overfitting underfitting Good balance

Figure 2.9: Bias-variance trade-off

2.4.5 Loss Function

In simple terms the loss function is the function that computes the difference be-
tween the expected output value and the current output value of the algorithm. In
particular it is a method to evaluate how good the algorithm models the dataset. If
our predictions are very deviant from the actual results the loss function output will
be a large number.If the predictions are pretty good, the loss function will output a
lower number.

There are various loss function used for different kinds of machine learning al-
gorithms. There is not one loss function that fits all problems in machine learning.
Broadly, the two major categories are regression losses and classification losses. We
will further analyze the classification losses that are used in the experiments.
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Hinge Loss/Multi class SVM Loss

Hinge loss is most notably used for support vector machines (SVMs) as it is used
for maximum-margin classification. In particular, the score of the correct category
should be greater that the sum of scores of all incorrect categories by some safety
margin. Let t be the actual output, where t = 41, and y is the classifier score. The
hinge loss of the prediction y is defined as:

l(y) = max(0,1 —txy) (14)

When t and y have the same sign, which means that y predicts the right class
and |y| < 1, the hinge loss 1(y) is 0. If t and y have the same sign but |y| < 1,
which means that the prediction is correct but not by enough margin and if t and
y have opposite signs then 1(y) increases linearly with y.

Cross Entropy Loss

Cross entropy loss is used to measure the performance of a classification problem
with probability values as the output, meaning output values in the range 0 to 1.
The loss increases as the predicted probability diverges from the actual value. Cross-
entropy builds upon the idea of entropy from information theory and calculates
the number of bits required to represent or transmit an average event from one
distribution compared to another distribution. Mathematically, it is the preferred
loss function under the inference framework of maximum likelihood. It is the loss
function to be evaluated first and only changed if you have a good reason.

Cross-entropy will calculate a score that summarizes the average difference be-
tween the actual and predicted probability distributions for predicting class 1. The
score is minimized and a perfect cross-entropy value is 0.

2.5 Deep learning approach

Deep learning extends classical machine learning by adding more "depth”, meaning
more complexity into the model. It can be characterized as a sophisticated and
mathematically complex evolution of machine learning. In addition, data is trans-
formed using various functions that allow data representation in a hierarchical way,
through several levels of abstraction [24],[25]. One of the main advantages of deep
learning is the ability to solve complex problems particularly well and fast, and the
reason for this is that it allows massive parallelization [26]. Deep learning algorithms
begin to become popular for mental disorder classification and multi-class classifica-
tion problems like the one we are discussing in this diploma thesis, as deep learning
can increase classification accuracy providing that there are sufficient large datasets
available describing the problem.

Deep learning consists of an abundance of different components, for instance
convolutions, pooling layers, fully connected layers, gates, memory cells, activation
functions, encode/decode schemes etc., depending on the network architecture that
is been used. A crucial attribute of deep learning is that it is greatly flexible and
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adaptable for a wide variety of hugely complex challenges, from a data analysis
perspective, due to the highly hierarchical structure and vast learning capacity of
deep learning models [26].

2.5.1 Artificial Neural Networks structure

Artificial neural networks (ANNs) are computational systems that mimic the bio-
logical neural networks that constitute animal brains. The basic component of a
neural network is a unit or node called artificial neuron, which model the neurons in
a biological brain. A neuron is an electrically excitable cell that communicates with
other cells via specialized connections called synapses. As we see in the Figure 2.10
a typical neuron consist of a cell body called soma, dendrites and a single axon. The
soma is a compact structure and the axon and dendrites are threads extruding from
the soma. Dendrites fork in a great extend typically a few hundred micrometers
from the soma. The axon leaves the soma in the axon hillock which looks like a
swelling and extends for as far as 1 meter in humans. At the axon’s tip there are
branches called the axon terminals, where the neuron can transmit a signal across
the synapse to another cell.
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Figure 2.10: Biological neurons synapse. Image source https: //pulpbits. net

In parallel to the biological structure a typical artificial neuron is depicted in
Figure 2.11. An artificial neuron is a mathematical function conceived as a model
of biological neurons, a neural network. An artificial neuron receives one or more
inputs which represents the postsynaptic part of the biological neuron the dendrites
and sums them to produce an output (or activation) which represents a neuron’s
action potential which is transmitted along its axon. Usually each input (or edge) is
separately weighted (wq,ws,...,w,,) so it can mimic the excitability of the biological
neuron. The output is calculated as the sum of the multiplication of each input by
the corresponding edge weight. This functions that is used to calculate the output
is called transfer function. Consequently, the final value calculated by the transfer
function is compared with a threshold through another function called the activation
function. If the value is greater than the threshold the artificial neuron is ”fired”
and pass its information to the next neuron.
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Figure 2.11: Artificial neuron. Image source: https: //www. gabormells. com/
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The structure of an Artificial Neural Network (ANN) is shown in Figure 2.12.
As it can be observed from the figure the neurons are organized into multiple layers.
Each layer can have different number of neurons and the neurons in the same level
are not connected to each other but connect only to neurons of the immediately
preceding and immediately following layers. Inputs are fed into the network through
the input layer. The final output is produced in the output layer. In between there
can be zero or more hidden layers. In the case of multiple hidden layers, the network
is referred to as Deep Neural Network (DNN).

Figure 2.12:
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2.5.2 Activation functions

Activation functions are a crucial part of the effectiveness of the neural network.
The predictions of the model are highly affected by the activation function choice,
as this choice controls how well the network model is trained given the dataset.
As mentioned before, an activation function determines the output of the neuron
that will be transmitted in the next layer. An activation function can simple be
binary that turns the neuron on and off depending on the input. It can also make
a transformation of the input signal to an output signal in the range of -1 to 1.
The activation functions can basically be divided into two types, the linear and the
non-linear activation functions. The most used activation function are non-linear
functions because it makes it easy for the model to generalize or adapt with variety
of data and to differentiate between the output.

Sigmoid Function

The Sigmoid function is also called the logistic function and its a mathemati-
cal function with the characteristic shape of an ”S” curve. The sigmoid function
takes any real number as an input and produces output values in the range 0 to
1. Therefore it is most used in models where the probability is to be predicted as
the value. Sigmoid function is shown in the Figure 2.13 and it is defined for all real
input values by the formula:

(15)
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Figure 2.13: Sigmoid function

Tanh/Hyperbolic Tangent Function

The tanh function is very similar to the sigmoid function, also shaped as ”S”
curve, but produces output values in the range -1 to 1. Tanh function is defined by
the formula:

(16)
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The advantage is that negative inputs will be mapped as strongly negative and
the zero inputs will be mapped near zero in the tanh graph. Tanh function is shown
in the Figure 2.14.
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Figure 2.14: Tanh/Hyperbolic Tangent function

ReLU (Rectified Linear Unit) Function

The ReLU function is the most used activation function for hidden layers. The
reason for this besides the simplicity of implementation is that it is effective at
overcoming the limitations of other previously popular activation functions, such as
Sigmoid and Tanh. It is a simple calculation that returns the value of the input, or
0, if the input value is less than 0. Thus, the function is by definition calculated as:

f(z) = max(z,0) (17)

Because of its graph representation as we see in Figure 2.15 the ReLLU function
is also called ramp function.

Softmax Function

Softmax function is a mathematical function that converts a vector of numbers
into a vector of probabilities. The standard softmax function is often used in the
final layer of a neural network-based classifier and most commonly in multiclass
classification problems. The output for each #;;, value of the input vector is calculated
by this function:

Ty
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The function is depicted in the Figure 2.16.
Binary Step Function
Binary step function basically a threshold based classifier. If the input value is
above a threshold, the output is set to 1, hence the neuron is activated, otherwise

the output is set to 0 and the neuron is deactivated. The function is illustrated in
Figure 2.17

f(xi) = (18)
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2.5.3 Back propagation

A explained before, each input is multiplied by their weights. Weights is an indica-
tion of the input’s strength. After assigning the weights a bias variable is added as
it is illustrated in the Figure 2.11. Consequently, the activation function is applied
to the equation Z = wy x i1 + ... + w, * i, thus its a transformation that is applied
to the input before sending it to the next layer of neurons. After passing through
every hidden layer, we move to the last layer i.e our output layer which gives us the
final output. This process is called forwarding Propagation. After the predictions
from the output layer are produced, the error is calculated. If the error is not small
enough Back Propagation is performed.

Back propagation [30] is a widely used algorithm for updating and finding the
optimal values of weights or coefficients that minimize the error. The way in which
the weights are updated depends in the optimizers, which are methods to change
the attributes of a neural network. The back propagation algorithm computes the
gradient of the loss function for a single weight by the chain rule. It efficiently
computes one layer at a time, starting from the last layer and iterating backwards.
This can be clearely observed in the following figure Figure 2.18

(1] @ Hidden layer(s)

Input layer

Output layer

Difference in
desired values

Back;;Fbp
output layer

Figure 2.18: How back propagation works

Evaluation between s and y happens through a cost function. This can be as
simple as MSE (mean squared error) or more complex like cross-entropy.

2.6 Convolutional neural networks

A convolutional neural network (CNN) is a type of artificial neural network used in
image recognition and processing that is specifically designed to process pixel data.
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The architecture of a convolutional network is analogous to that of the connectivity
pattern of neurons in the human brain. CNN have their “neurons” arranged more
like those of the frontal lobe, the area responsible for processing visual stimuli in
humans and other animals. A convolutional network is capable of successfully cap-
ture the spatial and temporal dependencies in an input image by applying relevant
filters. A typical CNN consists of an input layer, an output layer and a hidden layer
that includes multiple convolutional layers, pooling layers, fully connected layers
and normalization layers.

2.6.1 Convolutional layer

In the demonstration at Figure 2.19 we can see an input image that is convoluted
in patches. Each patch is carying the convolution operation with the filter matrix
and the output matrix will be the convolution of these two matrices. The filter
(kernel) moves to the right with a certain Stride Value until it parses the complete
width. As it reaches the end of the width it hops down to the beginning (left) of
the image with the same Stride Value and repeats the process until the entire image
is traversed. For instance, in our example is Stride value is 1, the kernel will shift
16 times and each time it will perform a matrix multiplication operation between K
(kernel) and the portion P of the image over which the kernel is hovering.

In this project, we experimented in different depths of convolutional neural net-
works (up to 4 Convolutional layers) as analyzed in subsection 5.1.3. As input,
the CNNs built received the correlation matrices that are calculated from the input
dataset chapter 4. Correlation matrix is an N*N matrix that depicts the correla-
tions of all the possible pairs of values in a table. In our case these values represent
the regions of interest (ROIs) of the human brain section 3.3 and the correlation
between them.

1lo0f1Jo|1|o0 1101 1123 31
o|l1f1fo]1]|1 - 0|11 *|4|5|6|—pm
1j{of1fjo|1]o0 1(0]1 71819
110f(1]1]1|0 Image patch Kernel
ol1l1lol 1l (Local receptive field) (filter) Output
1{of1fo|1]0

Input

Figure 2.19: Convolution of the input matriz using a filter

2.6.2 Pooling layer

Similar to the Convolutional Layer, the Pooling layer is responsible for reducing
the spatial size of the convolutioned feature. This is to decrease the computational
power required to process the data through dimensionality reduction. Furthermore,
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it is useful for extracting dominant features which are rotational and positional
invariant, thus maintaining the process of effectively training of the model. There
are two types of pooling: Max Pooling and Average Pooling. Max Pooling returns
the maximum value from the portion of the image covered by the Kernel. On the
other hand, Average Pooling returns the average of all the values from the portion
of the image covered by the Kernel Figure 2.20. In the scope of the diploma thesis
we used Max Pooling because it performs much better that Average Pooling and
in addition, it also performs as a noise suppressant, thus performs denoising along
with dimensionality reduction.

max pooling
20|30
112| 37

121201 30| O

81121 2| 0
34701 37| 4 average pooling

112[100f 25| 12

Figure 2.20: Maz and average pooling example

The Convolutional Layer and the Pooling Layer, together form the i-th layer of
a Convolutional Neural Network. Depending on the complexities in the images, the
number of such layers may be increased for capturing low-levels details even further,
but at the cost of more computational power.

2.6.3 Fully-connected layer

Adding a fully connected layer Figure 2.21 in the neural network is a cheap way
for the model to learn non-linear combinations of the convoluted features. Before
feeding the data into the fully connected layer, it needs to be flattened into a column
vector. The flattened output is then fed to a feed-forward neural network and back-
propagation applied to every iteration of training. After a series of epochs, the
model is able to distinguish between dominating and low-level features in images in
order to classify them using the Softmax Classification technique.
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Previous Fully-connected
layer layer

Figure 2.21: Fully-connected layer

2.6.4 LSTM layer

Long Short Term Memory Network is an advanced RNN (Recurrent Neural Net-
work), a sequential network, that allows information to persist. It is capable of
handling the vanishing gradient problem faced by RNN. A recurrent neural network
is also known as RNN is used for persistent memory.

LSTM Architecture

The LSTM consists of three parts, as shown in the image below and each part
performs an individual function. These three parts of an LSTM cell are known as
gates. The first part is called Forget gate, the second part is known as the Input gate
and the last one is the Output gate Figure 2.22. Just like a simple RNN, an LSTM
also has a hidden state where H(t-1) represents the hidden state of the previous
timestamp and H(t) is the hidden state of the current timestamp. In addition to
that LSTM also have a cell state represented by C(t-1) and C(t) for previous and
current timestamp respectively.

Forget Gate

In a cell of the LSTM network, the first step is to decide whether we should
keep the information from the previous timestamp or forget it. The equation for the
forget gate is:

fi=o0(xy*Up+ Hyy % Wy) (19)
Where,
e X;: input to the current timestamp

o U;: weight associated with the input

e H; 1: The hidden state of the previous timestamp
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Figure 2.22: LSTM architecture

o Wy: It is the weight matrix associated with hidden state

Later, a sigmoid function is applied over it. That will make f; a number between
0 and 1. This f; is later multiplied with the cell state of the previous timestamp:

o Oy x fy=0if f, =0 (forget everything)

o Oy 1% f =Cyif fy =1 (forget nothing)

Input Gate

Input gate is used to quantify the importance of the new information carried by
the input. Here is the equation of the input gate:

ip =0(xyx Uy + Hi_1 x W) (20)

Again we have applied sigmoid function over it. As a result, the value of I at
timestamp t will be between 0 and 1. Now the new information that needed to be
passed to the cell state is a function of a hidden state at the previous timestamp
t-1 and input x at timestamp t. The activation function here is tanh. Due to the
tanh function, the value of new information will between -1 and 1. If the value is of
Nt is negative the information is subtracted from the cell state and if the value is
positive the information is added to the cell state at the current timestamp. So the
final equation is:

Cr=(fr*xCoy + iy % Ny) (21)

Output Gate

The equation for the output gate is similar to the two previous gates:

op=0(xy x Uy + Hy_y x W,) (22)
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Its value will also lie between 0 and 1 because of this sigmoid function. To
calculate the current hidden state we will use O; and tanh of the updated cell state.

Ht = Ot * tanh(C’t) (23)

Finally the output of the current timestamp is just hidden state with the Softmax
activation applied.
Output = SoftMax(Hy) (24)

2.7 Graph convolutional networks

In contrary to the CNNs, that they use data in the eucledian space, Graph Con-
volutional Networks can also operate with data that can only be structured in a
non-euclidean space and can only be represented by graphs. Some examples of non-
euclidean structures are genetic data, social network data or biological networks
data. The main difficulty for the machine learning in graphs is to find a way to
embed in the model, the graph information.

A graph G is represented as G = (V,E), where V is the set of vertices and E the
set of edges of the graph. |V| = n and |E| = m are the number of vertices and the
number of edges respectively. Each v; € V represents a vertex of the graph and each
e;j = (v;,vj) € E represents an edge from vertex v; to vertex v;. The adjacency
matrix is a NxN matrix A with A;j = 1if e;j € E and A;j =0 if e;j ¢ E . Graph
can also contain vertex attributes X, where X € R™ is the feature matrix of the
vertices. In our case this feature matrix is the correlation matrix.

2.7.1 Graph Convolutional layer

On Euclidean domains, convolution is defined by taking the product of translated
functions. But as we mentioned, GCNs do use non-euclidean data structures. Con-
volution on graphs are defined through the graph Fourier transform. The graph
Fourier transform, on turn, is defined as the projection on the eigenvalues of the
Laplacian. These are the “vibration modes” of the graph. As for traditional CNNs,
a GCN consists of several convolutional and pooling layers for feature extraction,
followed by the final fully-connected layers.



2.7. GRAPH CONVOLUTIONAL NETWORKS

65

Ly ) Ly N y
fow > [poor > [oow ) [roor ) [cosrood[oe
|

Figure 2.23: Graph Convolutional layers




Chapter 3

Schizophrenia and fMRI method

3.1 Symptoms of Schizophrenia

As mentioned before schizophrenia is a severe mental disorder whuch is character-
ized by a wide range of unusual behaviours. Its symptoms can be divided in two
categories, positive and negative symptoms [31]. The former correspond to the pres-
ence of abnormal functions,for instance, delusions, and hallucinations. The latter,
correspond to decreased functions, meaning the lack of ability to do something,
i.e diminished emotional expression. Positive symptoms are more recognizable and
generally respond better to medication. Negative symptoms are more subtle and
less responsive to pharmacological treatment. Below, are listed some of the most
common symptoms of SZ according to DSM-5 [32]:

e Positive Symptoms
1. Delusions: belief or impression maintained despite being contradicted by
reality or rational argument

2. Hallucinations: an experience involving the apparent perception of some-
thing not present.

3. Disorganized thinking: difficulty to keep track of thoughts, drift between
unrelated ideas during speech.

4. Disorganized or abnormal movements: difficulties to perform goal-directed
tasks, catatonia (lack of movement and communication) or stereotypy
(physical movements that are both aimless and repetitive).

e Negative symptoms

1. Diminished emotional expression: lack of showing emotion, apathetic and
unchanging facial expression.

2. Awolition: lack of motivation, inaction.

3. Anhedonia: diminished capacity to experience pleasant emotions.

4. Alogia: poverty of speech.
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5. Asociality: reduction in social initiative due to decreased interest in form-
ing close relationships with others

3.2 Diagnosis of schizophrenia

Diagnosis of SZ is a challenging problem due to the heterogeneity of this mental
disorder and lack of specific effective bio-markers [33]. In order for a patient to be
diagnosed, three types of symptoms need to be evaluated which are the physical,
the psychiatric and psychological symptoms. Clinical examination includes various
tests such as blood tests as well as medical imaging [34],[35]. If no physical cause
for the suspected SZ symptoms are found, the physicians may refer the patient to
a psychologist or psychiatrist for psychological evaluation based on diagnostic and
statistical manual of mental disorders (DSM-5)[32].

Early identification and treatment of schizophrenia is very important for the
general mortality rate and for the life quality of the patient. Although there is not
a single test to diagnose schizophrenia. As part of the examination the psychiatrist
tries and unravels the changes in their behavior and biological functions (sleepless-
ness, lack of interest in eating or socializing). Information about the deviations in
the patient’s behavior is also collected from the family or caregivers. It need at least
a month of observation from specialist doctors for a patient to be diagnosed as the
symptoms are several and can be caused by other mental disorders, like addiction,
depression or bipolar disorder.

3.3 The fMRI imaging method

Magnetic resonance imaging is a medical imaging technique used in radiology to
form images depicting anatomy. With various sequences, MRI may provide insight
of physiological processes of the body. Overall, MRI based structural neuroimaging
modalities are suitable for visualizing white matter (WM), gray matter (GM), and
cerebrospinal fluid (CSF) tissues of the brain as well as exploring their abnormalities.
Furthermore, past studies have discovered that schizophrenia affects the temporal
and anterior lobes of hippocampus regions of the brain. In addition, patients with SZ
can display increased volume of CSF and decreased volume of white and gray matter.
As a result, besides blood tests (as mentioned above), functional and structural
neuroimaging techniques are another important category of methods that are able
to diagnose SZ.

Functional magnetic resonance imaging (fMRI) detects changing in blood flow
in the brain. It is not structural and the difference from MRI techniques is that it
has a time parameter as well. When a brain region is activated it consumes more
oxygen , thus the blood flow in this area is increasing. Fmri depicts those changes
by changing the color of the voxels in the area that is activates as we can see in
Figure 3.1.

As an imaging method fMRI has some advantages:
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Figure 3.1: Activation regions in fMRI

e It does not use radiation (like X-rays,computed tomography (CT) and positron
emission tomography (PET) scans, so it is completely safe for the subject.

e [f done correctly, fMRI has virtually no risks. It can evaluate brain function
safely, noninvasively and effectively.

e fMRI is easy to use, and the images it produces are very high resolution (as
detailed as 1 millimeter)

The basic structural unit of a 3D fMRI image is a voxel. A voxel is a unit of
graphic information that defines a point in three-dimensional space. A voxel size can
change based on the part of the brain that is being examined. Studies examining the
whole brain use bigger voxels whilst studies that need a small part of the brain used
smaller voxel size. A voxel can contain millions of neurons and billions of neural
synapses.

Regions of interest (ROIs) is a groups of neighboring voxels, that are activated
in a similar way (have great correlation), so we can examine them like a biggest
region of the brain.



Chapter 4

Dataset

In this chapter the COBRE database is referred [27] and its contexts are described
analytically. We will explain how the data was obtained and what pre-processing
steps were made in order to be used in the right form as inputs in the models.

4.1 COBRE database

The Center for Biomedical Research Excellence (COBRE) is contributing raw func-
tional MR data from 72 patients with Schizophrenia and 75 healthy controls (ages
ranging from 18 to 65 in each group). All subjects were screened and excluded if
they had; history of neurological disorder, history of mental retardation, history of
severe head trauma with more than 5 minutes loss of consciousness, history of sub-
stance abuse or dependence within the last 12 months. Diagnostic information was
collected using the Structured Clinical Interview used for DSM Disorders (SCID).

A multi-echo MPRAGE (MEMPR) sequence was used with the following pa-
rameters: TR/TE/TI = 2530/[1.64, 3.5, 5.36, 7.22, 9.08] /900 ms, flip angle = 7°,
FOV = 256x256 mm, Slab thickness = 176 mm, Matrix = 256x256x176, Voxel size
=1x1x1 mm, Number of echos = 5, Pixel bandwidth =650 Hz, Total scan time =
6 min. With 5 echoes, the TR, TI and time to encode partitions for the MEMPR
are similar to that of a conventional MPRAGE, resulting in similar GM/WM/CSF
contrast. Rest data was collected with single-shot full k-space echo-planar imaging
(EPI) with ramp sampling correction using the intercomissural line (AC-PC) as a
reference (TR: 2 s, TE: 29 ms, matrix size: 64x64, 32 slices, voxel size: 3x3x4 mm3).
In addition to that, phenotypic information are available regarding age, sex etc.

We used a preprocessed version of the dataset [27]. Each fMRI dataset was
corrected for inter-slice difference in acquisition time and the parameters of a rigid-
body motion were estimated for each time frame. Rigid-body motion was estimated
within as well as between runs, using the median volume of the first run as a target.
The median volume of one selected fMRI run for each subject was co-registered
with a T1 individual scan using Minctracc [36], which was itself non-linearly trans-
formed to the Montreal Neurological Institute (MNI) template [37] using the CIVET
pipeline.
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4.2 Data preprocessing

Although the data is preprocessed, there are still many steps needed for the data to
be in an appropriate form for input in our models. First of all as mentioned in the
previous section section 4.1 rigid-body motion was estimated during the subject’s
scan. Subject movements can affect the clarity of the signal due to noise generation.
The noise is random, unwanted variation or fluctuation that interferes with the
signal, making it difficult to extract meaningful information unless its removed.
Apart from the subject movements there are other factors generating noise to the
signal, such as experiment related errors, for instance a hardware error in the scan.
All these unwanted factors contributing to the noise generation, are estimated and
during the data preprocessing and are saved in external files for later removal. They
are called confounds, and they are .tsv files along with the fMRI files in the dataset.

Consequently, the NifTi files containing the fMRI scans for each subject have
to be transformed into correlation matrices to be fed in the models. A correlation
matrix is a table which displays the correlation coefficients for different variables.
The matrix depicts the correlation between all the possible pairs of values in a table.
It is a powerful tool to summarize a large dataset and to identify and visualize
patterns in the given data. Following, the preprocessing steps for transforming the
NifTi files to correlation matrices are presented.

1. Mstl probablistic atlas: Contains a predetermined set of coordinates, so
as to isolate specific regions of the brain called Regions of Interest (ROIs).
Regions of interest are a group of adjacent voxels, which are activated in a
similar way (have high correlation), so can be examined as as a whole area.

2. Masker: Masker is used to apply the atlas fetched at step 1 in the image
data.

3. Extracting time series: This is an imortant step. In this step, the confound
files are used for the confounds extraction from the signal. A functional con-
nectome is created, which is a set of connections that represent the correlations
between the ROIs.

4. Correlation matrices: Correlation matrices are calculated using the time
series from step 3. To accent the importance of the confounds extraction, two
images are compared. One illustrating the correlation matrix derived from the
raw time series Figure 4.1 and one depicting the correlation matrix without
the noise caused by the confounds as they are removed from the signal at step
3 Figure 4.2.
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Chapter 5

Experiments

In this chapter, we discuss briefly the experiments and testing conducted in the
scope of the diploma thesis. In addition, difficulties and challenges that we faced
during the project are mentioned and of course what are the conclusions and what
I learned by the results of these experiments.

5.1 Experimental procedure

First of all the experiments are based variety of classifiers used for the classification
and deep learning as well. Hence, we will discuss the difference between the different
model used for the schizophrenia classification, the accuracy that each one of them
can offer and how appropriate each model is for the data used in the thesis. Every
experiment is conducted three times and the final accuracy presented is the mean
value of the accuracies of the three experiments.

5.1.1 Accuracy and loss metrics

Before the models comparison, a demonstration of the accuracy behaviour during
the epochs follows. For this purpose, results were extracted from the CNN model.
The behaviour of accuracy and loss is similar for all the models created in the scope
of the diploma thesis.

In the Figure 5.1 it is observed over the epochs that the train accuracy is in-
creasing as well as the validation accuracy. The training set is used to train the
model while the validation set is only used to evaluate the model’s performance.
The validation accuracy calculated on the data set is not used for training, but is
used (during the training process) for validating (or "testing”) the generalisation
ability of the model. The validation accuracy increase indicated that the model is
learning after a number of epochs end that it extracts knowledge from the training
set.

Another metrics worth examined are the training and validation loss. The train-
ing loss is a metric that is used to assess how a deep learning model fits the training
data. That is to say, it estimates the error of the model on the training set. On the
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Figure 5.1: Train and validation accuracy changes through epochs(100)
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other hand, validation loss is a metric used to evaluate the performance of a deep
learning model on the validation set. The validation loss is similar to the training
loss and is calculated from a sum of the errors for each example in the validation
set. Following is an illustration of the training and validation loss behaviour during

the epochs (Figure 5.2).
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Figure 5.2: Train and validation loss changes through epochs (100)

Epoch

It is clear from the Figure 5.2 that both training and validation loss are decreasing
through the epochs indicating that the error is decreasing,as the loss represents the
difference between the right answer. After a number of epochs train and validation
loss begin to stabilize around a value. This is better depicted in Figure 5.3 which
represents the same experiment for 150 epochs.
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Figure 5.3: Train and validation loss changes through epochs (150)

5.1.2 Batch size

Batch size is referred to as the number of training examples utilized in one iteration,
in other words the amount of data included in each sub-epoch weight change. There
are a lot of options in parametrizing the batch size, as the full batch where the
batch size is equal to the number of samples, thus making the iteration and epoch
values equivalent. In the experimental procedure for the diploma thesis,both mini-
batch learning approach and batch-mode approaches are followed. The mini-batch
size values usually tested are 34,64,128,256 and 512. The current dataset has 146
samples and the training set after the train, validation and test split has 92 samples.
There is no point in setting the batch size in a value bigger than the number of
samples, so the values we will examine are 32,64 and 92.

0.699917
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Figure 5.4: Accuracy based on batch size for baseline model

As it can be observed by the Figure 5.4 the differences in accuracy are not that
broad, with the batch size of 92 appears to be the optimal batch size that fits our
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data. In the baseline model examined, a method called early stopping is used in
order to prevent overfitting. This means that we can set an arbitrary large number
of epochs and the training will stop once the model performance stops improving.
With the batch epochs experiment, it is clear that the smallest the batch size is the
earlier the model overfits.By conducting each experiment 3 times to calculate the
mean of the accuracy, and with the early stopping method being used, we observed
that for smallest batch sizes the model stopped improving earlier. That is rational as
the smallest the batch size is, the more batches can fit to an epoch, leading to more
weight updates. In our case, where the dataset is somewhat small (92 samples in
the training set as mentioned earlier), the model performs better in the batch-mode
learning approach, which means one batch per epoch as the batch size is equal to
the number of samples. This is well demonstrated in Figure 5.4.

5.1.3 CNN model complexity

Continuing with the CNN model, another contributing factor to the performance of
the model is the complexity of it. A Convolutional Neural Network typically consist
of three basic layers, a convolutional layer, a pooling layer, and a fully connected
layer, as analytically explained in chapter 2.. As a result there is an abundance
of different architectures of a CNN that can be built using these layers. A highly
complex model can lead to overfitting as it quickly memorizes the training dataset
patterns, whilst a very simple one can have the opposite result as it may fail to
recognize meaningful patterns in the data.

Baseline-CNN model

A baseline model will establish a minimum model performance to which all of our
other models can be compared, as well as a model architecture that we can use as
the basis of study and improvement. It is a very simple sequence of the basic layers
and it is the base upon which a more complex model can be built. The architecture
of our baseline model involves stacking convolutional layers with small 3x3 filters
followed by a max pooling layer. This block is repeated two times before the fully
connected level that gives the output of the model, meaning that the model two
convolutional layers . It is the simplest form of a CNN with 2 convolutional layers,
so the number of training parameters are not that high (23,426).

CNN-2 Convolutional layers

For the next experiment, we add a convolutional in our baseline model to increase
the complexity of the model. In general by increasing the complexity of the model,
the number of training parameters is increasing as well (29,186). To be more precise,
adding layers to the model increases the number of weights in the model, and helps
us extract more features.

CNN-3 Convolutional layers

For the next experiment, we add an extra convolutional in our previous model
to increase the complexity of the model.As we mentioned earlier,by increasing the
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complexity of the model, the number of training parameters is increasing as well
(96,770)

CNN-4 Convolutional layers

Adding one more convolutional layer in the model will lead us to the deepest
CNN for the scope of the experiments. Note that as we add layers, in parallel we
increase the size of each layer (32,64,128,128 in the current experiment) and that
is because as we move forward in the layers, the patterns get more complex; hence
there are larger combinations of patterns to capture and the goal is to capture as
many combinations as possible. Again the training parameters increase (241,282)
compared to the previous architecture with 2 hidden layers.

Results

In Figure 5.5 we can observe that the optimum architecture for our data is the
CNN with 3 convolutional layers. It is better that the baseline model (that only
has 2 convolutional layer) because we increased the complexity and as mentioned
earlier that improved the accuracy as the model was able to extract more features
and gain more insights from the data that was fed to it. Although there is a limit
in the model complexity and it is highly dependant of the dataset used, and mainly
the size of it. In this case the number of data samples is small, hence instead of
extracting more features the model starts to overfit. Although the accuracy is better
in the training set, in the test set becomes poor as clearly depicted in Figure 5.5.

4 Convolutional layers

3 Convolutional layers 716667

2 Convolutional layers 0.699917

Baseline 1633333

T T
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Figure 5.5: Accuracy for 3 types of CNN architectures

5.1.4 Loss function

Another experiment we conducted regarding the CNN models is about the loss
function. The performance of the different architectures builded is tested throughout
twpo different loss functions. Since our problem is a binary classification problem
we cannot plenty of loss functions. We chose the 2 most basic for the experiments
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in order to decide which is the best for our model. As depicted in Figure 5.6 the
Binary Cross Entropy loss is the one that gives better performance in most of the
CNN architectures. To be more precise for the deepest architectures as in baseline
model the hinge loss give slightly higher performance. In Figure 5.7 it is clear that
regardless the loss function, the 3 Convolutional layers architecture gives the optimal
results for our data.
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Figure 5.6: Loss function for each CNN architecture
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Figure 5.7: CNN architectures for each loss function

5.1.5 Model comparison

In this section of experiments, we will compare the accuracy of different models
and classifiers that were created in order to find the most suitable one to classify
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schizophrenia for our dataset. Some basic classifiers were tested, as well as models
and classifiers commonly used in the bibliography such as SVM and LSTM. Once
again the accuracy illustrated for each model is the mean of the accuracies calculated
in three consecutive experiments for each model.

CNN-LSTM model

Another model we experimented on is the hybrid CNN-LSTM model. This model
consists of input layer, convolutional layer, pooling layer, flatten layer, LSTM layer
and fully connected layer. This is the most basic form of the CNN-LSTM model
and it is the one we used in the scope of the diploma thesis. LSTM is a special kind
of recurrent neural network that is capable of learning long term dependencies in
data, as explained in chapter 2.

SVM

In the scope of the experiments,all four possible kernels are used, meaning poly-
nomial,rbf linear and sigmoid. All kernels manage to classify the data satisfyingly
with an accuracy variating from 68% to 73%. In Figure 5.12 we use the SVM with
rbf kernel accuracy as in the experiments it tends to have slightly higher accuracy
than the others.

A Grid Search was performed for all the models in order to determine the best
combination. First of all, we conducted a Grid Search algorithm to find out what
is the most suitable kernel for our data, and with what parameters. Hence, the
parameters of the Grid Search was:

e C:It is the penalty parameter, which represents misclassification or error term.
The misclassification or error term tells the SVM optimisation how much error
is bearable. This is how we can control the trade-off between decision boundary
and misclassification term.

e gamma: It defines how far influences the calculation of plausible line of sep-
aration. when gamma is higher, nearby points will have high influence; low
gamma means far away points also be considered to get the decision boundary.

e kernels: It indicates the kernel to be used in the SVM model either it is
polynomial, rbf, linear or sigmoid kernel. The theory for each one of them can
be found in chapter 2

After the grid search it was clear that the RBF kernel is the optimal for the
dataset. In Figure 5.8 it is clear that the optimal values for the RBF kernel are,
C=100 and gamma=0.01. We can observe that for highest values of C the per-
formance of the model is better, which means that for our data the trade-off be-
tween decision boundary and miss-classsification error tends to be in favor of miss-
classification error, as the model has better accuracy if it prefers to include more
outliers in the decision boundary that having a maximum margin line. In addi-
tion, we can observe that the model performs better if not only the close neighbor
influence the result but also the most distinct ones.
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Figure 5.8: Optimal parameters for SVM with RBF kernel
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Figure 5.9: SVM accuracy based on different kernels
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Logistic regression As the problem to be solved is binary, the option for the

multiclass parameter is the ’ovr’ (one-vs-rest). For the solver parameter, which is
the algorithm to be used in the optimization problem, the ’liblinear’ solver is used
to calculate the accuracy in the experiments as it gave the better performance for
our data comparing to the other solvers. For the regularization L2 was used because
it is compatible with all the solvers and was easier for the experiments. Liblinear
solver is the most suitable for our dataset as we can see in Figure 5.10, because it is
designed for small datasets, whilst 'sag’ and ’saga’ are better for large datasets.
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Figure 5.10: Logistic regression accuracy for different solvers

kNN

In KNN, finding the value of k is not easy. A small value of k means that noise
will have a higher influence on the result and a large value make it computationally
expensive. A lot of k values were tested and the result was that the optimum value
of k is around 34 which is the square root of the number of training samples (102 -
70% of the total samples of 146) . In Figure 5.11 we can see that indeed the optimal
value for k is 33 whilst the others give slightly lower accuracy.

Results

As we can see there are not extreme differences in our models accuracy. It
seems that the SVM is the most suitable for our data confirming the high presence
of this method used in bibliography for fMRI classification problems. The CNN
model also performs very well as well as the optimised kNN and logistic regression
classifiers. The hybrid CNN-LSTM model also performed satisfactory well, although
it is reasonable that CNN have better performance as LSTM is usually used to
process and make predictions given sequences of data (like timeseries), whilst CNN
is designed to exploit “spatial correlation” in data,so works well on medical images
data.
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Figure 5.11: Accuracy for significant values of k
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Although, accuracy is a good metric it is not enough. There are other metrics
as well that are crucial for the model evaluation. One of them is recall metric, that
is a metric that quantifies the number of correct positive predictions made out of all
positive predictions that could have been made. In our case, it evaluates how many
of the positive subjects (meaning the patients with schizophrenia) were classified
correctly. As illustrated at Figure 5.13 kNN and cnn-lstm algorithms although with
high accuracies they do not have that high performance in the recall metric.The
other three models on the other hand are doing fine with the recall metric along
with accuracy, with CNN (with 3 Convolutional layers) having the highest recall.

kNN 0.712121

logistic-regression 718911
SVM 0.7239

mn-Istm 0.655556

cnn_3 Convolutional layers . T16667

Li T L T T
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Figure 5.12: Accuracy for different models
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Figure 5.13: Recall for different models

5.2 Future work

In the scope of the diploma thesis a Graph Convolutional Network has been built. It
is not in satisfactory level regarding the performance, hence there are no experiments
for the GCN. However, the process of building the graph and the graph convolutional
model are described above.

5.2.1 Graph structure

The model we used is the one proposed from Parisot in [38]. We are modelizing
the population of the dataset into a graph, where every subject is represented by a
vertex. Each vertex corresponds to a feature vector that has been extracted from
the fMRI data. The feature vector for each vertex is the flattened upper triangle of
the correlation matrix that corresponds to the subject that represents the vertex.
A graph is a great way for embedding in our input data more information about
each subject, thus phenotype data like age and gender. This data is represented as
weight on the edges, that indicates the similarity between the two vertices that this
edge connects.

For the diagnosis of schizophrenia, we are solving the node classification problem.
This is a form of semi-supervised learning as only a subset of the vertices are labeled.
The goal is to give each vertex a lablel [ € (0,1), where of course 1 describes the
subject’s situation with 1=0 meaning that its a healthy control and 1=1 that its a
patient of schizophrenia. Node classification models aim to predict the labels in the
unlabeles nodes based on the labels in the labeled nodes.



5.2. FUTURE WORK 33

5.2.2 Graph edges

A crucial part of the graph structure is the correct definition of the edges and the
weights. The goal is for the edges to depict the similarities between the vertices
as accurately as possible. Similarly to pixel neighbourhood systems, the graph
structure provides a broader field of view, filtering the value of a feature with respect
to its neighbours’ instead of treating each feature individually.

For this project, the phenotype data used are the age and the gender.The gender
was chosen because several studies indicate that the incidence of schizophrenia is
higher in men [39]. A significantly increased risk of schizophrenia was associated
with paternal age younger than 20 years and with all age groups 40 years or older
[40].

The weigh of an edge between vertex v and u is defined as follows:

W (v,u) = Sim(a(v),2(u) Y 7(My(u), Ma(v)) (25)

h=0

where:

e Sim(x(v),x(u)) is a measure of similarity between subjects, increasing the edge
weights between the most similar graph nodes

e H number of phenotypic data used for the weight calculation. In our case H
=2

o g Myge =25

e 7 is a measure of distance between phenotypic measures. For categorical in-
formation such as subject’s sex, we define v as the Kronecker delta function ¢,
meaning that the edge weight between subjects is increased if e.g. they have
the same sex.

V(M (w), My (v)) = { (1] :i{lth) — My(v)| <6

Finally, we define the similarity measure as follows:

_ [p(z(v),z(w))]?
2

Sim(z(v),x(u)) =€ 22 (26)

where p is the correlation distance and o determines the width of the kernel.
The idea behind this similarity measure is that subjects belonging to the same class
(healthy or Schizophrenia) tend to have more similar networks (larger Sim values)
than subjects from different classes.
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5.2.3 GCN-architecture

Our model architecture is illustrated in Figure 5.14. The model consists of a fully
convolutional GCN with L hidden layers activated using the Rectified Linear Unit
(ReLU) function. The output layer is followed by a softmax activation function.
The graph is trained using the whole population graph as input. In addition we use
a cross entropy loss function for the optimisation process. After training the GCN
model, the softmax activations are computed on the test set, and the unlabelled
nodes are assigned the labels maximising the softmax output.

Input: Pnpulatian glaph

CHAPTER 5. EXPERIMENTS

Graph
Convolution
*

RellU

L hidden layers

Graph
Convelution

Output layer

|

Softmax

One feature per label

Figure 5.14: Graph Convolutional Network
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