NATIONAL TECHNICAL UNIVERSITY OF ATHENS
ScHOOL OF ELECTRICAL AND COMPUTER ENGINEERING
DivisioN oF COMPUTER SCIENCE

fMRI-Based Classification and Visual Explanation of
Dyslexia and Spelling Disorder using Machine & Deep

Learning

DipLOMA THESIS

DIMITRIOS GEORGIOU

Supervisor: Andreas-Georgios Stafylopatis
Professor, NTUA

Athens, October 2022







NATIONAL TECHNICAL UNIVERSITY OF ATHENS

ScHooL OF ELECTRICAL AND COMPUTER ENGINEERING

DivisioN oF COMPUTER SCIENCE

fMRI-Based Classification and Visual Explanation of Dyslexia

and Spelling Disorder using Machine & Deep Learning

DipLOMA THESIS

DIMITRIOS GEORGIOU

Supervisor: Andreas-Georgios Stafylopatis
Professor, NTUA

Approved by the examination committee on 3th October 2022.

(Signature) (Signature) (Signature)
Andreas-Georgios Stafylopatis Georgios Stamou Georgios Siolas
Professor, NTUA Professor, NTUA Associate Professor, NTUA

Athens, October 2022






NATIONAL TECHNICAL UNIVERSITY OF ATHENS

ScHooL OF ELECTRICAL AND COMPUTER ENGINEERING

DivisioN oF COMPUTER SCIENCE

Copyright (C) - All rights reserved.
Dimitrios Georgiou, 2022.

The copying, storage and distribution of this diploma thesis, exall or part of it, is prohibited for commercial
purposes. Reprinting, storage and distribution for non - profit, educational or of a research nature is

allowed, provided that the source is indicated and that this message is retained.

The content of this thesis does not necessarily reflect the views of the Department, the Supervisor, or the

committee that approved it.

DISCLAIMER ON ACADEMIC ETHICS AND INTELLECTUAL PROPERTY RIGHTS

Being fully aware of the implications of copyright laws, I expressly state that this diploma thesis, as well as
the electronic files and source codes developed or modified in the course of this thesis, are solely the product
of my personal work and do not infringe any rights of intellectual property, personality and personal data of
third parties, do not contain work / contributions of third parties for which the permission of the authors
/ beneficiaries is required and are not a product of partial or complete plagiarism, while the sources used
are limited to the bibliographic references only and meet the rules of scientific citing. The points where I
have used ideas, text, files and / or sources of other authors are clearly mentioned in the text with the
appropriate citation and the relevant complete reference is included in the bibliographic references section.
I fully, individually and personally undertake all legal and administrative consequences that may arise in
the event that it is proven, in the course of time, that this thesis or part of it does not belong to me because

it is a product of plagiarism.

(Signature)

Dimitrios Georgiou
Electrical and Computer Engineering Graduate of the National Technical University of Athens






IIepiAnyn

Z16x06 g rapovoag Sumdepatikig epyaociag eivat ) 81ayveon Kat 1) otk enegnylompotna g Suoclediag
Kat g opboypadikng Satapxng, HE XPNon Pacikev tadivountov pnxavikng pabnong kabog kat PovieAav
Babiag pabnong oe Hedopéva IMRI. Ta 6edodopéva rou xprnopono)Onkav eArjpOnoav arno ) Paon debopévav
tou MRI Lab Gras, n ornoia €xet ouMAéSel Hedopéva arelkoviong VEUPOEYKEPAAOU ATO £PYAOTHPlA O OAO TOV
KOopo. Metd and 3 dapopetikég diadikaoieg ermAoyr|g, 01 ermotfpioveg KatéAniav oto ouvolo dedopévav rmou
niepiExel Mayvnuikég Topoypadieg (EMRI, patvoturukad) anod 58 naidid nAwkiag 8 pe 13 (16 pe opBoypadikr) 6ia-
tapayr), 20 pe ducAetia kat 22 vy tadid). Ta kabe aidi efaydyape Evav cUPPETPIKO mivaka aAANA0cXETIonNg
(correlation matrix) (39, 39) tov eEPLOX®V TOU EYKEPAAOU OMOG AUTEG opidovial anod tov dtdavia MSDL, eve
KPAToajle 10 Ave IPyOVIKO Koppdtt (povodidotato 6iavuopa) yia ta nepapata pag. a v pnxavikn pabn-
on epappooape pia §aviAnuky npoogyyiorn 3 PeATioTorno)oemv (©g rpog PETAoXHATIOTEG, UEPATIAETPOUG,
oUAAOYIK®V tavopntev) yia 6Aoug toug 16 Bacikoug tagivountég mnmou ermAéxOnkav Kat KataAniape otov Ka-
AUtepO oUVEUAOHO CUAAOYIK®V TASIVOPIN TGOV TTOU TeptéXel ta BeAtiotonoinpéva pipelines tov ta§ivoprntov MLP,
Logistic, Random Forest, Ridge, Extra Tree pe test score F1 = 83.5%. ErurnAeov, epappoooape pia rmapaie-
TpOmONPEVH popdr) Tou adyopibpou LIME yia va enedrynooupe tv onpavikotda 1V 741 Xxapaktnplotkoy,
6nldabr) noteg eykepadikég ouvdeoelg cupBAAAOV MIEP1OCOTEPO OTIG TIPOBALWPELS, £ve Tapagape ypadrjpuata rmou
81EUKOAUVOUV TNV KATAVONOL] TOV CHUAVIIKOTAT®V autev. Tédog, melpapatiotnkape pe §1apopeg mapaddayeg
NG APXLITEKTOVIKIG TOU OUVEAEKTIKOU S1KTUOU ypadou (G-CNN), tov ypddpou Tou 0Ioiou KATtaoKEUAodE PE Ta
6taBéoma pawotunuka dedopéva v ouppetexoviev (nAikia, guio). Bedtiotonouwjoape 11§ UNEPTIAPAPETPOUG
KAl KATaArSape otV apXIteKToviKr rmou AapBdavetl 1o kaAutepo test score F1 = 83.5% xwpig urnepekmnaideuon

overfitting.

Agge1g KAeba

veupavikd diktua, pnyavikr) pdbnor, ta§vountég, SuoAetia, opboypagikn dStatapaxtis, IMRI, pabnor yve-
plopdtev, Babid pabnon, poviéda S1ktuev, ivakag aAANA0CUOXETIONG, TIEPLOXES evOlapEpovtog, lime, avaAuon

datlavia
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Abstract

The goal of this thesis is the diagnosis and visual explainability of dyslexia and orthographic disorder,
using basic machine learning classifiers as well as deep learning models on fMRI data. The data used were
obtained from the MRI Lab Gras database, which has collected neurobrain imaging data from laboratories
around the world. After 3 different selection procedures, the scientists concluded on the dataset which
contains data (fMRI, phenotypic) from 58 children aged 8 to 13 (16 with spelling disorder, 20 with dyslexia
and 22 healthy children). For each child we extracted a symmetric correlation matrix (39, 39) of the brain
regions defined by the MSDL atlas, keeping the upper triangular piece (one-dimensional vector) for our
experiments. For the machine learning part we apply 3-step optimization exhaustive approach (in terms
of transformations, hyperparameters, ensembling classifiers) for all 16 base classifiers selected and we
concluded upon the best ensembling classifier which contains the optimized pipelines MLP classifiers ,
Logistic, Random Forest, Ridge, Extra Tree achieving a test score F1 = 83.5%. Additionally, we apply a
parameterized form of the LIME algorithm to illustrate the importance of the 741 features, to find which
brain connections contribute most to our predictions. Finally, we experimented with several variants of the
Graph Convolutional Network (G-CNN) architecture, where the graph was constructed with the available
participant phenotypic data. We optimized the hyperparameters and cconcluded upon the architecture that

achieves the best test score F1 = 83.3% without leading to overfitting.

Keywords

machine learning, deep learning, g-cnn, classification, multiclass, dyslexia, spelling disorer, fMRI, fea-
ture extraction, regions-of-interest, correlation matrices, atlas analysis, glm analysis, lime, feature impor-

tance
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Euyxaplotieg

H ouyypaor) g napovoag Autdopatikng Epyaociag onpatodotel tv 0AOKANp®OT TOV IIPOITTUXIAK®V 110U
ortoudwv. IIpotou Op®G 0AoKANP®OEl To KePpaAalo auto ng {wng pou, Sa nbsAda va euxaploto® 600UG 1€ OTHPl-
Eav oty péxpt twpa mopeia pou Kat pe eviappuvav va avaddbe rnpotoBoudicsg enayyeApatkou Kat eBeAoviikou
Xapaktpd.

Apxikd, eipatl euyvopev mou og pélog 1ou Epyaotnpiou Zuotmpatev Texvntig Nonpoouvng kat Mabnong
¢AaBa rmoAutiun BorBsia kat kabodnynon anod tov Kabnyntr) pou, k. Avdpéa Ztpadulondatn Kat 1ov K. Iedpytlo
Z16Aa otV eKNOVN o1 g SUMA®PATIKNG Pou epyaociag. O118éeg Toug Kabmg Kat 1) APECT] AVIAIOKP10T] TOUG NTav
KATAAUTIKEG QOOTE VA PEVE E0TIAOHEVOG, £VO TTapdAAnla jie evénveuoav va e§etdom 1o {fnua tng SucAediag ano
TTOAAEG ETTIOTIIIOVIKEG ITTTUXEG.

Aev 9a pmopouoa va pnv eUXaplotr)o® ToUg PIAOUG 110U, TIOU POIPACTHKANE ASEXAOTEG OTIYHES e EVIOVO
ouvaioOnpa. Ayxn, mabog, xapoysda. 'Hrtav kat eAniide va eival avia dirmda pou, onweg Sa eipat eyo yla
autovg. Eivat e§aipeuxkd naibia Swpaopéva ya {wr) kat riaveia 9a pe eprnveéouv va yivopat ) KaAutepn exkboxr)
TOU £UATOU POV KAl va egedicoopat.

TéAog, n @povtiba g oKoyEvelag PNoU 1tav Kat ival n Kwvnupta dUvapn pou yid va ayarirjo® tov auto
PoUu, va motePn o€ péva Kal va KAave td Ovelpd pou mpaypatkottda. N1iwbe ot Xepig v ouvalodnpatkn

otpn tng adepdng pou dev da eixa v Puyikr avOEKTIKOTTA TTOU £X® ONHEPT.

Diploma Thesis m






Ileplexopeva

Mepidnyn

Abstract

Evuxapiotieg

1 Extetapévn Iepidnyn

1.1

1.2

1.3

1.4

1.5

1.6
1.7
1.8

1.9

E10aVOVI) . . . o o o o e e e e e e e e e e e e e
1.1.1 MabBnotakéG AUGKOATEG . . . . v v v v v e i e e e e e e e e e e e e e e e e e
1.1.2 Optopol yia ) SUOAETIA . . . . . o o v it e e e e e e e e e e e e e
1.1.3 Ta €i6n G SUOAETIAG & ZUPRITIOMATA  + « v v v v v v e v e e e e e e e e e e e e e e e
1.1.4 AOAOVIA . . . . o o e e e e e e e e e e e e e
1.1.5 ®uotommaBoAoyia . . . . . . L Lo e e e e e e e e e e e
1.1.6 AlGyveon SUOCAETIAS « . . . .« v v o o e e e e e e e e e e e e e e
TTOXOG  + v v v v e e e e e e e e e e e e e e e e e e e e e
OsPNTIKO YIIOBAOPO . . . . . . o o o e e e e e e e e e e e e e e e e e
1.3.1 Mnxavikr) MAONoT . . . . . . o o e e e e e e e e e e e e e e e e
1.3.2 AAYOPIOPOI TASIVOINONG « + « v v v e e e e e e e e e e e e e e e e e e e e e e
1.3.3 BEATIOTOTIONMNGT] . . .« v v v v v e et e e e e e e e e e e e e e e e e e e e e
Babid Mdbnon (Deep Learning) . . . . . . . . . o o e e e e e e e e e e e e
1.4.1 Teviky) EPIYPAPT] TOU HOVIEAOU . . v v v v v v v v e e e e e e e e e e e e e e e
1.4.2 AOHI TOU YPAPOU . .« . v v v v e ettt i e e e e e e e e e e e e e e e e
1.4.3 To oUvoAO aKPOV ETOU ypAPOU G . . . . . . . o v v bt e e e e e e
1.4.4 H apyitektovikr] Tou poviedou G-CNN . . . . . . . . . . . o o e e e e
1.4.5 Zuvdpinon Kootoug (Loss), AAyopiBpo BeAtiotoroinong (Optimizer), Metpikég AS10A0ynong

(MetriCs) . . . . o o o e e e e e e e e e e e e e e e s
fMRI & ASBOPIEVA . . . . v o v e e e e e e e e e e e e e e e e e e e e e e e e
1.5.1 ZUPPETEXOVIEG KAL EPEUVA . o v v v v v o v e e e e e e e e e e e e e e e e e e
1.5.2 Katavopr] @AVOTUTIOV . . . v v v v v v e v e e e e e e e e e e e e e e e e e e e
1.5.83 TMepapatik) AladKaoia . . . . . v v v v v e e e e e e e e e e e e e e e e e e e
Aroktnon Asdopévav IMRI . . . . L L L L e e e e e e e e e e
TREIMRI . . . L L e e e e e
ESayoyn Xapakmploukov artd MR . . . . . . L L L e e e e e
1.8.1 MOVTEAO AVAAUONG ATAGVIA .+ .« v v v v v v v e e e e e e e e e e e e e e e
1.8.2 EZayoyr) XAPAKUPIOTIKOV .« v v v v v v v e e e e e e e e e e e e e e e e e e e
TIEIPAPATA . . o v vt e e e e e e e e e e e e e e e e e e e e e e

1.9.1 Opopog TV OUVOAGDV X,¥ + v v v vttt ot e e e e e e e e e e e e e e e e

Diploma Thesis



I[NEPIEXOMENA

2 Dyslexia & fMRI

3

1.9.2 Opiopog v cuvodev exknaidevong (train), ermkupwong (validation) kat eAéyyou (test) . . 47

1.9.3 Metpikég AS10A0ynong
1.9.4 Machine Learning
1.9.5 Babia Mdabnon

2.1 Definition of Dyslexia
2.2 General Symptoms
2.3 Types . . . . . ..o
2.3.1 Dyslexia by Time of Onset
2.3.2 Dyslexia by Deficit
2.3.3 Dyslexia by Sensory System
2.4 Causes . . . ...
2.4.1 Brain Basics
2.4.2 The Dyslectic Brain
2.4.3 Causes of Dyslexia

2.5 Treatment

2.5.1 Developmental Dyslexia - Phonological
2.6 Diagnosis of Dyslexia & Official Diagnostic methods
2.7 functional Magnetic Resonance Imaging (fMRI)
2.7.1 Brain Sizes
2.7.2 Brain Sizes Quality Metrics
2.7.3 Magnetic Resonance Imaging (MRI) Data Specifics
2.7.4 functional Magnetic Resonance Imaging (fIMRI) Data Specifics
2.7.5 MRI vs fMRI
2.7.6 Related Work : Dyslexia, fMRI and Machine Learning

Dataset

3.1 Participants & Study
3.1.1 Participants 1st selection
3.1.2 Participants 2nd selection
3.1.3 Participants Phenotypes Distribution

3.2 Experimental Stimuli

3.3 fMRI Data Acquisition

3.4 fMRI Data Preprocessing
3.4.1 Anatomical/Structural Data Preprocessing (3D-T1 MPRAGE)

3.4.2 Functional Data Preprocessing

3.5 Phenotypes

3.6 {MRI Feature Extraction
3.6.1 GLM First Level Analysis
3.6.2 Dictionary Learning Model
3.6.3 Atlas Model Analysis

Diploma Thesis



INEPIEXOMENA

4 Theoretical Background

4.1 Machine Learning . .

4.2 Machine Learning Methods . . . . . . . . . . . . . L L e

4.2.1 Supervised learning . . . . . . . . L Lo L e e e e e

4.2.2 Unsupervised learning . . . . . . . . . . . L e e e e e

4.2.3 Reinforcement le

arning . . . . . .. L L e e e e e e e e

4.3 Machine Learning Approacch . . . . . . . . . . . . L L e

4.3.1 Classifiers . . .

4.3.2 Definition of feature array X and labelvectory . . . . . . . .. . ... ... ... ..
4.3.3 Definition of Training, Validation and Test Set . . . . . . . . . .. ... ... .. ....

4.3.4 Metrics . . . .
4.3.5 Optimizations .

4.3.6 Feature Importance Algorithms . . . . . . . . . . . ...

5 G-CNN model

5.1 General Description of the Model . . . . . . . . . . . . . . . . e

5.2 Graph Structure . . .
5.2.1 Vector of Featur

es Dofthenodes N . . . . . . . . . . . . . .. e

5.2.2 Theedges Eofthegraph G . . . . . . . . . . . . i i i v v v it i ittt
5.2.3 The architecture of the G-CNNmodel . . . . . . . . . . . . .. . .. ... .....

5.2.4 Cost Function, Optimizer, Metrics . . . . . . . . . . . . . .. o

6 Experiments & Results

6.1 Machine Learning Framework . . . . . . . . . . . . .. oL L

6.1.1 Selecting the best Transformers per Classifier . . . . . . .. .. ... .. .. ......

6.1.2 Optimizing all 16 Pipelines’ parameters . . . . . . . . . . . . . . . ... ... ... ...

6.1.3 Selecting Best Ensemble Classifier . . . . . .. . ... ... ... ... ...,

6.1.4 Feature Importance . . . . . . . . . . . . . 0 e e e e e e e e
6.2 Deep Learning Framework : G-CNN Model . . . . . . . . . . . ... ... ... .

6.2.1 No. Experiments
6.2.2 Loss, Accuracy

Bibliography

Diploma Thesis

97
97
97
97
98
98
98
99
105
105
106
107
115

119
119
119
120
121
123
123

125
125
125
126
133
134
137
137
137

144






KepaAaro E

Extetapévn IepiAnywn

1.1 Ewayoyr

1.1.1 MaOnolwariég AUOKOAiEg

H 8uoAetia 6ev eival aoBévela kat Sev €xel Kapia oX€01 HE TV VONTIKY) 1Kavotta, tnyv nAkia, 1) 1§ eKenat-
Seutikég eukalpieg tou madlov. Ipoxkalei SuokoAia oto XEIPIOPO TV ALEemVv Kal oupBoA®Vv Katl Bpioketal KAT®
ano v oprpéda twv Madnotarmv AucKoALOV.

O 06pog pabnolakeg Guokodieg mepikAiel diatapyég yAwooag, Siatapaxég ypadng, avayveong, aplOpnt-
K1g Katl ermkowveviag. Kateo amod v ida oprnpéda Bpiokoviat kat 1o oUvEpopo g UMEPKIVITIKOTNTAS, NG
81d0omaong mpPoooyng, ol YEVIKA IPoBANIATIKES WPUXOAOYIKEG KATAOTAOELS KAl Ol YeudodiatapaxEg.

Me tov 6po pabnoiakég Suokodieg evvooupe pia opdada datapaxmv rou adopouv Vv yAooooa, v avtiin-
wn, v owdia, m yoa@rn, mu apduniikny, m uddnon Kai I Uunun, v Kivnon, Ty mpooox1], TNV OKEYn, 1O
OUAAOYIOUO KAl TOUG UNxaviouous emiuong Tou odpeidovial o S1atapaxeg T0U KEVIPIKOU VEUPIKOU CUCTIATOG.

ZUpgwva pe eKtnoetg ou Bacidovial oe mapap€Ipoug Kat Kppla diayveong 1o 15-20% tou mAnbuocpou
avupetenidel karnowa padnolakn duokoAia. Iepimou 10 20-30% auvtwv (3-6% tou cuVoA1KoU TIANBUCHOU) £X0UV

SuokoAia ot tayutnIa Kat v Katavonor eve to 70-80% autov éxet SucAedia.

1.1.2 Opopoi ywa tn SuocAesia

H 6uolegia eival pia padnoiakr) SuokoAia veupoBloAoyikrg rpogAeuong rmou yivetat avudnre Adye Suoko-
Awwv otV ekpddnon g avayveongs.

'Exouv &latunwBei oAdoi optopoi mou rpoorabolv va aravirjoouv oto epotnua Tt eivat n SucAedia“”.
®a napabéooupe oV MIPOTO OP1oPRoU 10U 600nKe aAAd KAl Tov IO mpoodato yia va avadeifoupe v mpoo-
50 NG EMOTNPOVIKLG KOWOTNTAG OTNV KATAVONOL] 1§ OUYKEKPIHEVNGS Nabnolakng duokodiag. Zupgweva pe
tov Pringle Morgan (1896) "H 6uoAetia sivatl pia nepinoon ouyyevikng Ae§ikngg tudpAnong” (British Dyslexia
Association). Tov mo anodexktd oplopod £€wg onpepa £dwooe o Rose Jim (2009) kat émetta uo0Oet)OnKe aro
Vv Bpetavikn) Etaipeia AuoAetiag : "H 6ucAetia cival pia pabnolakn duokodia mou ernpeddet Kuping 1 6egi-
OTIEG TIOU EUMAEKOVIAL OV aKP18r] Kal Pe EUXEPEIA avayvaor Katl opboypadia tov Aégewv™ (British Dyslexia

Association).

1.1.3 Ta €161 tng SuocAcfiag & Supntopata

Kdte arnd tv oprpéda tng SuocAegiag, o1 peuvnIEg £X0UV EVIOITOEL H1aPOPETIKOUG TUTIOUS e BAon v attia.

H 6uocAsia xwpiletal oe 8U0 peydleg Katyopieg:
e Avarnttu§iakrn 1 Tevetukn : H avartulakr SucAetia umdpyxet aro ) yévvnon, €Xel veupoBloAOYIKY)
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1. Extetapévn IepiAnyn

Bdon kat xapaxkinpidetat ano €AAelyrn otV AnOKINon TV 6el0ttov tng avayveong kat g opboypa-
(P1ag OUYKPITIKA PE TS VEVIKEG H1avonTIKEG 1KAVOTNTEG Tou atopou. KabBopilotikd yapakinplotiko sivai
n duokolia ot @@voAoyiky enefepyaocia (Phonological Deficit) [BouAyapng nuntplog, 2010] kat apa
otV avaduor v Aégemv o PeEpoVRIEVOUG fXoug. Ta dtopa pe autd 1o eibog duocle§iag propouv ocuxva
va erefepyactouv Kal va KAtavorjoouv OAOKANpeg Aggelg, aAdd Ol T0Ug PEPOVOPEVOUG HXOUG TIOU TIg

artapti¢ouv. AuokoAslovial va aroKOS1KOIojcouv ALEEG.

H avarttuglaxky) duoAetia nepilapBavel mpotonadn kat Sevteponadn duockedia. Opiopéveg eKTIPINOEL
urnodnAmvouv, ot 1o 40-60% tev natdiov, TV oroi®v ot yoveig éxouv ducledia, 9a avartuouv ertiong

aut 1) padnolakn duokodia.

— H npetorntadrig SucAedia opeidetal oe KAnpovouikd yovidia 1) oe pia yeveukrn petdAdagn, mou epga-
videtat pota oto 1610 1o dropo. H ducAettoupyia Pploketal otnv aplotepr) MAEUPA TOU EYKEPAAOU,
1 oroia ePIMAEKETAL OV AVAYV®OL], KAl eMNpeddel tv Kavotnta evog atopou va ernegepyaletat
vAwooa. Eivatl mo ouxvo otoug avipeg rmapd OTlg YUVAIKEG.

— H deutepoyevrig 6uoAedia mpokaleital and rpoBArjpata pe t) VEUPOAOYIKT) avAarttudn Katd v epbpu-
ikr) mepiodo (ot prpa). ‘'Onwg Kat pe v npetornadrn duodeia, ta cupreopata g deutepoyevoug

BduoAetiag eival mapdvia TERVOVTIAG Ao v mpoian natdiky nAkia.

e Eniktntn : H enikun duoAetia, yvootr) kat og tpavpatiky SucAetia, spgavidetatl otny naidikr) 1) eviAt-
K1) {01 ©¢ ArOTEAEoA TPAUHATIONOU 1) acBévelag. AUTo PIopel va eival eYKEPAAKO TpaUPd, EYKEPAAIKO
ene100610 (eyReEPAAKOG TPAUNATIONOG AdY® arnddppadng atpiopopou ayyeiou 1) aproppayiag otov eyKEPAA0)

1] avola (TIPo0deUTIKY PEI®OoT) TG PVIING, TNS 1KAVOTNTAG OKEWPNG KAl TG OUNIIEPIPOPAS).

H ertikuu) duolAetia Siakpivetal Baoet ng aduvapiag rou spgavidet 1o atopo :

— ASuvapia Akouotikyg ZUAANWNG : Zxetietar pe v Ba®ua AvoAedia . To atopo aduvartei va
dlakpivett pOOYyoug, pe anotédeopa va SuokoAeuetal va &exmpioet @OOYYOUg Iou P1o1adouv nNXnTka
petady toug, Onwg a-o, 0-ou, e-1. IIpoBAnua propel va rmapouotadouv Kat pe v ogutnta AAAev
@Ooyyav, onwg: B-d: Bdpog - papog, @d6og - Bapr 1 A-@: dacog - ®dacog, deopog - deopog. Ot
aoBeveig pe Pabia duoAetia:

* Kavouv onpaoctodoyikd Adbn otnv avayveor pepovopéveav Aggewav (r.x. 6évrpa avii §ao00og)
* Kavouv orttikd AdBr) (.. KAatoapo-KAaotavo)
* Kdvouv mapdyoya Adbn (06nyd-o0dnyodg)

* 'Exouv 6uokolieg otnv avayveon apnpnpévev ALgemv

*

Eivat oxebov aduvatn n avayveon peudodéiewmv

— AbSuvapia Onttikng TUAANYnG : Ixetidetal pe v Emigpaveiakny AvoAsdia. Ta dropa pe eruga-
velakn) 6uoAedia Suokodevovial va avayveopioouv otkeieg Aégelg ot oeAdiba kat va aviiotolyicouv tg
£vtureg A£§e1g UE TOUG 1XOUG TOUG. AUTO Toug SUOKOAEUEL VA ATIOUVIIOVEUCOOUV KAt va dupnbouv
Aéelg, akopa Kat autég mou £xouv 1dn pabet. Aev PImopouv va OUYKPATHOOUV 0TI PVl TOUg TG
Aertég 81aQopég PETAdU PEPIKOV YPAPHATOV, aplOuov, Hopdov 1) oXNUATev, I YPARRata: d - o, €
-0, B-@,B-9,v-%X0-8 et-1e,at-1a, apOpoi: 7-1,6-9,5-3,2-3,8-4,45-54, 23 - 32, 36
- 63. Emiong avupetabétouv ypappata, cuddaBég, Aégelg (r.x. motpa avti nodpta), 1 napaleirtouv

ypappata, ouAdaBeg, AéCelg (rr.X. mopt avti motr)pt) KA.
- ASuvapia ARouoTikiG Kat Onuikng ZUAANYng
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1.1.4 Awmodoyia

DYSLEXIA

Time of
Onset
Deficit
More Dyseidetic P N More Dysphonetic
Difficulty with whole words |~ " Difficuity with word sounds Sensory
System
‘ More Visual < > More Autitory ‘

Figure 1.1. Mopg¢é<g kat tunor AvoAeiag (International Dyslexia Association)

1.1.4 Awtiodoyia

Ot pabnowakég Suookodieg prmopet va apopouv nadia onowadnrote nAikiag kat epuiag . Asv ogpeidoviaio
MPRTOYEV®S 0 TIPOBANATA AKONG, 0paong 1] Kivnong, VONTKLG Kabuotepr|ongn, OUYKIVNOWaKNS Statapaxng
1) riepBaAdovukng arnootépnong. IIpoépxoviat anod (1) yevetiRég aAAol®oelg, PLOXNPIKEG avpalisg, anod
IPO-YEVVNTIREG KATAOTAOELG (I1X. 10YEVEIG AOU®EES TNG EYKUOU, aktivoBoloia X, SiaBring, vedppikn ave-
ndpxelda, ...) (2) mEPIYEVVNTIKOUG NMAPAYoVIEg (3) PETAYEVVNTIKOUG MAPAYOVIEG (ITX. HIKPOTPAUNATIONOL
TOU a1d10U oto KePAAl, OYKOL KAl PAEYHOVEG OTOV eyKEPaAAO, ...) (4) Tédog, o1 BroAoyikoi, WPuXoAoylKoi Kat
KOWVIROLIAPAyovieg rpoBAnuati{ouy yid v GOUPHETOXE] TOUG OtV AttioAoyia v pabnolakov SuoKoAiov.

Ebw kat Sekaetieg, £€xouv yivel oAAEG Epeuveg o1 ortoieg avadntouv v attia 1) ta aita tg SuocAediag. TToAAég
katéAngav ota id1a oupnepdopata, eve ardeg eixav tedeing S1aPopeTIkA KAl avilkpouopeva aroteAéopata.
TeAkd, petd and rmoAAég pedéteg, ot epeuvniég KatéAniav nog n Suciedia £xouv BroAoyiry Baon xkat opeietat

o€ eYREPAAIKEG GUCAEITOUPYIES OTO EMIMESO TOV VEUPIKWV OUVEETE®V [ped, .

e H undBeon tng veupodoyirig unoAettoupyiag : Apketoi epeuvntég (Kinsbourne & Warrington, 1963
- Naidoo, 1972) £xouv unootnpiget tnv aroyn ot n SucAedia ekbnAdvetatl oe dtopa pe Siapopa veuporo-
VKA eAAsippata, 0ng SUOKOAIEG 0TV X®PIKL aviiAnyn KAl 0pyAavaor), oty S1aKP101 TV AVIIKEIILEVEOV

arno Tov repBdiAlovia X®wPo Kal akopd otnv apbp®or) Tou IPopopikou Aoyou. Yridpxouv 2 Sewpieg

1. H mpodtn Sswpia unootnpilet tnv vrnapdn pag pag apdinieupng eAdti@pAtikhng avartuing tov
o TEPLOXOV TOU £yKePAAOU, 1 oroia prmopel va mpokAnOnke and karnowa acbévela 1) va eivat
rAnpovopiky. H dwatapayn avt nmpokaldei avayveootikég duokodieg. Tupgava pe tov Geschwind
N TEPLOXT] NG OUPBOANG TOU KPOotadPikou, iaKoU Kal Bpeypatikou AoBou eivat uneuBuvn yua v

enegepyaoia tou yparou AGyou KAl avopalr avartudn g odnyel o avayvootikég SUOKOAIES.

2. Zuugwva pe v devtepn Sewpia, mou npotdbnke xKuping arod tov Orton, n duocAetia propel va
ogeidetal oe €AArn) opyAvwon tou eykedpdlou. Ze autn) ) dewpia Paciotnkav ot anoyelg mmou
arodidouv v duchedia oe «kabuotépnon wpipavong kat «cAadppld eykepaiikn duclertoupyiar, ot

ortoieg Opwg dev €xouv unootnpxOei.
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1. Extetapévn IepiAnyn

e EAAuu|g npiogaipirn rKuplapyia & ITaGoloyikég AUucAerltoupyieg oty avatopia 000 Kat oty op-
yaveorn Kat v Aettoupyia tou syKepalou mou propet va petabiBaloviat kAnpovopika. Ta datopa mou
éxouv Suodedia dev €xouv Kupiapyo nuodaiplo 1 avtd ekbndovetal kabuotepnpéva. Ol UTIOOTPIKTIEG

g Anmoyng autrg Baciotnkav ota napakAate :

1. To apiotepd nuiopaiptlo eivat vrevbuvo yia v napayeyr Adyou.

2. H 6&8loxeipia kat n povordeupn eubuvn g opidiag opeidoviav o £1dputn AEITOUPYIKT) UTIEPOXT] TOU

aP1OTEPOU EYKEPAAIKOU NLoPpaAlpiou.

3. H duokoldia katdknong tewv evwolnv «de&l - aplotepd» arnod toug SUCAESIKOUG PAVEPGOVEL TNV €A
eyrRepadikr) kuplapyxia. H SuokoAia auvtn eivat n attia v kabpenuikov Aabov ot ypadpn kat

avayvaorn tev SucAeikov padbniov (loprodag, 1997).

e KAnpovopikotnra ITapayovieg yeVETIROV avpaAlav : ‘Exel mapatnpnet 6t n Suchedia propet va
Xapaxktnpidel ta atopa g 161ag 0KOoyEvelag ¢’ AUty TV MEPIMI®OL EVOOUE TO €UPUTEPO OIKOYEVELAKO
riepBaAdov kat Oxt POvo toug yoveig pe ta raidid toug. MeAéteg éxouv urnodei§et ot mbavag n ducledia
va ouvdéetal pe ta yovidia 1ou yeveukou pag UAikou. H avaduon ouvbeong €xel eviortioel 9 meploxeg

xpopoooudtov (Schumacher 2007) xkat 4 vnioyrdpia yovidia

Ot gpeuvnieg tou Turnpatog Wuyoloyikng latpikrg tou KoAeyiou latpikng tng Ouadiag avéduoav ta yeve-
TIKA Xapaktnploukd 300 owkoyeveldv anod v Ouadia kat v dutikr AyyAia rmou eixav tTouddyiotov éva
rtadi pe SuoAetia. Artopdveoav 1o yovidio KIAA0319 (tou xpwioowpatog 6) ouykpivoviag ta anotedéopa-
1a 1@V 300 OIKOYEVEIDV € AUTA OIKOYEVEIDV X@Pig pédog pe duocdeia. Ot ermotfjuoveg ermkevipOOnKav
oto 1g 1o KIAAO319 Asttoupyel pé€oa otov eYKEPAA0 KAl SIAKOITIE TIG IKAVOTITEG AVAYVOONS KAl Ypadng

TOU atopou.

¢ H unodOeon twv Nicolson rat Fawcett : AucAsitoupyia tng apsyrepadindag. H nmapeykepaditda sivat
Hla [EPLoXY] OT0 ITo® PEPOG TOU EYKEPAAOU 1) oroia eival urevbuvy MPOTOV, yid ToV KIVITIKG £AsyX0
KAl OUVEN®G yla tnv dpBpworn tou Adyou Kat SeUtepov yla v AUTORATOMOiNon TV KAONKOvVIov
rou pabaivovial ouvexwg, 1 omoia ennpeddel Ty PABNonN g AvilotolKiag ToU ypadHatog-paviiiatog
(Nicolson & Fawcett, 2011). Zupriepaopatikd, évag SUCAESIKOG PeloveKTel otnv autopatorioinorn, dniadn
oto va pdbet va extedel KAmoleg Se€10tteg pe euxépela, emdedlotnia Kat xwpig Adadn eite autég eivat

KIVNTIKEG €lte yvootikeg (Maupoppdrrn, 2004).

1.1.5 <Pucionaboloyia

Inpepa ot paydaieg e§edifelg oty texvodoyia onwg n payvhnukn topoypadia (MRI) kat n Ae1Toupy iKY aret-
KOVIKY payvnukou cuvioviopou (fMRI), emitpénouv v omtkonoinon g Ae1toupyiagg Katl tng aviarnokploong
TOU eYKEPAAOU KATA TV H1e€aymyn) YVOOTIKOV §1ad1Kaoidv, e arnotéAeoia o1 EPEUVITEG VA MANO1AoUV ApKETA
otV €&rynorn g ouvdeong Tou @aivopévou tg duoAediag pe v veupodoyia. O1 Rumsey, Horwitz, Donohue,
Nace, 1999) xpnoipornoinoav teXVikeg arekoviong yia va avadeifouv 6t n por Tou aipatog mpog TtV yw-
vwak1 €Atka (1 MEPLOXT) TOU EYKEPAAOU MOV £ival unéuduvon yia v PETAdpact Tou ypantoy Adyou
ot MPOPOPLKOU) cival onpaAvIiKa pelOpévn o atopa pe duoAefia Zambo Debby, 2004)

Etun£ov, 1eXVIKEG ATIEIKOVIONG TPAYHATONIOONKav yla v PeAetn eyKepalov SUcAeKTiKoV Kat pr du-
CAEKTIKOV ATOU®V Katd v dtadikaoia tng avdayvwong, e@voioykng kat onuaotofoyikne encepyaoiag. ITo
OuyKekplpéva, o Shaywitz et. Al (1998) xpnotponowwviagg detypa SUCAEKTIKOV Kal P1-GUCAEKTIK®V eVNATK®OV
Slariotwoe Ot Katd v 81ad1kacia PEVOAOYIKI|G EMECEPYAOiag 1) EVEPYOIIOINOT TOU aploTepoy nuiodpaipiov

elval pewpévn og oX€ON e AUT] TOU aplotepou nuiodalpiov oe eévav eykepaldo pn duocAexktikou Landi Nicole
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1.1.6 Audyveon SuoAeiag

et al., 2009 . ITA¢ov eival eUPE®G YVOOTO OTL 0 EYKEPAAOG TV SUCAEKTIKGOV ITAPOUOCLAGEL H1aPOpEG 0 KUTTAPIKO

Kal avatopiko enirnieo Zambo Debby, 2004

Parietotemporal area Compensatory
overactivity
of anterior

language areas

Broca’s area

Underactivation
of posterior

Occipitotemporal area
language areas

(area BA37, the visual
word form area)

Brain Region Brain Areas ‘ Activation Role
Anterior Broca’s Area Normal (left) Production  of  speech Brain Region Brain Areas Activation
(phonemic word analysis
and articulation during Anterior Broca’s Area Over-activation
reading and naming) (left & right)
Posterior ‘Wernicke’s area, Superior Normal (left) Phonological processing POSt?TiOT Wernicke’s area, Superior Unfﬂer-‘
(Parieto- Temporal Gyrus, the An- and in mapping letters to (Parieto- Temporal Gyrus, the An- | activation
Temporal) gular Gyrus) sounds (decoding) Temporal) gular Gyrus)
Posterior Brodmann’s area Normal (left) Word Recognition Posterior Brodmann’s area Under-
(Occipito- (Occipito- activation
Termporal) Termporal)

Figure 1.2. Zuykpion petalv wov apiotepou nuiopaipov tou SucAektikoU Kkat un SUOAsKTkoU eyke@dou ue
Baon tig mepoyég mouU evgpyomoovvtal Kata mu ektéAso n uadnotakov elotniov

1.1.6 Awdayvwon Suocletiag

H Suayveotukr Siabikaoia katd kavova rmeptdapBavel pia ospd e181koOv agloloyros@v , otV oroia e-
prAékoviat §1agpopot e181kot ermotrpoveg. Ot e181KOTNTEG IOV OUVNO®G KAAoUVIaAl va CUPHIETACYXOUV APECA Ot
Slayveotikn Siadikacia eival 0 oX0AKOg YuxoAdyog, o e181kog natdaywyog kat o Aoyoredikog. 'a v emiteudn
piag éykupng Siayveong, da npénet va AngpBouv unoyn ta e§ng:

e To 10TOpP1KO TOU TA1d10U : 11 B10-1ATPIKY) IPOioTOPia, EYKUPOOUVH, YEVVI O], A0DEVELEG, K.A.

e Atopikr) €§¢MEn tou nadlol 1600 cuvalednPatikd 600 Kal KOW®VIKA ,0UvhOeleg S1atpodrg, KOWVOVIKEG

ETTAPEG.

e Avarttudn v adpmv KIvroe®v- PIOUCOUANPA Otd TE00EPd, TIEPTIATIA, TPESIH0 KAl AEMTIOV KIVHOEDV,
KOYo pe wadidy, oxédio, {oypadikr).

® AVAITIUdn TV OIUKGOV -~ XOPIKOV IKAVOTTOV - 0§UTITA 0paong, OITIKY avAaAuor Kal oUvOeor], mpooava-

TOA100G OTO XWPO.
e [TAeupiworn, aplotepoxelpia, apixeipia n detloxepia.

o AvtiAnuyrn xpovikng 6tadoxng - nuépeg g eBdopddag, pnveg Kabmg Kal 1OV H1ATPOITIKAOV AEITOUPYLQY,

OIM®G 1KAVOTTA OCUYKPATNO1NG OE1p®V, EUPECT] OVOUAT®OV ITPOS AVIIOTOIXEG E1KOVEG KAl AvVIioTpodd.
e Mwooikn e§EAgn , e6€AEn oto eminmedo g aubopuning ermkoveviag.
e YXOAKO mpoiotopiko, note avilAndOrKajle 1 oTtaciotntd oIV avayvaor Kat ypaos).
e Wyuyodiayveotikn kat opbo-niadaywyiky egétaon. (Avactaciou,1998)

O wuxoAoyog eival ekeivog rmou Sievepyel P@OTOG tnv £6€TA0T) TOU IAd10U ,[IPOKEIEVOU va aropaviel yia

Vv Urtapén piag coBaprig avayveootkng tou duokoliag.

1. 'Eva otaBpiopévo 1e0t vonpoouvng, Katd rpotipnon n avabswpnuévn Kiipaka Nonpoouvng tou Wechsler

yla rtadid yia tov rmpoodloplopo Tou YveoTikoU rediou tou SucAetikou raidiou
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1. Extetapévn IepiAnyn

2. 'Eva otabpilopévo teot avayveotkng kavotntag. Emiong Seswpeitar avaykaio n xoprynon evog teot
opBoypadnuévng ypapng o repirntoon rmou to §ucAe§iko rmaidi eivat evbexdpevo va rapouotadel coBapig

duokoAieg povo ownv opboypapnuévn ypaon (Ztaocivog, 2003).

1.2 Xtoxog

O 010X0g autig NG SIMAGPATIKAG £pyaoiag €ival 1] KATAOKEUT] £VOG BEATIOTOMIOUIEVOU HOVIEAOU PNXAVI-
K1g pdbnong mou Sa mpoBAémel av évag/pia cuppeExwv/ouoa sivat vyrg, £xet Avoiefia 1) €xel KAmola AAAn
Opdoypagucn Sratapayn pe xpndn dedopévav IMRI(Ae1toUupy1KY AMEIKOVIO PLAYVNTIKOU cuvioviopou). [TapdA-
AnAa otoxeuoupe otV eUITAOUTION TG AN POpOopiag IToU MAPEXETAl HEO® KATAOKEUTG Slaypappdtov ota ornoia
HIopouv va apdinenbouv ot EPIOXEG TOU EYKEPAAOU (KAl oUVEEDEIS AUTHOV) TIOU GUPBAAAOUV Ot PEYAAUTEPO
Babpo otig poBAEwelg TOU POVIEAOU.

Me ta Xpovia 1 TEXVNTH] VONOoUVH £XE1 XPNOTHOION Ol yia TV aviXVEUOT] YPUXIKOV ACDEVEI®V KAl YA®OO1-
KoV SUOOKOAIRV pe Sapopstikd péoa. Ot IO KOWVEG TEXVIKEG Yld TNV aviXveuor] g oX1oPppEvelag e Xpnon
TeEXVNTS vonpoouvng reptdapBavouv oapwoelg PET, EEG texvikég rmou repltdapBavouv ta§ivopnorn yovidiov

Kal IIPRTEIVOV KAl AeEKOVIon PayvnTikou ouvioviopou (MRI)

1.3 Oswpntiro Yno6abpo

1.3.1 Mnyxavikyy Maénong

H Mnyxavikry Md6nor eivat n texvodoyia avartuéng aAyopifpev Umoloylot®yv mou Propouv va pipndouv
v avbpomvy vonpoouvr. Qg KAAS0G NG €MIOTNHING TOV UMTOAOYIOT®OV I PNXAVIKI P1A0non mpoépxetal amno
T PEALTN TS AVAYV®PIONG IIPOTUTIOV KAl TNS UTIOAOY10TIKYG Sempiag pdabnong otnv texvntr) vonpoouvr). Eivat
£va veéo 1edio 1o oroio egediooetal ouvexwg Kat Ppioketl epappoyEg oe TT0AAOUG TojElg OnwG 1 BLOTIANPOPOPIKTY,
1] OIKOVOid, TO PAPKETIVYK, 1] XNHIEOMANPOPOPIKY| K.

Autoi o1 aAyopiBpol £€XoUv KATAOKEUAOTEL Yid va PIopouv va Bedtiovovial autopata PEo® tng ePrnelpiag
Kat pe ) xpnon dedopévav, yvootev og dedopéva exnaideuong. Ot adyopiBpotl pnyavikng padnong propouv
va ta§ivounBbouv o TeEXWPIOTEG KaTnyopieg avaloya pe ) @uorn tov dedopévav, ) dadikaocia exkpadnong kat
tov tuno poviedou. H Mnyavikr) MdOnon Sewpeitatl og pépog g Texvnirg Nonpoouvng kat xprnotporoteitat
yla ) Afyn rnpoBAéwenv 1) anopdos®v Pe Paon ) pabnolakn €Pmnelpia mou AmEKTINOE TO POVIEAO PEO® TG
eknaidsvong

Méxpt orfjpepa 1 teXvoloyia pnxavikng padnong £xel epappootel oe S1apopetikd media oneg 1 avayvopt-
On MPOTUM®V, UIOAOY1OTIKI] 0pAO0t), HUNXAVIKL S1a0tHIKOV oKAP®V , XPnpatodotnor), yuxayoyid, OlKoAo-
yia,unodoytlotuikn Blodoyia kat Broiatpikég Kat 1aTpikeEG ePpappoyeg . YIiapXouy Ipelg TUIoL PNXavikng pabnong:
n emBAenopevn padnon, n padnon xwpig eniBAsywn Kal n EVIGXUTIKY pabnon. e autr] ) SUTAGPRATIKY)
epyaoia, n eruBAenopevr pdadnon xpnotpornoteital yia v rmoAAarAn tagvounor).

e EmiBAentdopevn Mdabnon : Katd ) Sidpkela g ekpdbnong, pia ouvdptnon avil- otoixei pia eicobo oe
pia €obo, Baociopévn oe {guyapla €1006ou - £§660u. O aAyopiBpog avaduvet ta debopéva exkmnaibeuong
Kl ITapayet €va Poviédo, 1o oroio prmopet va xpnotpornotn el yla v avilotoixion véev dedopévev. Autd
erTuyxavetal pe ) Pedtiotornoinon piag ouvdaptnong KOoToug Iou oUoyetietl v eicodo pie v £§060.

[TpoBAfjpata eruBAenopevng pdbnong eivatl n ta§ivopnon, n npdéyveon kai n dieppnveia.

e Mn-EmBAsndépevy Malnor : v pn-ermBAenopevn padnon o adyopiBpog pabaivetl potiBa and 6edo-

péva xwpig etiketeg, dnAadn amno 6edopéva rmou oe avtiBeorn) pe mptv 1) £§060g Sev mapéyxetatl otov alyopi0-

m Diploma Thesis



1.3.2 AlyopiBpot Tagivopnong

po. Ze auto 1o £idog pnxavikng padnong n pnxavn Xtidel pia eontepikn avarapdotact) 10U KOCHOoU Tr|G.

Avo mpoBANpata pn-ermBAenOpevng Padnong aroteAouv 1 avdAuon CUCXETIOP®OV Katl 1 opadonoinoy.

e Evioxutikny Mabnon : Me v evioXUTiKr] pdabnon 1o mpdBAnpa poviedoroteital og mpdKiopeg rmou
AapBavouv arnopdacelg oe €va TepBAAAovV, 10 011010 TTOAAEG POopeg aAAddel Kataotaor. TKOIOG ToUg eivat
va peylotorton 0l 1o oUvoAlKoS kEPHog aro tig emBpabevoelg rou AapBavouv raipvoviag pia andgaorn. H
rapouoa Katnyopia rpoortadei va BPet v XpUoH] Ol avapeoa otV §epEUVNOn TOU XWPOU S1EpeUvnong

TOU IPOBAT|NATOG, KAl OtV EKPETAAAEUOT] TNG YVAOONG ITOU £XE1 CUOO®PEUDEL.

1.3.2 AAyopi9potr Ta§ivopnong

Y& autr) Vv evotnta reptypapovial Yempnuika ot aAyopldpol mou Xpnotpornotifnkav yia tmy tagivoun-
on v dedbopévav oe atopa pe SuoAelia, pe opBoypadikn Siatapayxn kai oe dtopa Xwpig. Me kabe
gvav arod toug aAyopifpoug mou avagépovial mapakdatw, KAMoog propei va e§dyel ouvpnepdopata Kat yua
10 KATd IMOCO CNUIAVIIKA [TaV Ta XAPAKINEIOTIKA T0U ouvodou Sedopévav otnv ta§ivopnon. v napovoa
gpyaoia ypnowporotribnkav 16 taivopntég onwg autoi rapgyoviat and v PiBAiobrkn sklearn . Autoi e-
tvat pe v oepa : Aoywotuen Iajwdpounon (Logistic Regression), Aévtpa Anogaong (Decision Tree), Tuxaia
Aaon (Random Forest), Aaon Evioyvong (Ada Boost), Mnyavég Atavuoudiov Yrootrpiéng (Support Vector Ma-
chttps:/ /www.overleaf.com/project/622549ce096bd9b22853d906hine (SVM), Evioyvong Kiiong (Gradient
Boosting), XGboost, Extra Tree, Linear Discriminant Analysis (LDA), Ridge, Stochastic Gradient Descent
(SGD), Multi-layer Perceptron (MLP)

Aoylotiki naAwvépopnon

H ypappikn nmaAwvdpopnon xpnotponoleital yia my eKTinon mpaypatkov Tipov pe BAon ouvexelg peta-
BAntég. Ta nmapaderypa, n mpoBAewn g TG EVOG OTUTIOU, T®V CUVOAIKGOV MOANCE®V K.ATl. O 010)0g £ival va

Bpebei n ypappn rmou taptddel KaAutepa, Yveot o§ ypapir) rmailvdpounong rnou avarapiotatat oty €§lomon
y=PBo+Bi-x+e

OT0U € givat 10 opaApa, enopévag 1 S1adpopd Petadyu g apatnEoUevng TS Y Kat g eubeiag ypappng
Bo +B1 - x+ e. Yndpxouv U0 TUMOl YPAPHUIKNG MAAWVOPOUNONG: 1) AITAN YPAPRPKL TaAtvdpopnon Kat 1)
roAAarAn ypappikr aAwvdpopnon. H mpotn xapaxktnpidetar ano pia ave§dptn petaBAnt, evo n 6eutepn
ané nodAaridcta (mave aro 1). 1o napakdie Lxnpa 1 napouoiddetal éva napddeiypa anidng YPapRpiKng
radwvdpopnong pe pia ave§dptnn petaBint).

H extipnon péyotng mbavotnrag (MLE) eivatl évag aAlyopiOpog rmou xpnotporote- itat aro tov aiyopid-
Po Aoylotikng maAvdpounong MPOKEIPEVOU 01 OUVIEAEOTES (Tiég PBrita) Tou adyopibpou va ektipnbouv ano ta
6edopéva exnaideuong. O aAyopiBpog (MLE) avalntd Ti€g OUVIEAEOT®V IMOU £AAX10TOTIOOUV T0 OPAApa Ot
mbavotnteg mou mPoBAETovIal armo 10 POVIEAO autég ota debopéva. Auto ulormoleital Kupiwg Xpnot- 1omot-
wvIag anodotikoug aAyopibuoug aplfunukng Bedtiotonoinong. Tétolot aAyopiBpol propouv va ermAeyouv oG
MAPANETPOL OTOV ta§vountr] Aoylotikrg radivdpopnong xpnowpornowoviag t BiBAobrkn sklearn, sropéveag
gival évag ermItA£0v OUVIOVIONOG UMEP-TIAPAPETPOU otr Sadikaoia tagivopnong. Ymapyxouv apketol BeAtioto-
IO TEG TTIOU PITOPOUV va Xprotpornonfouv atov ta§voprntr), adda Sev eivat 6Aot katdAAndot yia éva ripoBAnua
MOAAATIA®V KAAOEQV OTIOG TO TPEXOoV. Q¢ armotéleopda, avagépovial Povo autd IoU XProtpoIolouvidal yid ta

nelpdpatd.
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1. Extetapévn IepiAnyn

K-rio Kovtivog yeitovag (k-Nearest Neighbor)

O k-nearest neighbor ivat évag pn napaperpikog €MOmteUOPEVOS aAyopilO110g mou Xpnotornoteital ite
oe npoBArjpata madwvdpounong eite oe mPoBArpata tagvopnong, 0 OIoiog XPNOIHOIolEl vV eyyutna yla
va Kavel ipoBAEPEIg OXETIKA Pe TV Ta§vounorn evog onpeiou dedopévov. Xprnoylonoteital meplocotepo yia
npoBAnpata ta§ivounong, Soudevoviag pe v unodeon Ot apdpola onpeia Propouv va Ppedouv 1o éva Kovid
oto dAdo. ®a oculnujooupe v tagvounon kK-NN kat oxt v nadivdpopnon kabwg eSunnpetel 1o eUpog TouU
pExovtog ipoBAnpatog. H eicodog amotedeital anod ta K mo Kovivd napadeiypiata eknaidsuong os €va cUvoAo
b6ebopévav kat n €80dog eivat pa 61o0tta pédoug kAdong. H Swadwkaoia katd v oroia tadivopeital éva
onpeio ovopddetal misoyndia tev yertovev tou. Kabe avukeipevo ekxmpeital otnv KAAOn 1OU €ivat o KOwr)
petady v k mAnoléotepmv YEtovav 10U, OIoU K eivatl évag 9etikog akeépalog, ouvnBng £vag PIKPOS aKEPAL0G.
Enopévag, av k = 1,10Te 10 AVUIKEIPEVO ATTANG EKXWPEITAL OTNV KAAOH aUTOU TOU ArMA0U MMANCIECTEPOU Yeitova.

a va pubpiotel nowa onueia 6sbopévwv eival mo Kovid oe €va 6edopévo onueio dedopévav, mpenet va
UTTOAOY10TEl 1] ardotact) Petasy autav oV onpeiov dedopévav. Yridpxouv rodAég petprioelg andotaong anod tg
ortoieg priopouiie va ermAégoupe, pe v EukAeibela anootaon va givat i) mo Kovr yla ouvexeig petaBAntég kat
n anootaorn Happwy yia tig Siakpiiég petabAnteg.

Mua dAAn kpiown napaperpog yia tov adyopdpo k-NN rou mpénet va ouvioviotel eivatl n tpr) k. H tipn
otov adyop1Bpo k-NN kaBopiel mooot yeitoveg Sa edeyxBouv rpiv tnv taivopnon tou onpeiou gpotpatog. H
ermAoyr] ToU K propel va kabopioet eav o alyopiOpog Sa unepripooappodetat 1 oxt. Ot XapnAotepeg THEG TOU
I propet va €xouv uynAr Stakvupavorn, aAAd XapnAr mpokatdAnyn, eve peyalutepeg Tipeg tou k prmopet va

€xouv uynin Stakvupavon kat xapnAotepn dtakupavor).

Aévipa anogpaong (Decision Trees)

Ta &évipa anopaongdiaxmpidouv tov X0po tev dedoévev o opboywvikég dopég Kat ekraldeuouv éva ario
povtédo, onwg eivat pia otabepd, os KABe pia and avteg. Zuprinpovoviag, Kabe diapéplon avriotolkel oe
évav KopBo evog Suadikou G6Evipou, Ol aKPEG IMOU 0d8nyouv otd Maidid Tou €ival UMoX®potl, Kat Ta naidid
10U eival Siapepioelg autav TV VMOXOPKV. Bswpwviag N mapatnproelg g PopPng (X1, Xz, ..., Xip, Yyi) 61ou
i=1,2,...,N, p 10 0UvoAo TV £1006wV, y; pia ando K kAdoeig kat M dapepioeg Ry, ..., Ry, ..., Ry T0U X®pou

6edopévav ano 1o devrpo, opidoupe:

R 1
D = N Z I(y; = k)

XieRm
Orou I 1 Seiktpla ouvaptnon kat Pk 1 moodtnIa OV naApatPHoe®y g KAdong kot diapépilon m mpog
10 mMAnBog tev otoxeinv tng dapépiong. 'Ooeg mapatnproelg Bpiokovial oty dapéplon | tagivopouvial pe
Bdon v mAslovotnta TV apatnProe®V Mou auty] reptExet, dnAadn:
k(m) = argmax pmie

E6¢ atider va avagepbei n Sadikaocia eupeong v dapepioewv Ry, ..., Ry. Oswpoviag pia cuvaptnon
Om(T) wg IV ouvaptnon anwdelag tou HEvipou yia ) drapépion m, pia petabAntr) j kat éva onpeio dapépiong

s opidovtatl o1 UTIOX®POL:

R1(j, s) = {X|X; < s} xat Ry(j, s) = {X|X; < s}
Availntoupe 10 {eUYOG TOV j KAl S TTOU 1KAVOITOl0UV TV
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1.3.2 AlyopiBpot Tagivopnong

min; s[Q1(T) + Q2(T)]

Ia kaBe j n ermdoyn tou g propet va yivel eukoAa, wayvoviag oAa ta 6edopéva e10060u, Kat dpa 1) Aoy
Tou {euyoug (j, s) eivat eUkoArn. Avadpopikd ertavalapBavoupe oe Kabe pia amnod 11§ MEPLOXES TTOU XWPioape.

v napandave dadikacia, yia peyddo peyebog 6évipou, eAAoxeuetl o Kivéuvog g UNepeKknaidbeuong ota
b6ebopéva. Etot n BiBAoypadia mpoteivel v €€fg oTpatnyiky] yid trv ario@puyt] T0U Iapandve rmpoBAnpartog.
Apyika n Sadikacia dtapeptopoy 1ou Xwpou dedopévav otapatd otav ot KopBot @UAAA €Xouv €vav eAdx10to
apBpo amno otoxeia, .. 5 kat €tol dnuoupyeitat éva dévipo,totw Tp. Tote xpnolporoieital pia TeEXVIKY)
KOOTOUG - TIOAUTTAOKOTNTAS Vid T0 KAGdepa tou 6évipou. Opidoupe éva umodévipo T C TO, TIOU MIPOKUITIEL AV
rAabépoupe to 6évipo, dnAadn av apaipéooupe Evav onolodrnote aptdpo kopBwv tou. Av évag KopBog @uUAAo
1 OM®G Tapandve, avilotolyel oe pia reploxr Py, kat ouvoAikd urtdpyouv |T| meploxEG oto UodEVTPO, TOTE TO

KP1TI)P10 KOOTOUG - MTOAUTTIAOKOTITAG TIAIPVEL T Hopd1) :

||
Ca(T) = ) Nex@m(t) + alT|
m=1
Egetddovrat modAég tipég yia 1o a > 0, 1o oroio epunvevetal og n aviaddayr petay tou peyéboug tou
8évipou, KAl NG KaAvotntag tou va padet ta dedopéva. Tédog to T C TO Sévipo mou ermA€yetal, ITPETEL

edayiotorotei 1o Cy(T) yia 10 EKACTOTE a

O1 Stagopetirég Qn(T) mou mpoteivovial yia tagvopnorn eivat:

1
Misclassification Error = N Z I(y; # k(m)) = 1 — P xc
M ieRn

A
S

K
Gini Index : Z PmicPr e = Zf)m,k(l — Pmyi)
Ik =1

K
Cross entropy or deviance : — Z DPmiclogbm i
k=1

EvOulAdkaon

I'a ) Sadikaoia g evOuddkwong (Bagging), yivetat apyikd n Snpioupyia evog mpokabopiopévou mAnboug
B ouvédav 6edopévav eknaidbeuong, pe Pdon to apxiko. Kdbe ouvolo dnpioupyeitat SertypatoAnmukd pe ena-
vatornoBEtnon anod 1o apx1ko (Bootorparn caprmieg), Kat KabBéva and autd Xpnotponoleital yia v eknaidsuon
€vog poviedou. Tedikd otav 1o véo po- viedo dextel Hebopéva, 10 arotéAeopa mou mapdyet (Otnv MeEPII®OoN
g Tagvopnong) eivat n katnyopia mnou Yrigpioe n rmeoyneia twv poviedowv. Lxrorog g dadikaociag ivat n
peilwon g 61aoTopdg T0U aroTeAE0ATOS TOU PHOVIEAOU, PE0A ATO TOV OUVOUAOHO POVIEA®V TIOU £xouv Sopubo,

alla eivat apepoAnrta

Tuxaia Adaon (Random Forest)

Zuvduddoviag tig naparndve dUo pebddoug rpoxurttet o £§1g aAyopidiog.
To povtédo tou Brpatog 2 ovopaletatl tuxaio dacog (Pavbop Popeot) kabmg amoteAeital anod moAda dévipa

anopaocew®v, eKnaldeupéva os tuxaia urnoouvoAa 10U cuvoAlou eknaidsuong.
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1. Extetapévn IepiAnyn

Anroriemor 1.1: Tuyaia éaon

1.Tvabe{0,1,..B} :
(a) Anpoupynoe Eva véo cUVoAo eKIIAibeuon§ Ao T0 APX1KO maipvoviag deiypata e emavatornob£inon
(B) Anpoupynoe €va 6&vipo anopaong Kal eKNAibeUoe T0 0T0 VEO oUVOAO0 dedopévav
2. Ertiotpeye 10 VEO GUVOAIKO J10VIEAO TTOU TIPOEKUYE
3. Ta kdBe poBAeyn oe véo onpeio Pydale og amotédeopa v KAAOT IOU IIPOEKUYE OtV MAsloyndia teov
SevipmVv.

Aévtpa evioxuong (Ada Boost)

Alatnpwvtag ) onpelodoyia v 6EVIpeV armopacsmv, oe KAOs TEPIOXT) TOU XOPOU £vog EVIPOU aropaong

R; aviototyoupe pia otabepd y; wote o1 mpoBAéyeig va yivoviatl @g:

xeRj—>f(x):yj

Kat to 6évipo mAéov opidetal wg:

T(x;9) = yil(x € Ry)

J
J=1
ortou J 10 1mAr006 TeV TEAIKOV IMeploXav diapépiong tou dévipou kat O = {R;, yj};.’:1 Heta- mapdperpot. Auteg

01 TTAPAPETPOL BPioKOoVIAl EAAX10TOIIOIMVIAS TO EUIMEIPIKO PIOKO:
J
0= argminz Z L(yi. vj)
© J=0 x€R;

orou L(y;,j ) nouvaptnorn opaApatog HetafUtov MPAYHATIKGOV TIHOV Y KATTOVIIPOBALPEDV TOU POVIEAOU

gamma;. E6® avapépoupe tov adyopiOpo AdaBoost o oroiog eivat o e§ng:

Aaropiemor 1.2: Aévtpa Evioyvong

1. Apxikoroinoe ta Bapn w; = 1/N,i=1,2,...,N, 6rou N o apibpog teov dedopévav eknaibsuorng.
2. I'a m = 1 péxpt o M:

(a) Exmnaibeuoe 1o poviédo ta§ivounong Gy, ota debopéva exkmnaibeuong pe Bapn w;

(B) YroAoyioe 1o opdApa

SN wil(yi # Gm(x))

N
i1 Wi

errm =

(y) YoAoyioe ap, = log((1erry,)/errp)
(6) ®cos

w; « wié[ami(yi#“Gm(Xi))]’ i=1,2,....N

3. Emiotpeye og anotédeopa G(x) = sign[, =1 MamGmm(x)]

Mnyxavég Alavuopatev Ynootping (Support Vector Machine)

Yrootr)pi€n Siavuopatikou pnxavhpatog (SVM) eivat évag adyopiB110g upnAng Xprjong rou Xpnotpornoteitat
1600 yla mpoBAnpata rmadwdpopnong 600 kat yla rpoBinpata taivopnong. O otdxog tou adyopidpou g

pnxavrg davuopdtev urootrpigng ivat va Bpet éva urnepeninedo oe éva xopo N-6idotaong, omoulN eivat o
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1.3.2 AlyopiBpot Tagivopnong

X, O X; . O
| o O .
| Q
O
o O
D 3
X4
Figure 1.3. [lidava unspemineda Figure 1.4. BéAtuoto vnepemninedo

ap1Buog TOV XAPAKINPIOTIKGAV [TOU UITOPOUV va Ta§lvoprjoouv ta onpueia dedopévav. Xpnotporolel éva armio
Rabnpatiko poviedo y = w - X + Y KAl 10 Xepidetal yla va emIpePet ) ypappiky dwaipeon topéa. To SVM
HIopel va XOP10Tel 08 YPAPHIKA KAt Jin YPappikda povigda . To pnxavnua 81avuopdiov ypappiKg Urootr|pisng
propet va dapéoet ta dedopéva pe pa Ypappiky ypapps) 1 vneperninedo yua va Siaxwpiost 11§ KAAOElG oTov
ApY1KO Topéa. Amo v dAAn mAsupd, 10 U YPARUIKO PNnXavnpa 51avuopdtev Unootrpigng Urodetkvuet Ot o
topeag 6edopévav dev propei va Stapebel ypappika kat priopet va petatpariel oe éva Xopo rmou ovopadetat
XWPOG XAPAKTNPIOTIKGV OITouU Ta dedopiéva propouv va Siapebouv ypappikd.

'Onwg @atvetat oto Figure 1.3, unidpyxouv roAdd mbavd urniepertineda 1mou priopouv va ermAeyouv, IIPOKEL-
Hévou va Slaxmplotouv ot U0 katnyopieg onpeiov dedopévav. O okorog eivatl va PBpebel 1o eninedo mou €xet
10 péyioto repdwpPlo, apa tr) PEYLOLL, anootacr) Petady onueiov dedopévav kat anod tg 6Uo Katyopieg, onwg
paivetat oto Figure 1.4. Ta onpeia dedopévav pe tyv edayiotn anootaon and To uneperinedo ovopadovrat
Sravuopata vrootr)pgng Kat ennpedlouy ) 9€on Kat tov rpooavatoAlopd tou urnepertinedou. Edv diaypayou-
pe ta davuopata otpigng, n 9éon tou urnepertinebou 9a adddadel. Xpnowomnowwviag autd ta Savuopata

urootr)png, PEYIOTOooUE 10 EP1BWP10 TOU tagivountr), onwg areikovidetat oo Figure 1.5

[ Yo
o {|i *®
bl [
00 Wt A N
0 0 0 0 :'_.““ [ | ]
0 e i L | 0
g2 0
0 fi

s"'v \
Small Margin %rge Margin

Support Vectors

Figure 1.5. Aiavuoupata vrootipiln

Evioxuong KAiong (Gradient Boosting)

O aAyopiOpog Evioxuong KAiong (Gradient Boosting), Baciletal ota évipa amdpaong Kat Xprotpornotet
NV TEXVIKI] evioxuong kAiong yia v BeAtioon g enidoong tou poviedou. O alyoptdpog autog rmapouotadet
ApKetEg opolotnteg pe v [Ipoocappoopévn Evioyuon mou eidape mponyoupéveg. Civetat xprion aduvapev
Aeapvepg o1 omtoiot ouvduddoviat pe otabpiopéva fapn KAatd v eKnaideuon Kat CUYKEVIPOVOVTIAL e ITapOHo1t0

TPOIT0 yla Vv Snuioupyia tou duvatou Aeapvep IMOU MAPAYEL TV TEAKT] T e§6dou.
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1. Extetapévn IepiAnyn

Apxikd, dnpioupyeitatl éva poviédo Baotopévo oe éva urtoouvolo tov dedopévav. Me autd to poviédo yivo-
vtal poBAEWelg o OAOKANPO T0 0UVOAO TV dHedopévev ekmaideuong Kat Katormy urnodoyidetatl to opdipa. To
aduvapo PoviEAo TapAayel AvenapKeig MPoBAEYEIS Kal £T01 TIPETIEL VA EVIOXUOET O PIETAYEVECTEPES EMMAVAAT|YETG.
'Etot Snpoupyeitat éva kavouplo poviédo 1o oroio AapBavetl unidyy ta opdApiata rmou vrodoyiotmkav {dn rat
eruyepel va efadeiyet ta AdOn tou mponyoupevou. Ot poBAwelg autng g véag enavainyng ocuvduddoviat
e tig IpoBAEYelg NG MPONyoUHEVNS

H &agpopa tng Evioyxuong KAiong aré v [pooappoopévn Evioyuor sivat ot aut) ) @opd, avii va adAaget
n Baputnta v ouypidtunev ornou taiivopndnkav Adabog, yivetatl eknaibsuon kabe véou poviedou aglomnoloviag
1a UTOAETOPeEva opdAApiata Tou mponyoupevou. H emavaAnmnuiky) auty) Stadikaoia otapatd eite 6tav 10 opaipa

b6ev aAdddet, 1) av emteuyBel 10 PEYIOTO OP1O TOU AP1BPOU TOV POVIEAGV.

XGBoost

Ze mpoBArjpata mpdBleyng orou ta dedopéva eivar adounta (ewkoveg, keipevo) ta Texvnra Neuvpwvika
Aiktua (TNA) tetvouv va ermkpatolv te@v unodomev aAyopibpev. Qotdco oe dedopéva mou eivar Sopnpéva,
ol aAyoépiBpot ou Paocidovial ota Sévipa anogaong eivatr ouvrBwg kadutepot. O ErBooot sivat pia e§EAEn
TV SEVIPWV Amodaong MOV XPIO1HOITOEl APKETEG £§UTTVEG BEATIOTOTIONOL1S V1A va METUXAiveEl KAAUTEPO ATTO-
t¢deopa. Kamoieg and g BeAtiotonoinjoeig mou xpnotponotet eivat mapaddnlomnoinorn, kAadepa dévipav, Kat
BeAtiotornoinon UmoAoy10TIK®OV TTOP®V.

O aAyop1Bpog autog dnuoupyndnke wg pépog Epeuvag oto Iavermotpio tng Qaonuwvytov. Ot Tiangi Chen

kat Carlos Guestrin nmapouciacav ) 6ouleld toug oto ouvedpro SIGKDD 2016

Bﬂﬂtstfﬂp_ﬂggmgﬂﬁ"% or Models are built sequentially Optimized Gradient Boosting

Bagging is a ensemble by minimizing the errors from algorithm through parallel
meta-algorithm combining previous models while D\ﬂuccssing,tree-prunmg,
predictions from multwﬁle- increasing (or boosting) handling missing values and

decision trees through a influence oﬁn h-performing regularization to avoid
majority voting mechanism models " overfitting/bias

Trees \. Forest {osy

Bagging-based algorithm Gradient Boostin

Agraphical
: where only a subset of employs gradien
;:gﬁsee,ﬁﬁ%mgfto features are selected at descent algorithm to
padecision based on random to build a forest minimizeerrors in
Cartain conditions or collection of decision sequential models

trees

Figure 1.6. E1i{n adyopiduwv Sactopucvov os 6Evtpa anopacemv

1.3.3 BeAtiotonoinon

‘Eva koppdt g rnapouoag SUTAOPATIKEAG TOU UIMOPEL va TIPOOPEPEL EMMIOTNIOVIKY agila ivat ot dnpioup-
yhoape éva gpyaleio yia e§avidnukr) BeAtiotonoinon oe 3 dragopetkd emnineda, dnwg gaivetat kat oto Figure
1.8

BeAtiotonoinon no. 1 - Emoyy BéAtiotwv MetaoXnpatiotev

Z16x0g pag oto Prjpa auvtd sivat va ermdéioupe tov KatalAnddtepo ouvduaopo IPOEMESEPYATT®V TIOU O-
dnyouv oto kadutepo fl score (petpikn n oroia Ya avadubel napakdatw). Xpnoworow|Onke n PBA0ONKN

scikit-learn kabmg napéyxel mMAnbopa pertacxnpatiotov. ‘Onwng Sa avadeépoupe KAl MAPAKAT®, ta dedopéva
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1.3.3 BeAuotonoinon

Cache awareness and
out-of-core computing

Parallelized

Tree pruning . Efficient
using depth-first ’ \ handling of
approach ﬂ missing data
XGBoost ,

Regularization for
avoiding overfitting

In-built cross-

tree building validation
capability
Figure 1.7. XGBoost
BASIC PREPROCESSING BLOCK
IMAGING DATA ]
51 Dj:‘:]j:.:- D}\TACLUNS[NG(eknm;mg,cmhmdnﬂr[xh)} ]
S TTTT . o
55 mr.\mzpnocml:mum...g.mnng; }
- ) | e
SOTTTT . I
Dynamic High Order FC correlation Matrices }
F i (I"Cm:mhl.icn ices flattened) J
—) ]

i7" Inner Loop (optimization)

Figure 1.8. Awypappa porig mouv ansikovidet ta £i6n BeATIoTOTOM0E®V UnY avikng Ladnong

Xopilotkav oe cUvoda eRKnaideuvong kat eEAEyXovU pe avadoyia 80/20. AmAog adidetl va ermonpdavoupe o0t Katd

Vv d1dpKela OV NEPAPATOV XP1OoTHooloue v ido “"oropo” (seed) yia tov Hiax@plopd, @ote va UMAp)EL

“avanapayeywkota” (reproducibility) og ripog ta aroteAéopata, SnAadn pe 6o configuration rmepdpatog va

odnyoupaote ota akpBog 161a aroteAéopara.

Tv napovoa Suthopatiky rpootiaboupe va diepeuvrjooupe éva mpoBArpata moAdarutAng tagivopnong 3

KAdoe®V, OTIOU Ta Yapaktnpiotika (features) tou kabe ouppetexovia eivat €va povadiaio Sidvuopa D; peyéboug

751 mou eivat 1o arotédopa oonedwong (flattenting) tou ekaotote mivaka alAndooxétiong. Emopéveg oda ta

XAPAKTNPIOTIKA TTOU XPNO10IIo10UvIal ival apltOpnTikaG XapaKtnplotikd. e KAAo1KA PoBAnpata pnxavikng

Rabndng ouvaviape pia MoKKAia TEXVIK@OV PETACKNIATIONOU 1000 Yid aplOpnTikG 000 Kal yid KATNyoplKkd
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1. Extetapévn IepiAnyn

Xapaktnpotikd. ITap'dda autd eottdoupe POVo OTIG TEXVIKEG TTOU adopouv ta apltOpunTira svo rapalsiroviat
AAAEG TEXVIKEG TIOU A(OPOUV Td RATNYOPLKA, OrKg X Kadikornoinor (encoding). ITapabétoupe toug apiOpnti-

KOUG PETAOXNHIATIOTEG KaO®g OToV Imivaka

Scaler Undersampler Feature Selector Feature Extractor
RandomUnderSam-
StandardScaler SelectKBest PCA
pler
MinMaxScaler NearMiss VarianceThreshold LDA
CondensedNearest-
MaxAbsScaler SelectPercentile
Neighbour
SelectFrom-
PowerTransformer TomekLinks
Model(LogisticRegression)
EditedNearestNeigh-
QuantileTransformer GenericUnivariateSelect
bours
SelectFpr
SelectFdr
SelectFwe

E@ooov egetdloupe 16 tadivopntég, otoXeUOUE OtV €UPECH TOU KAAUTEPOU OUVEUAOHOU HETAXNIATIOTWV,

dnAadn otnv evpeon v 16 kadutepav (pe peyadutepo f1 test score) pipelines. IeplAnmuka :

e KAwparaon (Scaling) : AMayr tou €Upoug Tipov aAdd xwpig adlayr tou oxrnpatog katavopng. To
€Upog ouyva opiletat and 0 éwg 1. Ot aAyopiBpotl pnxavikng pabnong Asttoupyouv Kadutepa otav 1a

XAPAKINPOTIKA €ivatl o€ Ttapopold KApaka Kat rpooeyyi¢ouv otnv Kavovikr Katavopr.

¢ Emdoyn Xapartnpoukav (Feature Selection) : H emdoyn xapakinploukov givat n dwadikaoia a-
MTOPOVOONG TV TTI0 CUVEMI®V, I MEPLTIOV KAl OXETIKOV XAPAKINPIOTIKAOV Yld XPNOI OV KATAOKEUT)
PoVIEA®V pnvavikng pddnong. To véo péyebog tou ouvodou X Sa sivar (epdoov Sa £xoupe Aryotepa

XOPAKTNP1OTIKA) :

(nsampleS! n}eatures) = (nsamples, Nfeatures »L)

¢ Efayoyn Xapaxrtnpiotuikev (Feature Extraction) : Ot mo kowég ypappikég pébodot ya v egayoyr

XAPAKTNPIOTIKAV £ival 1 AvdAuon Kupiev Zuvictwonv (PCA) kat n Fpappikn Atakptuikt) Avaduon (LDA).

¢ YniodetwypatoAnywia (Undersampling) : Anogacioapie va pnv kavoupe kabBddou unepdetypatodoynyia
(Overrsampling) yiati priopet va auvgrjoet v mbavotnta vniepripooappoyrg (overfitting), kabog dnpioup-
yel akp1Br) aviiypada tev rapadelypdiov g peoyneiag, mapodo mou to dataset pag eivatl apketd 10op-
portnuévo balanced petadu tov 3 kKAdoewv SpD ~ 21, DL ~ 23, TL ~ 27. Ot 1é6o&ot urepdetypatoAnyiag
avuypdgouv 1) dnpioupyouv véa ouvBetikd mapadeiypata oty katyopia peloyndiag, eve ot pébodot
unodetypatoAnyiag Staypdadouv 1 ouyxeveuouv iapadsiypata otnv kKAdaon rmisoyndia. Onote epooov 1
urnodetypatoAnyia dev aoyoAeitar kabBoAou pe cuvBetika edopéva, rpoBaivoupe otnv eEETACT] TEXVIKGOV.

To véo péyebog tou ouvorou X Sa sivar (epooov Sa €xoupe Atyotepa Setypata) :

(n;amples’ nfeatures) = (nsamples l’ nfeatures)
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1.3.3 BeAuotonoinon

BeAtiotonoinon no. 2 : Eupeon Yrniep-Tllapapétpwv pe xprion HalvingGridsearchCV

'Exovtag Aoutdv ota yépla évav ocuvduaopd petacynpatiotov (4 oe mAnbog) yua kabe évav amno toug 16
tadvountég, oto Prnpa autd avalnrovpe TG PEATIOTEG UTIEPTIAPAPETIPOUS OAGV TRV aAyopidumv.

Ol PETaoXNPATIOTEG XPNOTHOMOoUVIal yia va KAvouv Vv Ipoernedepyaoia (1€0e HETAoXNUATIONOoU) T®V
6edopévav. O1 PETAOXNIATIOTEG YEVIKA £X0UV KAl AUTOl UTTEP-TIApAPETPOUG ITOU e ppedlouv ) Aettoupyia toug
X o VarianceThreshold eixe 10 katdtepo katwdpAtl dHrakvpavong, o PCA tov apiBpo tov Kuplov ouvictwoev. H
€MMAOYT T®V UTIEP-TTAPAPETPRV (0riwg To K tou KNN) yivetatl povo epnelpikd Peowm 81a0taupoUpevn§ EMMKUP®ONG
(cross-validation). Ot petaoXnpPAaTioTtég Kat Ol UNTEPITIAPARETPOL TOUG TTIEPOUV AOTOV OTr) Hopdr| TV dedopévav.
Enopévag oto Pripia autd otoXeUOUPE OTnv €UPeOh) TV BEATIOTOV Tapapeipev yla 1o Kabe éva aro ta 16
pipelines (petaoxnuatiotég Kat tagivourntrg)

H anodoon 6Aev 1ov mbaveov cuvuaopev UneEp-TIapapETp@V OT0 EKAOTOTE NOVIEAO Yivetatl pe 1) pebodo g
avadrmong rmiéypartog (Grid Search). H avadriinon mAéypatog sivat ardd n e§aviAnukn avalfinon 0Awv tov
ouvluaou®V £VOG OPLOPEVOU OUVOAOU TGOV Yla KABe Unep-rapdpetpo tou poviedou. Ot Tipég autég opidovrat
Xelpokivita Bdoet Sokipov Kal eprnelpikng yvoons. H pébodog mpémet va kabodnyeitat and pia PeTpik)
ernidoong 1 oroia anotipdtal Mave oto oUuvolo eAeyxou (test set) pe ) xprjon dactaupopévng EMKUP®ONG
(Cross Validation). Zwnv niepinmtoon pag xpnowonoinOnke to F1 test score. H vloroinorn tng pebddou eyive
péow tng ouvaptnong GridSearchCV tng B18A100nkng Sci-kit Learn

Kata v texvikn autr) ta 6edopéva exknaideuong (training set) xopidoviar oe éva otabepd apBpo mruyov
otov ortoio Ya yiver 1o Cross Validation. Ze kdbe emavdAnyn tng teEXVIKLG, Xpnotpornoteital pia muxn tov
6edopévav yla eKTIPNOI TV AMOTEAEOPAT®OV TG eKaideuong KAl Ol evamnmopeivavieg mruxeg oav dedopéva
eknaidevong. Xpnowonowviag aut ) pE6odo £€Xoule AMOTEAEOPATIKOTEPT] EKTTAISEUOT] KAl ATIOPEVYOULLE TO
nipoBAnpa g uriepnipooappoyng (overfitting). e 0Aa ta nelpapata xpnoponow)Onke 10-doAd “poog GAtbatiov
yla 1 dtaodpdAion g ootng eknaideuong.

Znv ouykekppévny Sumdopatikn n PeAtiotornioinon mpaypatoroteitatl oe eminedo pipelines, 6nAadn otv
£UPEDT] TOV KAAUTEP®OV UTEP-TIAPAPETPRV TOOO Y1d Toug 16 ta§ivourntég 600 Kat yla T0UG aviiotolKoug PETaoX)-
HATIOTEG TIOU TIPONYOoUVIAl AUTHV, OTIRG AUTOl IIPOEKUYAV OTO TPONyouuHEevo Brjda.

MadAtota, avii va xpnotporotrjooupe GridsearchCV, yxpnowponoirjoape GridsearchCV, rou €xet artodeiyOet
ot eivat x5 — 10 1o ypriyopo (yia riepioodtepa beite 1o Figure 1.9). Edpocov to project auto sivat apiepopévo
OtV MApPOoX1] EVOG OAOKANPOUEVOU eEAVIANTIKOU OXIATOG BEATIOTONOINONG, ] KATAVOUT TOV MOP®V Sev PUropet
va niapapednBel. O adyopiOpog HalvingGridsearchCV armotelei pia otpatnyikr) avadjtnong yvoot og “ouve-
xonevn Swaipeon” (Successive Halving rou (1) xpnowponotiel éva uroouvoldo Sedopiévav kat Alyoug mopoug otnv
apxn g dadikaoiag yia va Bpebovv pepikol and 1oug cuviuacpoUs MAPAPETIP®V HE TNV KAAUTEP anodoor
(kaAUtepol UTIOYTP101) KAl OTr cUvEXeEla aufavel otadrard tov OyKo tov ebopévev Kat tov aptdpo v mopov

TIOU XP1O1HO0TIOI0UVId KaOwg £0T1a{oUPE 110VO 0TOUG KAAUTEPOUG UTIOWT|(P1oUG.

BeAtiotonoinon no.3 : EUpeon tou xaAutepou hard cuddoyirou Ta§ivopntsn (Ensemble)

‘Enetta and 2 Prjpata PBeAtotornojoewv €xoupie pipelines BeAtiotonoupéva 1000 oe eninedo ermAoyng pe-
TACXNPATIOT®OV 000 Katl ot erinedo unepriapapétpev. Mmopoupe pe KAoo1t Tporo va ouviUdooUIE TV YVQOOT)
Kal Tov TPOIo Asttoupyliag mou napéyetl 1o kabe pipeline yia va dnpioupyrooupe éva ouvbuaopo pipeline pe
axopa uyniodtepo f1 test score. Autod pmnopet va yivel pe tyv pébodo ensembling

IToAAoi epeuvntég €Xouv BlEPEUVROEL TV TEXVIKY OUVOUAOHOU TV MPoBALYenv TOAAGVIASivopntov yia
dnuoupyia evog eviaiou tadvopnt (Breiman-1996, Clemen-1989,Perrone-1993, Wolpert—1992). O tawo-
Pnu)g mou mpokuIttel ovopddetal ouAloyikog tadivountg (ensemble classifier) kat eivat yevika riepioootepo

axp18r)g aro KAOe tavopuntr] Iou CUPHETEXEL OTNV OPAda oXNAtiopoy Tou.
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1. Extetapévn IepiAnyn
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Figure 1.9. HalvingGridsearchCV

H Baoikn 16¢a tng ouAdoyikng tadvounong eivat n otdbupion dagopetik®v ta§ivopntov Kat o ouvbuaopog
T0uUg ot éva eviaio tadwvountr), o oroiog arodidel kadutepa ard KABe £va ard Toug ErmMpPEPOUS TASIVOUNTEG.
Kata m Anyn pag anddaong ot avhpwriot akodoubouv v 1d1a texvikn, akouyoviag 81adopeg aroyelg Kat
otn ouvéxela a§loAoyviag TI§ AOYEI§ AUTEG Yid T AW NG TeAKLG arnddaong.

Zv niapovoa SmAepatiky] , erxelpeitat n Pedtiotornoinon g ermAoyng v tagvopntov nou da cuppe-
TEXOUV OTOV EUPEMS XPTOTHOIOI0UHEVO OUVEUAoTIRG aAyopiOpo yneodopiag (voting algorithm) . Mia ardn
poogyyton eival ) pébodog “orAnprig” mieoyngiag (hard majority voting), érou pia tagn arotedei mpodBAeyn
povo av v éxouv mpobAéyet (qpndiosn) touddyiotov (k + 1)/2 awountég . Zto Siaypappa Figure 6.4

@paivetal nj oUykp1on evog soft kat evog hard cuddoyikou tadivopnta.

M1 M2 M3 M1 M2 M3

A . v ’

1 1 0 1-80% 1-90% 1-20%

1 \l /

Hard Voting Averageof 1=63%

Average of 0 = 36.6%

'
1

Figure 1.10. Soft and Hard Voting Classifier

Ene§ynowpdtnta otnv pnxaviky paénon pe tov aAyopiOpo LIME

LIME (Toruké gppnveutikd poviedo-Agnostic Explainer) eivat évag alyopiOpog mou propei va e§nyroet
1§ PoBAEWeELg orooudNIote aAyoplOpou pnxavikng pabnong. 'Onweg unodnAavel to ovoua, to LIME eivat
AYVOOTIKO Poviédo. Autd onpaivetl ot to LIME Sa priopouoe va Ae1toupyroet yia Orotodr)Itote TUro PoviEAou.
To povtéAo eival emiong TormKAa epUNVEUCTHO, MPAYHA [TOU Onuaivel 0Tl PIopoUHe va £ENYHOOUHE TO POVIEAO
XPNOUOTIOIOVTIAG TOITIKA ATTOTEAECHATA AVl va eEnyooue 0AOKANPO TO POVIEAO.

Axopa Kt av 1o poviédo nou s§nyeitat eivat éva pauvpo kouti, to LIME dnpioupyel éva toruko ypappiko

povtédo yUpw amnod onpeia Kovia oe pla ouykekpipévr déorn. To LIME mapéxet €éva ypappiko poOviéAo 1ou
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1.4 Ba6wa Mdabnon (Deep Learning)

Pooeyyidel to PoviéAo Kovid oe pia mpoBAeywn addd oxt arnapaimta ouvodika. Emiong Aettoupyel toruka,

&nAadr) mapayoune v oNUAVIIKOTNTA KAl Ta BAPN W1, ..., Wiy V1A KAOe Selypna x; € Xiest Sexopiotd.

explanation(x) = [wy, ..., wnfeatures]:arg m(i}n L(F.g.m)+Q(g)(1.1)
ge

To povtédo e€rjynong yia rnapddeiypa x eivatl 1o poviédo g (r.X. Hoviédo Ypappikng rnaAivépopunong) mou
elayiotorotel v anwdewa L (Y. PECO TEPay®viKo opdApa), To Oroio PETPA MOCo KOvid eivat n €§nynon
otnv mpoBAswn ToU apX1KoU poviédou f (r.X. €va poviédo xgboost), v 1 MOAUMAOKOTNTA TOU PoviéAou £(g)
Blampeitat oe xapnAd enineda (r.x. Atyotepa xapaxktnplotkd). To G gival n owkoyévela tov mbavev e§nyrocmyv,
yia apadetypa 6da ta rubavda poviéda ypappikrg aAvdpopnong. To pérpo eyyutntag g opiletl moco peydin
givat 1 yerrovid yupe arod 1o rapddsiypa x mou 9ewpoUpe yia v e§nynorn. v npddn, to LIME PBeAtiotornotet
Bovo 1o tphpa anwlslag. O Xprjotng MPEIEL va IPocdlopioet Ty MOAUNTAOKOTNTA, IT.X. EMAEYOVIAG TOV HEY10TO
ap1BP6 XapaKINPIoTIKOV TIOU PIMOPEL va XPNOTHOIIOI0EL T0 HOVIEAO YPAPIIKAG TaAtvdpounong.

Zv napovoca HMAG@PATIKY TAapouotddoupe v O1KI) HaAG MPOCEYY1Ion, KAl T0 MG XPIOHOIIOI)0apE TOV

LIME ya va e§ayoupie CUPIEPACHATA Y1 6A0 Tov MANOUCII0U TOU OUVOAOU £AEYXOU.

Aaropiemor 1.3: Ilapauerporompuévog LIME ajlyopiduog yia emelryynoon LOVTEA®V unyavikng padnong

1. YroAdyioe 0deg ig N = 11 mpoBAéyelg kat anobrkeuoe teg oto povadiaio Siavuopa y_pred.
2. Kpata poévo tig M < N nipoBAgyeig Tou sival owotég, dndadn kpatdpe v i — th mpdBAswn av ikavomoieitat
n ouvOnkn y_pred[i] = y_test[i]
3. Apywormoloupe éva avukeipevo LIME to omoio §€xetal wg opiopata ta X_train, feature names, class
names.
4. Twaic{0,1,..M} :

(a) Xpnowonoinoe v ouvaptnon explain_distance() yla tov urtoAoy1opo tov Bapwv w; g eENg

w; = explain_distance(X_test;)

ortou 1o wj eivat povodidotato diavuopa peyeous (Neatures. ) = (741, ) eved to wy; deixvel v “ouvelopopd”
(11 Bdpog) tou j— th xapakinpiotikou oto i — th deiypa tou ouvodou doxipaov X _test, orote 11 akoAoubn oxéon
TIPETIEL VA 1Kavoroleitat :

Nfeatures
wy' =1
i=1
5. Ymoloyidoupe tov 11€00 0po OAwV TV TPOBALWPenV yia KA XAPAKINEIOTIKO KAl IPOKUITIEL TO TEAIKO
Siavuopa ouvelopopav/Bapaiv W wg eENg :

1.4 Ba6ia Ma6bnon (Deep Learning)

[Teprypagoupe 10 poviédo Pabidg pabnong, éva Zuvedektiko Neupoviko Aiktuo ypdoov (G-CNN) nou urto-
ompidet i Sdyvwon g AucAetiag taivopmviag ivakeg CUOXETIONG TOV OUVOESEPEVOV TTEPLOXWV TOU EYKEPAAOU

IOV MPOERKUPAV HETA TNV MPOoEmedepyaoia tou ouvorou dedopévav IMRI
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1. Extetapévn IepiAnyn

1.4.1 Tevikn neprypagdn Tou poviEAou

Ye autd 10 £pyo epappooape 1o poviedo Pabiag pabnong tou G-CNN, onwg neprypadet 1 (Ilapioot) otig
epyaoieg tng. Epappodoinke éva apaid ypdonpa yla va avarnapaotioet 1o 6iktuo adAnAenidpaong tou ouvoiou

6edopévav tav 58 cuppetexoviev pe Baon ta @awvoturuka dedopéva (nAkia, @uAo). AkpiBéotepa :

e KopBor V : Kabe k616og aviripoonevsl £vav Povo CUPHETEXOVIA KAl avilotolxel oto povadiaio Sidvuoua

XAPAKINPOTKGOV D;

e Bapn xat Axkpég W.E : To Bapog w; kaOe akprge = (v, vy) rou ouvdeéel 2 KOPBOUG, AVILITPOCWITEVEL TO

Babuo opootntag petady 2 ouppeteXoviov Kat urtodoyidetat pe Bdorn ta Stabéopa pawvoturika dedopéva

Eotuidoape oty agloroinon oAev teov Siabéopav dedopévav mou mapgxoviat ard tyv Baon dedodpévav
(6e6opéva fMRI, @awvoturikd). tn oUuvexeld, 10 apald ypapnpa ewoayetat oto poviedo G-CNN wg 10 mp®to
ertinedo, eve exknaidevetal pe (nuy-enorteuopevo (semi-supervised) TPOTIO XPNOIHOMIOIWVIAG €va GUVOAO EK-
naidsuong pe etkéta Kat £va oUVoAo SORIPOV X0Pig etikéta. Auto TTOU KAVEL AUTO T0 oviédo Babiag pabnong
EeXP10TO eivatl 1 1KAVOTNTA TOU va XP1NOUOIOlEl TO00 AMELKOVIOTIKEG 000 KAl BN AMELKOVIOTIREG ITANPO-
(POp1ieg TTOU TOTEVOUE OTL eivatl Xprjoueg yua t Sidyveon g ducAetiag, ekppdloviag v OpotoTnTa Petasy
TOV CUPHEIEXOVIOV. Me autdv Tov TPOITo, OKOMEVOUE vd EMTUXOUNE anoteAéopata UPniotepng akpibelag oe

OUYKP10T] PE Ta HOVIEAd PNXAVIKHG PLABnong rmou xtioape mponyoupivag

1.4.2 Aopn tou ypadou

'Exoupe (Msamples = 58) OUPPETEXOVIEG, EVO 0 OTOXOG £ivat va TpoBAéyoupne v Katdotaon Kabe CUPPETEXO-
vta Pacet tng anekoviong eMPI kat tov gawvoturukev §edopévev cuvduaotikda (rou ouvdééouv ta dtopda Tou

nAnBuopou).

e To O0UVOAO TOV CUPHEIEXOVIOV avartapiotatal ®g éva apaio ypaenua G = (V, E), ouvdebepévo pe otadbpt-

OPEVEG aK}IEG, OTIoU o Tiivakag Bapov W eivatl o «butdavog mivakag» (adjacent table tou ypagrpatog.

e O i-th ouppetexwv avtiotolxel oe évav ouyReKpIpEVO KOopBo ypagprpatog «1-1», o onoiog cuoxetidetat pe

éva eviaio di1avuopa xapaxkuplotikav D; rou e§ayetat and 1o ouvodo dedopévav IMRI (6riwg £xoupe Seiel)

e To ouUvolo akp®v E 10U ypadrjatog avitripoo®IEVEL TIG OPOIOTITEG METASU TV CUPHETEXOVIOV BACEL TV

(PAWVOTUITIKOV 6e80pEVaV

Znv niapouoa npoogyyior Badidg pabnong, to npodBinpa Sidyveong g SucAetiag petatpénetatl oe ipoBAn-
pa tadwvopnong kopBwv. O otdyog eivatl va §00el pia eukéta 1 € 0, 1,2 oe kaBe kopBo, orou 1 onpaivetl v
Kataotaon kabe ovppetéyovia, 1 = 0 yua toug ouppetéxovieg eAéyxou (typical reader), | = 1 yia toug ouppe-
1€x0vieg pe opBoypadirn Sratapayn kai | = 2 yia ouppetéxovieg pe duoAedia H orpatnykn exknaibeuong
rmou akoAoubBeital edw £ival EMOMTEVOHREVY, TTOU Onuaivel 0t 6Aot o1 KOpBol eruonpaivovial Kat £10ayoviat
oto poviedo G-CNN yua v exknaidevor).

[Tpokepévou auty] 1 MPOCEYYION va E€MMTUXEL UWPNAOTEPA KAl akpBr] amotedéopata o OUYKPLon e TNV
TIPOCEYY10T] UNXAVIKYG PNABnong, MMPErMel va KATAoKEUACOUE TO Ypadnua pe arpiBela, akoun kat étav xpn-
OROTTIOI0UHE POVo 880 2 pawvoturukd xapaknplotkd. 'Eva avenapkog kaboplopévo ypadnua propel va €xet
XEPOTEPN anddoor) arod évav ypappiko ta§ivopuntt]. Yiapxouv 2 ototXeid rmou EmKUp®OVOUVY T 000TE] KATAOKEUT)

TOU ypapnpatog:
e To povadiaio dravuopa xapakiploukov D;
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1.4.3 To ouvolo akpwv E tou ypagpou G

e O tporog rou cuvdioviat o1 KOPBO1-CUPPETEXOVIEG PeTady Toug, 6nAadr) n urnapén (1) 6x1Y akpng petadu
6U0 kopBoug kat 1o Bdapog tou. AuTog €ival o TPOIOG Yia vd POVIEAOIIO|0OUHE KAl va EKGPACOUNE TNV

opoloTnTa 5U0 KOPBOV-CULEIEXOVIGOV.

1.4.3 To oUvoAo arkp®v E tou ypagou G

Zta KAaowkd ouvedekTikAa poviéda CNN, o1 Ye1ToviEg TV E1KOVOOTOXEi®V ennpedlouv ) dradikaoia GuveAL-
&ng. Zta poviéda G-CNN, 1) ermdoyr) wv E, W tou ypapnatog eninpeadet eriong ) dadikaoia cuvédigng. Ero-
PEVag, Sa mPEmet va Xp1olponorjooulie ta dtabeopa gatvoturmkd dedopiéva e €110 TPOITo ToU va eKGPAouv
Kat va e§nyouv ITo anoteAeopatikd TG OHOOTNTEG HETASU TOV HETASU TOV Ngamples KOPBOV-CUPHPETEXOVIOV TOU

ypadnpatog. Ta Siabéopa @awvoturka 6edopéva eivat 2 (pudo, nAkia)

$ulo (Gender)

To @UAo0 srmAéyetat eredr) ot avbpeg draytyvwoxkoviat pe ucAedia mo cuyva and tg yuvaikeg, akOpn Kat oe
srudnuiodoyikd Seiypata. H i6ia €peuva £€6e1§e 611 1 taxvta ene§epyaoiag Bonda otnv e€rjynon tng dStadpopdg
@udou otr duchegia [Dopfner et al., 2008]

HAwkia (Age)

H nAwia ermdéyetat enetdn) oneg Kat KAOs AAA0 QUOIOAOYIKO XAPAKTIPIOTIKO, 0 SUCAESIKOG YVOOTIROG KAl

VEUPLROG paivoturog eival rmbavo va ennpeaocet ) Stadikaoia yrpavong [ref, 2022a]

To Bapog w(u, v) petady v KOPBV U Kal U PIopel va oplotel wg &g :

H
w(u, v) = sim(x(w), x(w)) - Z y(Mi(u), My(v))
i=0
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1. Extetapévn IepiAnyn

IMapayovtag

Enedniynon

sim(x(v), x(u))

0 OUVIEAEOTHG OP010TTAg Petady tou Siavuouatog
XAPAKTNPOTIKOV X(U) KAl xX(U) ToV KOPB®V-CUPHETEXOVIOV
uw, v. Ta mapdaderypa, n ocuvaptinon eKOeTKAG oplo1dTTaAg
TOU Xprolpornoteitatl ivat :
, LoGe(u) x(w)?
sim(x(uw), x(v)) = e 2%
orou p etvat ) oucyetion Kat 6 kaBopidel 1o pEyebog tou

upnva

O oUVOA1KOG ap1BPog PAVOTUTIIKOV Sedopévav drabeopnmv

yla Tov untoAoyiopo tou Bapoug g akpng. E6o H = 2

H ouvdaptnon mou xpnotpomnoteital yla ) perpnorn tov

(PAVOTUTTIKOV MANpopoplav I.X. M; =9 o

H ouvdaptnon yla oUyKpion @aivoturik@V Anpopopiov

o Katnyopika Xapartnpiotika (rry. duUAo)
y(M;(w), M;(v)) = Kronecker 6(M;(u), My(v)) =
1, M(uw) = M;(v)

O, Ml(u) * Mi(v)

o Ap19pnuika Xapartyplotira (riy. HAwkia)
IMi(w) — M;(v)l < 8
y(Mi(w), Mi(v)) =
0. [Mi(w) - M) =2
oTou 9 eival éva Katd@At (rmou propet va
BeAtiotortonOei) ou opidetl mote Ty 2 nAikieg

Yewpouvial “kovid”

Enopévag, 2 k61601 ypapnatog-cuPHETEXOVIeG oUviEovial e Pia akyr) pe Bapog wy € {0, 1, 2}, pe Baon to

O0EG ATTO TIS PAVOTUITIKEG TOUG TTIANPodopieg Yewpouvial “Kovid™. L1 OUvEXELd, autd 10 Wy roAdarndaciaetat

e Tov ouviedeotr| opowdtntag Kopbawv, Givoviag 1o 1eAko Bapog w g akpng og w = sim(x(u), x(v)) - wo

1.4.4 H apXlTEKTOVIKI TOU povtédou G-CNN

H apyttektovikr) tou poviédou pag anewkovi¢etat oto Figure 1.11). To poviédo arnoteAeitatl amno £va mAnpeg

ouveldiktiko CCN pe L xpudd orpopata (hidden layers) rmou svepyormnoilouvial Xpnoiporoioviag I Aettoupyia

Rectified Linear Unit (ReLU). To eniredo €§66ou axolouBeital and pia Aettoupyia evepyoroinong softmax

(eme1dn €xoupe mpoBAnpa tagivopnong). To ypadnpa exknaidevetal Xpnoonotwviag oAOKANpo 1o ypaenua

10U MANOuopoU wg €i0obo. EmmrmAéov, Xpnoipomnolovpe pia ouvaptnorn anmielag 61a0taupoUpEVnG EVIPOTTiag

(cross entropy loss) yla ) §iadikacia BeAtiotonoinong.

1.4.5 Zuvaptnon Kootoug (Loss), AAyopiOpo BeAtiotonoinong (Optimizer), Metpirég A§lo-

Adynong (Metrics)
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Figure 1.11. H apyuektovikr tou puovtéflov G-CNN
Optimizer keras.optimizers. Adam
Loss Function keras.losses.SparseCategoricalCrossentropy(from_logits = True)
Metics keras.metrics.SparseCategoricalAccuracy(name = "acc”)

IMa va padet 1o G-CNN povigdo g BéAtioteg apap€poug, aglornoloupe évav alyopidpo BeAtiotonoinong
(optimizer) tov mapapétpav, pe Baon tov unodoyiopd tou avadedta (gradient) VsL(y, §j) yla v eUpeorn evog
TorKoU gAdyiotou. Xpnoporoinoape tov ADAM optimizer (ADAptive Momentum) o oroiog urtoAoyilel ooa
kat o ADAGRAD kat emiong urnodoyidetl yia kabe mapdpetpo 1o pubpo pabnong kat tg addayég mg opung
(Momentum). O Adam &ivat évag UTIOAOY10TIKA ATtoS0TIKOG aAyoplO0g, eUKOAOG 0TV UAOIIOiN o KAl Ol ardt-
TN 0E1G TOU Yia Pviun elvat eploplopéveg. Asttoupyet Kadd o peydAa ost Hedopévev e Peyadeg TapapETpPoug
KaBwg kat oe ipoBAnpata pe Sopubmdeig 1) apaieg (sparse) kKAioelg, ONwG otV apouod SIMA®PATIKY.

la wmv ouvdptnon kootoug : H cross-eviportia amotedel 1o péco sAaxioto peyeBog kadikornoinong g
Anpogopiag Tou va EMKOVOVIOOUNE £€va Yeyovog arod pia katavopr) mbavotntag oe pia addn. H Siakpur
ouvdpTtror KOOTOUG Cross-entropy (avagépetal Kat og 1 apvntikr AOylotiki ouvdaptnon rmbavogpdaveiag (negative
log likelihood) xpnoworoteitat otav eivat embupnt) pia mbavotiky epunveia twv anotedeopdatev. Emedr

£€xoupe apaiég KAioelg Xpnowornolovupe to SparseCategoricalCrossentropy

1.5 fMRI & AcSopéva

I'a toug oxkoroug g SUTAOPATIKNG gpyaociag Xpnopornot|nke €éva ouvolo Sebopévav avortou Kedika
rou eAndOn amnod 1o OpenNeuro. ITpokepévou va dnuioupynBel 1o cuvodo debopévav, eArpOnoav capopéveg
£1KOVEG TOU £yKePAAOU 1000 and aobeveig pe Hiayvaorn oxioppévelag 0oo kat and uyleig egetalopevoug.

H Bdon debopévav rou xpnotporiow)dnke ovopdletat MRI Lab Graz, sve rapakdte sgetaloupe ta naidid-
ouppetéxovieg Kabog katl v dadwkaocia ermdoyrs. E&nyoupe nog kateBacape ta debopéva kal neg to
[Banfi et al., 2020] nposrne€epyaotnke ta debopéva fMRI. Ermiong napouoiddoupe v KATAVOUL] T®V (PAIVO-

wnev (eudo, nAiucia).

1.5.1 ZUHPPETEXOVIEG KAl EPEUVA

[Banfi et al., 2020] nipaypatornoinoe v €peuva os TANPL cupdevia pe v tedeutaia ékdoor) tou Declara-
tion of Helsinki kat tng eéBvikng vopoBeoiag kat eival vopikda amodexto amnod v ermrpornr) ndav tou Ilavemt-

otnpiov I'pag ouv Auotpia. H Sabikaocia emAoyrg oUppeteXOTvav Meptypadetal mapakat®.
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1. Extetapévn IepiAnyn

Selection Stage no.1

All studer

Selection Stage no.3

Outllers Removal

Selection Stage no.2

lling and reading

=

| B

58 71 2562

children children children

Figure 1.12. Emijloyn ovppetexoviov ava otadlo

Group ‘ Stage no.1 | Stage no.2 | Stage no.3
Spelling Disorder (SpD) 21

Dyslexia (DL) 23

Skilled (TD) 27

Total | 2562 71 58

Figure 1.13. Enuloyn ovppetexoviov ava otadio kat ava kjidaon

lo £taé1o EmAoyrg

ZuvoAdikd 2562 nadid nAwkiag 9-13 (aro 3n €wg 41 Anpotikou) ermAéxOnkav va eEetaotouve ot eva 3-pepnv
teot (1) Tunortoinpévo teot oty Tasn yia v e&€tac g EUXEPELAg avayvaong rpotacemyv [Wimmer et al., 2014]
(2) Turnortownpévo teot otny TAg yia Vv €§€taon g euxépetag oty opboypadia [Miiller and R., 2004] (3) ESa-

TOPKEUPEVO TUTIOTTOUHEVO TECT EUXEPELAG aVvAYVaong Agemv Kat weuboALtewmv d1apkrelag evog Aerttou [Moll et al., 2014]

20 Ztad1o Emdoyrg

A6 autd 1o peyado Seiypa tvov 2562 o [Banfi et al., 2020] erédele tpeig opadeg pe Pdon v anodoon

T0Ug OtV opBoypagia Kal v avayvaor (péorn anodoor Kat ota 3 10T avayveong)

. Mean Reading
GROUP Spelling performance
performance (3 tests)

Spelling Disorder (SpD) performance < 20% performanceémean = 25%

pe'formance2outof3 <
Dyslexia (DL) 20% and

performances;q < 43%

performancemean €

Skilled (TD erformance € (25%, 85%
illed (TD) perfc (25% o() (25%. 85%()

‘OAa ta ta1d1a-CUPHETEXOVIEG TIPETIEL VA TNPOUV HE TIS AKOA0UOeG TIpoUnobEoelg

1. H npwtn t0ug yA®ooa va eival ta yeppvaika
2. Anatteitat toudax1otov IQnon—verbal = 85 oto IX teot [Weif3 and R., 2006]

3. Aev £xouv evioruotei atobnnplakd 1 veupoloyikd eXdeippata
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1.5.2 Katavour ®awvotuneov

A Sex
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Figure 1.14. { Figure 1.15. v

Figure 1.16. Katavoun eaivotumik®dv S€60UEVOV TV OUUUETEXOVTOU

4. rapia KAwikn diayveon AEITY

5. BaBpoAoyia nmdave amod 1o 0p1o o £va TUITOITOUHEVO YOVIKO EPMTPATOAOY10 yia eAAsippata mpoooxns
[Dopfner et al., 2008]

AgoU éytve pa mpwtn ermAoyr), napainpndnke ot povo 70% teov nabiev oto deiypa Spelling Disorder
(SpD) kat 90% otnv opdada Dyslexia (DL) cuppoppovoviav e 11§ YEPHAVIKES S1ayveoTikeg 00nyieg yia emionyn
KAWIKY iayveon [Galuschka et al., 2016]. Zuepnepaopatkd, emAexOnkav 71 naida

30 Ztadio Emdoyng
A6 autd ta 71 madid mou ermdéxOnkav, apketd egalpednrav and v avdduon Katl 10 TeAKO oUVoAo
6edopévav yla toug akolouboug Aoyoug:
e 12 (amo ta 71) anoxkAsiotnkav A0y® uriepBoAikng Kivnong katd ) Sidpkeia g ouvedpiag IMRI.
e 1 (a6 ta 71) anoxkAsiotnke erniong neidr) 1o onuiko nedio (PO”) eixe opiotei Aavbaopéva, odnyoviag otnv
KOTITI] £VOG ONHIAVIIKOU THNHATOS TOU PETRITaiou AoBou
1.5.2 Katavopn aiwvotinov

Xt Baon Sedopévev pag, UTAp)EL Eva apXeio .70 ou meptypddpel 3 drapopetkd gawvoturuka dedopéva.
Avutd eival: HAwkia, ¢0A0 kat Opada Noonpatwv. O gawvotuniog Disease Group eivat n) etikéta KAAong rou
Xpnowornoteitat yia ta miaiola pnvxaikng Badiag pdbnong. Ta vniddowuna 2, Aye kat Fevdep xpnotpornotovvat
Yla TV KATAOKEUT] TOU apX1Kou ypadpnpatog tou poviédou I-"NN ota nmAdioia g Babidg pabnong.

[Mapatnpoupe Ot 1o oUvoro HedopEvav gival 100pPOINPEVO PETASU TV §U0 @UARYV, £Vve 0 atvoturiog Aye
etvat pn woppornuévog. Ot nAikieg 1OV CUPPETEXOVIOV Katavépoviat petagy 8 kat 13, pe péon tpn Uage = 9.05

Ka1 TUITIKT] aItOKALON Ogge = 0.68.

1.5.3 IIeipapatikng Awadikaocia

H 0An 6wadwkaocia priopel va drapkéoet €ng kat 1040 deutepolernta yia kabe nadi-cuppeéynv (kata péco

0po, onwg sgnyeital apyodtepa) Katr ouvodlkd éog 58 X 1040 ~ 60320sec ~ 17 opeg ya 6da ta naibid-
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1. Extetapévn IepiAnyn

OUPPETEXOVIEG. LUVOITIIKA propel va anotunePel oto didypappa nou dnuiovpyroape Figure 1.17. ITo

AVAAUTIKA :

1. KaBe raibi xkadeital va iaBaocet 120 Aggeig (Aégeig 60 rou oupBodidovial wg "W" kat 60 weubo-Aételg
riou oupBoAidovtal wg "PH"). Ot weudo-Aege1g kataokeudotnkay anod v apxiky A&gn pe aviaddayn evog

(POVOAOY1KA TTAVOUO10TUTIOU YPadhHatog, EVe arotedouvial aro 3 €¢ng 8 ypappata

2. Kat o1 120 Aggeig xwpiotnkav oe 3 Siadoyikeég oelpég tov 40 Atgewv 1 Kabepia, X@WPIOPEVEG pe PiKpda

Stadeippata 3-5 Aemtov, OOte 1a adld va pnv Koupaotouv Kdl va MAPapEIvOUV OUYKEVIPOHEVA

3. Zeg kaOe enavdAnyn : Kdbe A¢gn napouoialetal pe AeUKY ypapatooelpd og pavpo @ovio yla 3 Seute-
poOAerta oe OxE610 OXeTKO [e v ekONAwor. APou egadaviotel, eppavidetatl Eévag otaupog oTePEONS Yia
2000 ka1t 6000 ms (péocog 6pog = 4000 ms)

TASK

BOLD (run 1) BOLD (run 2) BOLD (run 3)
s 40 items ("W" or "PH") * 40 items ("W" or "PH") « 40 items ("W" or "PH")
= 40 fixation cross ("mispron") = 40 fixation cross ("mispron") = 40 fixation cross ("mispron")
l 3-5min l 3-5min
item (3 sec) 3 l

'l' > ~280s
fixation cross (2-6 sec) :

Figure 1.17. H doun g nepauatkng ducadikaoiag

1.6 Anoxktnon Acdopévov fMRI

Ye rabe éva ano ta 58 maibia 600nkav avaAutikég odnyieg o €va abopubBo dwpdatio, wote va alobavoviat
fpspa Kat €10t va dtaodpadiotel n oot ektéAeon) Tou nepdpatog. Katd ) diapkela tou neypapatog, npaypa-
torow|Onke areikovion oe oapwtr Skyra 3.0T (Siemens Healthineers, Erlangen, I'eppavia) xpnowonowwviag

éva ninvio kepadrg 20 kavadwv. Kataypapnkav dUo (2) turnot e1kovev:

e YynAng nowdtntag 3D-T1 MPRAGE avatopiki) aneikovion eykegpalou (TR = 1600 ms, TE = 1,81

ms, FOV = 224 mm, angleg;, = 8 degrees, 176 slices, voxel resolution 1 X 1 X 1 mm?3) . Iapdderypa

artoteAet o Figure 1.18

e XapnAotepng mowdutag BOLD-sensitive T2*-weighted Asitoupylkég aneikovioelg eyRepdlou were
acquired using a single shot gradient-echo EPI pulse sequence (TR = 2340 ms, TE = 33 ms, FOV = 192
mm, anglep, = 90 degrees, 34 slices with 0.3 mm gap, voxel resolution 3 X 3 X 3mm?3, descending

acquisition order) . ITapadetypa armotedet 1o Figure 1.19

[TpoKePEVOU 01 CAPWOELS TOU EYKEPAAOU Kal 01 EIKOVEG va eival otaBepég kat ox1 SoAEg, 1) Kivnon 1ou Repa-
A0V otaBeporo)Bnke xprnotponoloviag otabepég otnpielg yupwm arod 1o KePdAl. Ot AeKUKEG ATIAVINOELS TRV
OUPHETEXOVIOV KATaypadPnKav PEow HIKPOoP®VOU cupBatol pe payvnuky topoypadia (FOMRI-III, Optoacou-
sticsLtd., Moshav Mazor, Ioparjd). Ta epeBiopata napouoidotnkav Xprnoponowwviag v Software Presenta-
tion (Neurobehavioral Systems, Albany, CA) [Banfi et al., 2020].

m Diploma Thesis



1.7 Tpoesnetepyaoia Acdopévav fMRI

anatomical

Figure 1.19. Xauning mowtntag BOLD-sensitive T2*-weighted Asitoupyikég aneikovioelg eyke@diov

1.7 IIpoenedepyaocia Acdopévov fMRI

Kind of Image Image Shape
3D Anatomical T1w 176 x 224 x 224
4D Functional (3 BOLDS) T2w | (64 X 64 X 34) X 130

IMa v npoerne§epyaocia g VPnNALG oot ag avatopiky anewkovion T1l-weigthed (T1w) , epappoloviat
o1 €€1G TEXVIKEG e TtV Oelpd : Aidpdwon yia avouolopopPia £vtaong, AToyUuveon kpaviou ue xprnon Ninye,
Xwpun Kavovikoroinon, Tunuatomoinon 10tov eykepaou

TMa v npoenedepyaoia twv XapnAng mnootntag AEITOUPYIRAOV ancikovioewv T2*-weighted (T2w*) , e-
pappoovrat ot eEAG TEXVIKEG P TV 0g1pd : Amoyupuvwon Kpaviou, Zuveyypoagr, Extiunon napapérpov kivnong
Kepaing, Aidpdwon toung-xpovou, Enavadstyuaroinyia tg BOAA ypovooegipdg, umoAoyIOUOS XPOVOTE®MV TRV
confounds, Awpdawon Jopubou, oykouetpikn enavadetyuaroinyia, Eopuaiuvvon

1.8 Efayoyn Xapartnpiotirov ano fMRI

'Exoupe 58 nmaibia-ocuppetéxovieg. I'a tov kabe évav £xoupe ta £€ng 6edopéva. Thnv 1 avatopikn aretkovion
eyerpAadou e (176 X 224 X 224) os popon "nii.gz". Tig 3 Aettoupyikeg e1koveg 3 X (64 X 64 X 64 X 130) oc popor)
"nii.gz"

e kAOe éva anod autd ta 3 oeoolovg cuvavidpe 1§ akodoubeg 3 kataotaocelg : "W" yla kavovikr) AéEn, "PH"
yla peudoAetn kat "mispron” yia evéiapeon) rmauvor), eve 0 Xpovog enavdainyng sivat tr = 3

Av kat ta 6ebopéva £xouv 1161 unoBAnOei oe mpoene§epyaocia, 0tdX0g 11ag ival va mapayoupe MiVAKEG oU-
ox€tong rou Ja s1oaxbouv wg £i0060g ota poviéda pnxavikig pdbnong kat Badidg padnong. Yridpyxouv roAdd
Srapopetika £idr peta-avaiuong mou PIopouv va epappootouV yid TV e5aymyr] autdv TOV XAPAKINPLOTIKOV

(mivakeg ouoyétiong). Ev ouvtopia, autd ta €ibn eivar :
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1. Extetapévn IepiAnyn

e AvdAuorn npotou emuredou (GLM First Level Analysis)
o Aefiko Mdabnong AvaAuon (Dictionary Learning Analysis)

e Movtédo Avaduong Athavia (Atlas Model Analysis)

Atlas Model Analysis

Y

Calculate Atlas characteristics
Maps, Labels Coordinates

4 A

/ 3D Atlas \ / Probabalistic Atlas\ / Coords Atlas \

Maps, Labels Maps Coordinates
masker masker [ masker ]
NiftiLabelsMasker NiftiMapsMasker NiftiSpheresMasker
fit & transform fit & transform fit & transform
Timeseries Timeseries Timeseries

ConnectivityMeasure

connectome connectome [ connectome ]
ConnectivityMeasure

Graphical Lasso CV

fit & transform fit & transform fit & transform

\ Correlation Matrix / \ Correlation Matrix / \ Correlation Matrix /

Figure 1.20. Teyvikeg ECayaync Xapakmnpiotukov yia dsbopusva fMRI

Zinv apouod SUTAGUATIKY £pYAO0iA, Ol TIVAKEG CUCYXETIONG TTOU XPNOHOIIOI0UVIdAl £ival autol TTou rmapayo-

vtat aro 1o Movtéjlo Avaavong ‘Atiavia.

1.8.1 MovtéAdo Avaduong AtAdavta

Ot xdpteg 0AOKANPOU TOU eyKePAAou (Whole-brain maps) prnopouv va KpUyouv ONHAVIIKEG AETTTOPEPEIES
OXETIKA PE TI§ ETUITIOOELS TTOU pedetdpe. Mropel va Bpebel o1t pa enmidpaon 10U acUPPEVOU-CUPPRVOU
(incongruent-congruent) eivat onpaviks, aldda oy mpaypaukoma da propovos va cupbBaivel eneldr) to
aocupg®vo gival peyadutepo 1o 10 oUPEPVOo 1) eMeldr] 10 CUPP®VO £ival TTOAU IO apvnTIKO Ao T0 ACUPP®VO, 1)
KAro10g ouvduaopog tov 2. O 1évog Tpo1og va rpoodlopicouiie TV Kateubuvor g enibpaong eivatl PEo® TV
neploxav Evéiapepovrtog (Regions of Interest (ROI)). 'Etot, rAéov Sev pedetape tov eyKEPAAOG ©G OAOKATN-
PWOTIKY OVIOTNTA, aAAd aviiBETeg £0TIAJOUNE OE TIEPIOXEG TOU HPE ONUAVIIKY dpaotnplotnIa 1) og TIEPIOXEG OTIOG
AUTEG £XOUV OPIOTEL A0 CUYKEKPIHIEVOUG ATAavieg ong da Soupe MapaKAT®.

Yrapxet mAnBopa 51adpopetikev ATAAVI®V IMOU UITOPOUV vd XP1oTHorolnfouy yia v e§aymyr) ToV MEPoXmV
evoladepoviog, ot oroiol mapatifevial mapaxkdiw. O KOSKAG pag sivatr dopnpévog €101 ®OTE 0 ATAAvVIAg va
ermAéyetal Suvapikd, evo n BBA00nKn iytnov rou Ypnopornoteitat eivat n nilearn.datasets. Qotdoo, yla toug
OKOTIOUG autrg g dumdeouatknig epyaciag Sa xpnowporonei povo o athag ekpddnong AsSikov rmoAdarniaov

Yepdatov Multi-Subject Dictionary Learning (MSDL), o omoiog €xet 39 61aKkp11Eg eyKEPAAKEG TIEPLOXES )
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1.8.2 ESayeyr XapakinpliotuKkov

Kind Atlas Method
Name
3D cortical datasets.fetch_atlas_harvard_oxford(’cort-maxprob-thr25-2mm’)
3D subcortical | datasets.fetch_atlas_harvard_oxford(’sub-maxprob-thr25-2mm’)
3D yeo7 datasets.fetch_atlas_yeo_2011()
3D aal datasets.fetch_atlas_aal()
Probabalistic aal datasets.fetch_atlas_msdl()

Coords seitzman datasets.fetch_coords_seitzman_2018()

Coords power datasets.fetch_coords_power_2011()

Coords dosenbach | datasets.fetch_coords] dosenbach_2010()

Me PBaon v PBAoOnkn nilearn, o atdag MSDL eivat évag mBavoloyikog dtdaviag. AuUtoU tou £iboug
o1 atAavieg opidouv padakd THNPATA TOU EYKEPAAOU OTa Oroia Ol MEPLOXEG PIOPEl va ermKaAAUITIOVIAL. L&
avtifeon pe TOUG VIETEPUIVIOTIKOUG ATAAVIEG, €va voxel Propel va avhkel og mapandve aro pia. Autoi ot
ATAAVIEG AVIUTIPOOMITEVOVIAL Ao ekoveg 4D omou ta 3D ototxeia, mou ovopdldoviat emiong «X®PKoi XAapteg»,
otoBadovral kata pnkog plag daoctaong (ouvnbwg ng 4ng diaotaong). e kabe meploxn 3D, n tpn oe €va
ouyKekppévo voxel urmodsikviel moco 1oxupd oxetidetal autd to voxel pe auto v nepiloxr). H omtikoroinon
€vOg TOAVOAOYIKOU ATtAavia aratiel TtV OITTIKONOINoI TV S1apOPETIKOV XAPT®WV ITOU Tov ouvOetouv. Ed®
anekovidoupe tov atdavia MSDL pe "neprypdppata’, rou onpaivet ot ta ROI epgavidoviatl og rieptypdppata
ITOU op1loBeTOUVIAL A0 XPOUATIOTEG YPARHES, Oonwg gaitvetatl oto Figure 1.21. TéAog ortuikonowrjoape ta ROI
Kat pe popdrn Kopbwv, ornou kabe KOPB0Og AVIITPOOKITEVEL TO KEVIPO TG EKACTOTE TIEPIOXNS OTIOG (PAiveTAl OTO
Figure 1.22

z=22

Figure 1.21. MSDL ‘Atjlaviag o¢ X, y,z afoveg ue ta avtiotoyya snikadunousva “reprypaupata’”

1.8.2 Efayoyn XapaKktnpiloTiKOV

Ta apyxeia NifTi mou mepiexouv 11g ocapooelg MRI yia kabe 9¢pa mpémnetl va petatpanouv o€ mivakeg ou-
oxéuong mou 9a tpododotnbouv ota povicda. ‘Evag mivakag ouocxEtiong cival £vag mivakag rmou epdavidet
TOUG OUVIEAEOTEG OUOYXETIONG Yia Srapopetikég petaBAntég. O mivakag Arelkovidel ) ouoxETorn Petady OAwv
v bavev {euyov eV os évav mivaka. Eilvat éva 1oxupo epyaldeio yia ) ouvoyrn evog peydAou ouvoAou

8e6oEveV KAl TOV EVIOINOPO KAl )V OMUKOornoinon potibeov ota sdopéva. 'Ora ta Prjpata yia v e§ayeyr)
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1. Extetapévn IepiAnyn

R Front bl
Wlns

] R DLPFC
ontS ' Ins @
[ ]

RAud

Figure 1.22. Ot ngpioyég ROI tov MSDL ‘Atflavia

XAPAKINPOTIK®OV €Xouv neptypadet oto Figure 3.27 . v nepimoon pag pag evéadiépouv ta Brjpata yia tov

Xapt MSDL rou eivat évag mlavoAoyirog Xaptng

Atlas Model Analysis

Y

Calculate Atlas characteristics

Maps, Labels Coordinates

v h.

/ 3D Atlas \ / Probabalistic Atlas\ / Coords Atlas \

Maps, Labels Maps Coordinates

| | '

masker [ masker ] [ masker ]
NiftiLabelsMasker NiftiMapsMasker NiftiSpheresMasker
fit & transform fit & transform l fit & transform

Timeseries Timeseries Timeseries
connectome connectome [ connectome ]
ConnectivityMeasure ConnectivityMeasure Graphical Lasso CV

fit & transform

l Jit & transform l [fit & transform

\ Correlation Matrix / K Correlation Matrix / K Correlation Matrix /

Figure 1.23. Atlas Analysis Framework

1. Pbpton tou xapty : Xpnowornorjoaye ) ouvaptnorn datasets. fetch_atlas_msdl() yia va avaktrjooupe

Tov atAavia. Auto smiotpedet éva dictionary, pe attributes:

e maps : str, 5 rabpopn npog 1o apyeio TAN1PT rou nepiExet v ewkova tou ITibavoloyikou Atdavia.
'Exoupe 39 nieploxég evbiagpépoviog. Ot Siotdoelg tou maps sivar (40, 48, 35, 39)

e labels : list of str, n Alota nepiéxet Tig etikEeg 1OV 39 neploxav, wote 1o data.labels[i] va avuotoiyet
otnv i-th teployn .

e region_coords : list of tuples , n Atota nepiéyet 1ig ouvietaypéveg POI, oote 1o data.region_coordsli]

va MePIEXEL TIS OUVIEVIAYHEVES (X, Y, Z) ToU KEVIPOU Tng i-th meploxr) i-th meploxng.
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1.8.2 ESayoyr) Xapaktplotkoy

2. Ka@opiopdg tou Masker : Opiloupe éva NiftiMapsMaslker(), éva 10Xupo epyaleio yia 1 @Optworn -

KOVQV Kal Vv e§ayayr onuatov voxel otnv meploxrn mou opidetat ard ) pdoka. AdOnkav ol apardate

MAPAPETPOL
Parameter Value Explanation
maps_img atlas_maps | The NiftilImage object of the atlas maps
tr 3 'Exoupe 3 kataotdoeig "PH’, "W", "mispron"
detrend True
10 ofpa ivat z-scored. O1 XpOVOOeELPES PeTATOTTi¢OVTAL OTO
standardize True HUNnéEv péco 6po katl KATPak@vovial pe povadiaia
Olakupavon
high_pass 0.0135

3. Efayoyn xpovooelpov: Xprowporowoupe ) pébodo fit_transform() tou kabopiopévou Masker yua va
eKITA16EUOOUVE TO 11OVIEAO OTIG AETYOUPYLREG AMELKOVIOELG LRAYEG KAl OTA AvIiotolXd “"meplypappata’,
€ OKOITO va UIOAOYIOOUHE TO TIS XPOVOOELPEG QOTO00, UTIAPXOUV 2 Mpooeyyioelg 66 ano autég rmou

propouv va akoAoubnBouv. Emdéyoupe v 1n, adAd yia Aoyoug mAnpotntag rapabgtovpie Kat tg 2

e 1n mpoocyyon :
Zuvéveorn (concat) 0A®V TOV AETTOUPYIK®OV AMEIKOVIOE®V O Pid evidia AEITOUPYIKI] AMEIKOVIOT HiE

péyebog
(64,64,64, 130 + 130 + 123 timestamps) = (64, 64, 64, 383 timestamps)

Kat otn ouvéyela urnodoyidoupe ta ‘meprypappata” (confounds). Exknaidsvoupe kal petapoppovou-

e v pdoka pe v anekovion kat ta “neprypappata’. H €§06og eivatl ) xpovooeipa e péyebog
(383 timestamps , 39 regions )

e Exnaibevoupe Kal PETAPOPPOVOUE TNV PHAoKA 3 @QOpég SeX®Plotd, pia yia kabe AelyoupyikAn

ATEKOVIOT), e§dyoupe TG 3 S1aPOPeTIKEG XPOVOOELPES 1ie 11€yebog
(X timestamps , 39 regions )

orou X = {130, 130, 123}. TéA0g CUVEVOVOULE TIG XPOVOOEIPES KAl TIPOKUITIEL 1] TEAIKT] XPOVOOlElpd

pe péyebog
(383 timestamps , 39 regions )

4. Mivareg aAAnlAooxétiong: Ot mivakeg cUOXETIONG UTOAOYiovial XPro1oIolmvIag TG XPOVOOEIPEG ATIO
10 mponyoupevo Prpa. Opidoupe éva avuxkeipevo dvvegtutyMeaoupe() IoU SEXETAL ®G TIAPAPEIPO TOV
TUIo ouvdeodtntag, Orou Kat ermAéyoupe "correlation"”. X cuvéxela xpnotpomnoloupie ) péBodo fit -
transfsorm() yia va eknmaideUooupe 10 HOVIEAO OTI§ XPOVOOELPEG TOU TIporyoupevou Brpatog. O teAkog

ivakag ouoyxEtong €xet peyebog
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1. Extetapévn IepiAnyn

(89 regions , 39 regions )

Agite éva apddetypa oto Figure 1.26 . '‘Onwg PIopeite va rmapatnprjoete 0l CUCKETIOES €ival MOAY
évroveg, adld efakodouBouv va esivar atobniég. O Adyog eival 6t kKatapyrjoape 1o confounds rou

ripooBetouv 90pubBo otig Xpovoosipég

Figure 1.24. O mivakag aijiinAooystiong kat ot ouvdeoelg TV 39 Tepox v ToU eykepaiou (e katdAanan xpo-
uatkn évtaon) yia tov ovppetexov 047EPKLO11005 0ntew¢ autog mpoKUTIEL ano 10 tapanave pipeline mposneé-
gpyaoiag

1.9 IIeipapata

Metd and 10 Sempnuko miaiolo Kat v avaiuon g kabe pebodou mou avapépbnkav ota mponyovpeva
kePpdAala, KaBog Kal KATOIMV TG YeQUP®ONG aut®v eV 1eBodnv pe 1o mpoBAnpa mou kKANOnke va Auoet 1)
napouoa epyaocia, @UOKO eival va napateBouv OTovV avayvootn Kal Td Aarnotedéopata IOV MEPAPAT®V IToU

npaypatoroiridnkav yia ) Sidyveorn g pabnolakng duokoAiag.

1.9.1 Opiopog Twv cuvodnv X,y

Ia kdBe évav amd toug 58 CUPHETIEXOVIEG £XOUME £vav CUHPHEIPIKO mivaka adAndooyEtiong peyeboug
(39, 39). 'Onwg ot aAyopiBpot pnxavikhg pabnong anattovv Siavoupatag 1 diactaong. Enopéveg, kat emeidn
10 mivakag eival CUPPETPIKOG, KPATANE POVO T0 MAVE TPLY®VIKO TUMHA, TO OIMOoio Otn ouvéxela tooredwvetat

(flatten). To ted1ko Hiravuopa tou i-th cuppeteyovrag D; Sa €xet péyebog

Nregions * (Nregions -1 _ 39-(89-1)
2 - 2

orou KAaBe yapakinplotuko (feature) x € D; aviiIpOO®ITEVEL T OUCYXETION £VOG (EUYOUG MEPLOXMOV evdia-

=741

Mfeatures =

@époviog (ROI). 'OAa ta Yx € Dy, eival aptOpntika. Asv xpnotpornor)fnkav Ratyopirkd XapaktnploTtikg, e
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1.9.2 Opiopodg twv ouvodev exkraidevuong (train), emukupwong (validation) kat eAéyyou (test)

Optimization Framework Explanation Training set Validation Test set
set

Transformers Optimization Best Transformers (per | (47,741) (11,741)
Classifier)

Gridsearch Optimization Best Parameters (per | (43,741) (4,741) (11,741)
pipeline)

Transformers Optimization Best Hard Voting En- | (47,741) (11,741)
semble Classifier

e€aipeon ) XPr)on @awvoturikev dedopévav yia ) dour) tou ypadjpatog tou poviedou Babiag pabnong I'NN
‘Exoupe 58 ouppetéxovieg onote Ngamples = 58. O tedkog mivakag xapaxkinpotkev tX kat 1o diavoupa

eukerag ty Sa £xouv Peyédn (Npatures» Nsampltes) = (58, 741) xat (Ngampies, ) = (58, ) avriotoxa.
2D 1D

Dynamic High Order FC Feature Vectors Subjects
correlation Matrices EEEEEE N Q5
: o1 OITTT WO 52
ATTTT @ S

Flatten
ITTTT WO Sv

(Nregions.Nreginns) Nregfons(Nreg ions 1)
2

Figure 1.25. “loonébwon” (flatten) mvakwv aidiniooyétiong

1.9.2 Op1opog TV oUVOA®V eknaideuong (train), emkupwong (validation) kat eAéyyou (test)

To napdv dataset £xel 58 deiypata, ta oroia mpérnet va Siaxwplotouv oe 0UVOAO ERMAideuong Kat oUvolo
eAgyxou. 'Eywve ypnon g pebddou train_test_split and ) BBA0ONkn Sci-Kit learn. To ouUvolo eAéyyou
artotedel 1o 20% twv dedopévav (1) ouvodikd ~ 11 Seiypata), kat 1o vrtodourto 80% xpnotponow)dnkav yla tmyv
eknaibevon (1] ouvodikda ~ 47 betypata).

Iy napovoa dirmdepatiyy Sa rpoBovpe oe dradopa €161 BeAtiotonow)oemy. LUYKEKPIPEvVA, KAta v BeA-
Tiotonoinon nAéypatog (Gridsearch Optimization), to ocUvolo erknaideuong xwpiotnke nepattépw o oUVOAO

ernaidsuong kat cUvolo emkUpwong . Epocov serudéyoupe cv = 10 éxoupe

e Exnaideuon : 'Eva poviedo exknaibevetat xpromporowwviag k = 9 aro ta folds — Enopéveg teAikog

ap1Buog Serypatev eknaibeuong %47 ~ 43.

¢ Emikuwpno : To eknatdeupévo POVIEAO EMKUPQOVETAL XP1OIonooviag ta urddourna k = 1 ano ta folds

— Enopévag ted1kog apibpiog Seypdiov emKupoong %47 ~ 4.

O teA1KOg TTivakag e v Katavopr) tou mAnboug detypatev ota Sidpopa ouvola propei va Bpebel mapaxkdte
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1. Extetapévn IepiAnyn

1.9.3 Metpirég A§loAdynong

H napouoa dudepatky npaypatevetal pe to npodbnpa g tafivopnong, 6niadr) mv eknaibevorn) po-
VIEA®V 1€ OKOIO Tov dlapolpaciio v deypdtwv otg 3 kKAdoelg AuoAe§ia, OpBoypadiry Aratapyxn, YyiEg.
Metd Vv ekraideuvor] toug 9a mpérnet KArnoog va givatl oe 9¢on va a§lodoyroet Ty 1IKAvoTId TOV POVIEA@V OTO
va eKteAOUV aUTh TV gpyaocia pe ermruyia. Ia autd 1o okomnod £xel 0p1otel £va GUVOAO Ao EUPEMS XP1O1}10IT010-
UlieveG PETPLREG O1 OI10ieg EKPPALoUV v akpiBela tov rPoBAEPemV £VOG POVIEAOU Og 0XE0T] HE TI§ TPAYHATIKESG
Tpég v debopévav adloddynong. ‘Etot yivetalt aiobnto niwg autég dev oxetidovial e ) ouvaptnorn KOoToug
rou avadepbnke ota poviéda tagvounong.

[a ) §uadikn aAAd kat oAAarAn ta§vopnor v dedopévav opioviat wg: aindwg Seukr) (True Positive)
pla mpoBAewn mou frav deukn KAl 1 PAYHATIKI T tov dedopévav frav detiky, peudog detikr) (False
Positive) pia rmpoBAeyrn mou frav etk Kat 1 IPAypatiky T v 6e8opévav ftav apvntiki), aAndwg apvnTike)
(True Negative) pia poBAsywn rmou Htav APVNTIKY KAl I IPAy- PATIKA TP TV dsdopévav nrav apvnuikr),
peudng apvnuiky (False Negative) pia mpoBAsyn mou ftav apvhTiKi Kdt 1] TPAYHATIKY T tov §edopévev
nrav detikr). ZupBoAidetal TP to ouvoldo tev True Positive tipov, FP 1o ouvolo twv False Positive tipov, TN to

ouvolo twv True Negative tipov, FN 1o ouvolo tov False Negative tipov. Ot petpikég opidovial ag:

e OpBotnta (Accuracy): Ex@ppddel 10 T10000T0 ermituyiag tou poviedou, SnAadr) 1o mAnbog tov Serypdtov

IOV TO POVIEAO Ta§IVOINoE 0OOTA P0G T0 OUVOAO OA®V TeV Selypdtov.

TP + TN
TP + TN + FP + FN

Accuracy =

e AxkpiBela (Precision): Ex@ppddet 10 TOCOOTO TOV EMTUXNHEVOV TIPOBAEWPERV 111ag KAAOTG TIPOG TIG OUVOAIKEG

nipoBAéyelg tng KAAaong.

TP

Precision = ———
TP + FP

e AvaxAnon (Recall): Ekppddet 10 TOGO0TO TV EMTUXNHEVRV TIPoBAEPemV Piag KAAOoNG ITPOg TO ITPAYHATIKO

MANO0G TOV MAPATNPOE®V TIOU AVI)KOUV O€ AUTH).

TP

Recall = ———
TP + FN

e F1 score: AnoteAei tov appovikd péco tewv Precision kat Recall.

Precision - Recall
F1=2

' Precision + Recall

1.9.4 Machine Learning
BeAtiotonoinon no. 1

[Ma kabe évav ano autoug toug 16 taivopntég, ekteAdoupe pia eSaviAnukr) BeAtiotornoinon pe 4 £vBetoug
Bpoxoug (1 yia xdébe €idog petacxnuatiotmv). O ouvodikog apdpdg twv cuvbuaopwy mou egetdotnkav (Kadbwg

Kal O anattoUpevog Xpovog eKTEAEOTG) elvat

Duration per
No. Experiments Duration ]
Experiment
|E| = |S| X |U| X |FT| X |FE| X |C| ~ 7680 | 3047 sec 0.4 sec
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1.9.4 Machine Learning
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Figure 1.26. I[livarxag Zuyxuvong yla tatvounon 3 kAaoewv

Ta anoteAéopata v nepapatev Bpiokoviat oto Iivaka ~ 1.9.4

Classifier Scaler Undersampler | Feature Selector Feature F1 score
Extractor

adaboost quantile nearmiss selectpercentile pca 0.624
calibrated quantile tomek selectfpr lda 0.574
decisiontree power random selectfpr pca 0.666
extratree quantile nearmiss selectpercentile lda 0.604
gradientboosting | powerpower random selectpercentile pca 0.648
knn minmax condensed selectkbest lda 0.562
1da standard tomek variancethreshold lda 0.583
linearsve quantile tomek selectfpr lda 0.573
logistic standard editednearest selectkbest lda 0.654
mlp standard condensed variancethreshold Ida 0.569
nusvce power condensed selectfpr pca 0.653
randomforest power nearmiss variancethreshold lda 0.586
ridge maxabs random variancethreshold pca 0.587
sgd quantile tomek selectfpr lda 0.573
sve power condensed selectfrommodel lda 0.623
xgboost power editednearest selectfpr pca 0.764

BeAtiotonoinon no. 2

O ouvoAkog ap1Budg twv mepapdiev Xphnotponowviag 1o HalvingGridsearchCV pnopet va Bpebet otov

miivaka ~ 1.9.4. O Ap1dudg AoKipu@v ival 1o YIvOREVO TOU TTAT00UG OAGV TV IIAPAPETPOV TOV 4 PETACKNATIOTOV

KAt tou ta§vountr), eve Apduog Iepaudiov ivatl 1o yivopevo tou AplOpou AoKuov e tocy orou cv = 10.
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1. Extetapévn IepiAnyn

Classifier No. Configurations
adaboost 14112
calibrated 4480
decisiontree 11520
extratree 54432
gradientboosting 69984
knn 268800
lda 1152
linearsvce 20160
logistic 32256
mlp 89600
nusve 18144
randomforest 1512
ridge 53760
sgd 48384
sve 89600
xgboost 110592

‘Eva mapddeiypa BeAtiotonomnpévou pipeline pnopet Bpebet oto Figure 1.27 eve ta ouvoAika amotedéopata

HeTd TV edpappoyr) eV 2 apandve PeAtiotornotnoenv Bpiokoviat oto Figure 1.28

e O xalAutepog PeAtiotoroinpévog aiyopiBpog pipeline sivat o XGBoost Classifier pe test score F} =

76.5%

O xe1potepog BeAtiotoroinpévog pipeline eivat o SVC kat NuSVC pe test score F} = 36.1% F; = 27.8%
rmou eivatl Atyotepo akopa kat ard évav baseline classifier. MdAwota oty i61a owkoyévela tagivountov
avrkel kat o LinearSVC pe test score F; = 57.4% . Tevikd, ot pn ypappikoi tadivountég sivat rmo
KAatdAAnAot yla ) PoVIEAOIIOiN o1 Mo MEPIMAOK®V CUVAPTHOERDV A0 TS YPARPIKEG, aldd e§aptdatatl and
ta 6edopéva, TG EMAEYHEVEG UNTEPTIAPAPETPOUG (TT.X. ITO1VY] KAl ITUPHvVa) KAl TOV TPOTo gppnveiag tov

ATTOTEAECPATROV .

TRANSFORMERS

Scaler : robust }—-[ Featurt]}?zl:zf;::xrir(r —»[ Feature Extractor : pca H Undersampler : random > Classifier : adaboost

"with_centering” : [True, False] ,
i i i

"sampling strategy” : ['majority, 'not { .
“percentile: (1,2, 5, 10, 50, 100] majority’, ‘all, 'suto] : “n_estimators” (10, 50, 100, 150, 200, 250, 300],
{ classifier_algoriihm™ : [SAMME', 'SAMME ']

Figure 1.27. Pipeline tou Adaboost Classifier

BeAtiotonoinon no. 3

O ouvoAikog ap1Bpog TV MEPAPATOV apopd 0Aoug toug rmbavoug ocuvduaopoug TV PEATICOTIOHIEVRV

pipeline (©g Pog PETACXNPATIOTEG KAl UTtEpATIApapETpous). Tevikd, unidpyouv oAdd Siapopetikd €16 cuddo-

yikov ta§vopntov (Ensembling). e aut ) Suddeopatiky epyacia XpnotlomnotoUpe Povo )V [POCEYYIo TS

"oxAnpeng” (hard) ynoodopiag, @otd00 PNeEAAOVIIKE OKOTEVOULLE VA MEPAPATIOTOUHE KAl HE TV IIPOCEYY101] TOU

soft voting.
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1.9.4 Machine Learning

F1 score - Baseline & Optimized classifiers (transformers & classifiers)
—— 7 - m- Opinized Gridsearch

mmm Optimized Transformers
N Unoptimized

adaboost
calibrated
decisiontree
extratree
gradientboosting
knn

1da

linearsve

CLASSIFIER

logistic

mlp

nusve
randomforest
ridge

sgd

0765
g7 oo
I, 0765

00 01 0.z 03 04 05 06 o7 08 09

Figure 1.28. Ta anoteAéouara yia 1o F1 test score uesta g BeAtiotonoujosig no.1 , no.2

IV OUYKERPIPEVE BeATioTonoinon yayxvouue tov ocuvduacpo rou 9a odnynoet oto kadutepo test f1 score.
Aoxipadouloupie 6Aoug Toug ouvBuaopoug yia oAoug ta 16 Beduotononuéva rmreAveg (exknaibevuon kat aglo-
Aoynon). Ta ouvodika aroteAéopata Petd Vv epappoyn tov 3 napanave Beltiotonoosmv PBpiokoviat oto
Figure 6.3, omou avadesikvioupe toug rpotoug 20 cuvbuaopoug. Xto aplotepd didypappata rnapatnpeitat
€vag mivakag aAnBeiag mou Unodelkvuel mola BEATIOTONOUEVA POVIEAQ CUPHETEXOUV OTOV eKAotote ouvbua-
opo (pe éviovo prde oupBoAidetal 11 CUPHETOXI] VG HE AVOIXTO UIAE 1 Pn ouppetoxn). Tédog, o aplbumg tov

oUVUAoPEV-TIEPAPATRV givat :

Mep1KEG TTApATNPOELS :

e O kalutepog PeAtioTonoinpévog ouviuaoiiog eival autog Tou Meptexel ta Pedtiotonowmnpéva pipelines tov

tawvopntov MLP, Logistic, Random Forest, Ridge, Extra Tree pc test score F; = 83.5%

e EvSiagpépov eivat 6t to pipeline tou ta§ivopntr) XGBoost, rou o6nyouoe oto kaAutepo test score F; petd
v BeAtotornoinon no.2, v CUPHEIEXEL 08 Kaveévav anod toug npwtoug 20 cuvbuacpoug. Mia mbavr)

e&nynorn eival o XGBoost Acttoupyei oAU §1adpopetikd Ao GAoUg TOUg UTTOAOITIOUS TA§IVOUNTEG.

e 'Eva akdépa svblagpépouv eupnpa sivat to pipeline tou tadivopntr) Extra Tree cuppetéxet oe 19 and toug
20 mpotoug ouvbuaopoug, eve ta pipelines twv taSivopntov Linear SVC, SVC, kNN, LDA, Decision

Tree oc Kavévav

e Ta amoteAéopata priopet va eivat Altyo Braoed, kabwg propeiva unapyetl overfitting oe kdroloug aro
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1. Extetapévn IepiAnyn

Ensembling - Different combinations of (Hard) Voting Classifiers

sgd

mip

logistic
randomforest
ridge
adaboost
calibrated
decisiontree
extralree
knn

F1 score - Ensemble Classifiers

comb. #1 comb. 1 | 25

lda

comb. #2 comb. 2 I ©:::
comb. #3 comb. 3 I ©750
comb. #4 comb. 4 [ 7%

comb. +; I ©7?
comb. +7 I ¢
comb. »5 I ¢
comb. #o I 4
conb. #10 [ ©
comb. #11 I ©
——  p=
comb. #13 I ©
comb. #14 I © ¢
conb. #15 I ©T?
comb. #16 I ©
comb. #17 I ©
comb. #12 I ©
comb. #10 I © <
comb. +20 [ ©

X L 0.8 07 0,7 o8 0.85 0.9

comb. #6

comb. #7

comb. #8

comb. #9

comb. #10

comb. #11

comb. #12

comb. #13

comb. #14

comb. #15

comb. #16

comb. #17

comb. #18

comb. #19

comb. #20

Ensemble Classifiers - Truth Table Classifiers Combinations

Figure 8.4. Top 20 (F1 score) combinations of Hard Voting Ensemble Classifiers
Figure 1.29. Ta anoteAéouata ya 1o F1 test score peta tg BeAnioronomoesig no. 1 , no.2, no. 3

T0UG ouviuaopoUg 1o oroio mpéretl va edeyxOel. Autd pmopel va yiver kavoviag visualize 1ig ypadikég

train/validation loss, learning curve.

e TéAog, n ouykekpéva PeAtiotornoinor €éAaBe x®pa povo yia okoroug anodoong. Emeidr) ot cuAdoyikol
tadvopuntég eivat ‘apnpnpévor” tadivountég uyndou eruredou, Sev Propoue va eppnvedcouiie ekabapa
10 “pauvpa Koutid” Toug KAl Tov Tpomou Asttoupyiag toug. Ia auto tov Adyo, 6ev Sa toug xpnotpo-
MOI)0OUHE Y1a va €AEYSOUHE TI§ ONUAVIIKOTNIEG TOV XAPAKINPOTIKGOV, avifetwg Sa kivnboupe pe ta

BeAtiotorownpéva pipelines tou mponyoupevou Pripatog.

Enefnylopotnta pe LIME

Xpnoponowviag tov MAPAPETPOIIOUHEVO AAYOPIOO0 TTOU TMAPOUCIACAE Of IIPONYOUMEVI eVOTNTd, €00
delyvoupe ta anotedéopata g eGpapPoyng otov KaAutepo (oG rpog test score F; ) BeAtiotornoinpévo pipeline
IMOU TIPOKUITTEL PeTd 1a Prjpata no. 1 no.2. MdAiota, eival onpaviiko va toviocoupe 0Tl epappofoupe Tov
naparnave ailyépiduo yia kabe khdon Sexwppilotd. Emopéveg npokurttouv 3 Siapopstikd diovuouata Bapov w’
peyéboug (741,) éva yia kabe kAdon, 6ndadn w’SpD, W, , Wy, Ortikortoloupe ta 20 mpota yia Kabe kAdon
onwg @atvetat oto oto Figure 1.31

Mep1kEG TTApATNPAOELS :

e O1 epPlox£g 10U MPOcO10u PA010U Tou npooaywyiou (Dorsal Anterior Cingulate Cortex, niow @Aolou
Tou mpooaywyiou (Ventral Anterior Cingulate Cortex), 8100 vnowwtikou @Aowou (Right Anterior
Insula) evepyorotouvtat idiaitepa o vy adid (typical readers) eve yia 11g uriodoureg 2 opddeg adiov

Sev evepyoroouvtat. O pOAog autmv oxetidetal otevd pe v enegepyaocia aviapoBrg oty KOWGMVIKT)
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1.9.4 Machine Learning

Feature Importances (for each class) -

Feature Importance for class : TD Feature Importance for class : DL Feature Importance for class : SpD

]
1
£
1
g

- ¥ a £ LA A | i 8 ks g

Figure 1.30. Awdypappa umapov mov UToOEIKVUEL TI¢ ONUAVTIKOTNTES TV 20 Un Kowov Xapaktnolotkov yia tg
3 kiaoeig

a&loAoynon kat evouvaiocdnon

e H mepioyn tou Broca nailet faoiko podo ota radid pe AuoAetia, eUpnpa mou sivat aroAuta cUpGeva
pe ) BBAoypadia pag. Ta tg umodoreg 2 opdadeg, n meploxr) tou Broca Sev ouppetéyet oe kavéva

XOPAKTNP10TIKO, oUTe Kav ota top 20 toug

o O1 SucAektikol £€X0UV SUCAEITOUPYIA TOV CUCTHATOV HETATPOIG POVOAOYIKOU Katl opboypadiag oe Q-
vodoyia. IIpaypat, n reploxr) tou wviakou AoBou (Occipital Lobe) dev eival evepyoroupévn kat dev

OUMPPETEXEL 0€ Kapia aro 1ta 20 kopudaia XapaKInplotiKda.

e H evepyoroinon tou paBdotou (Stratium), rou ouvtovidel 1 Anyn arodpdcenmv, ta Kivntpd, v evioxXuor)
Kat myv avilAnyn g aviapoBnig eivat upndotepn (aAAd ouykpiopn) oe vy awda (typical readers) oe

OXE0M HE TV avIioTolxn EVEPYOITOiNoT OTIG UTIOAOLTES 2 OPAdES.

e H rieploxr) tou Aprotepou IIpooOiou EvoBeypatikou Avldiovu (Left Anterior Intraparietal Sulsus) ivat
B1aitepa evepyoronpévn oe radid pe AuvoAedia kat OpBoypadiky Aratapayy, Orwg avadEPetal Kat

o€ OXeUKr] BBAloypadia.

o Télog, Pprikape pelwpévn eyKeEPAAIKT Spaotnplotta Otlg MEPIOXES TOU RUKRALKOU @Aoou (Cing) ota
naidia pe opBoypadiky dratapayrn oo ZnA oe CUYKPLON HPE TG UIOAoLrieg 2 oadeg

"Eva akopa Sidypappa mou npoodEpet oAdr] adia oty rapovoa dumdepatky eivat 1o Figure 33

Mep1kEG mapatnpPnoeg :

e To Staypappa oyt povo deiyvet ta top 20 KOWA XapAKINP10TIKA TTAVE OTOV IMTAVAKA CUCXETIONG aAAd deiyvet
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1. Extetapévn IepiAnyn

Connectome - LIME Feature Importances for 3 classes
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Figure 1.31. Awdypauua urapov mov umodelkvUel Ti¢ onuavtkotnieg tov 20 Kowwv xapaknpliotkov yia 1g 3
KAAOEIG KAdW¢ Kal Ti¢ OXETIKEG EVTAOELS TOV AKUMU TIOU OUVSEETL TG TTEPLOXES TOU EYKEPAAOU

e 'Oleg o1 akEg/ouvbéoeig £xouv 9etky emidpaon yia va rovpe ot éva nawdi Sev £xel kapia YA®OOIRN

8uokoAia svw o1 161eg oUVEEDELG £XOUV apvnTiKY enidpact yia va roupe ot £va raidi £xel SuoAedia 1)

opBoypadikn Sratapayr). To oroio @aivetal oxedov o GAa ta XapAKINPLOTIKA

1.9.5 Ba6wa Maénong

IIewpapata

'Exovtag §opr)oet TV apXITEKTOVIKI] TOU POVIEAOU 11ag, 9¢Aoupe va BEATIOTOOI)COUHE TIG UTIEPATIAPHETPOUS

TpEXovViag KatdAAnAa mepdpata, P€ KOO va TETUX0UHE 10 KaAutepo test f1 score adlda tautdyxpova va aro-

Table 1.4. 'Ojleg o1 TS TOV UTEPTIAP AUETO OV TTOU ALY ONKav Kata v Sidpkela tov nepaudtov pe 10 G-CNN
(Hyperparameter Tuning)

Hyperparameter ‘ Value Options Best Value
Epochs e € (20, 240) with step = 20 80

K ke(l,14) 4

8 8€(1,5) 3

Dropout d € (0.05,0.8) 0.6
Hidden Units h e{[2],[8],....[4,8,16,32,64]} | [8]
Learning Rate Units | Ir € ([le—1,1e - 8]) le—4
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1.9.5 Babia Mabnon

@uyoupe to overfitting, mpoBAnpa mou eivat oAy ouvnOeg oe poviéda Pabiag pdbnong rmou ekmnadevovial pe
Atya 6ebopéva. Ta arotedéopata 1@V nelpapdtav gaivoviatl otov rivaka Table 6.2. Yuvodikd, o apiBpog tov

MEPAPATOV aveépyoviat :

|E| = |epochs]| X |x| X [8] X |d| X |h| X |lr| ~ 985600

AntoAcia (loss), AkpiBeia (accuracy)

AT6 6Aa ta apaArdave ePapatd, SEKVApE aro auto pe 1o Kadutepo test f1 score = 83.3% xkat npoxwpape
oe pBivouoa oelpd péXpL va Bpoulie KAMOoo meipapia oto oroio Sev ouvavidpe 1o @atvopevo tou overfitting. Ztnv
OUYKEKPIPEVA TIEPIMTIOOT HTAV TO MPWIO, KAl 01 TIHEG TOV KAAUTEP®V TIP®V Y1d TIS UTIEPTIAPAPETPOUS Qaivetatl
ertiong oto Table 6.2. Ot kartuAeg anwAeiag (loss), akpiBelag (accuracy) 1000 yla 10 oUvoAo ekmnaidsuong 6co
KA1 yla to ouvodo enaArifeuong @aivovrat oto Figure 1.32 . ITapatnpoupie ot evo to test f1 score = 83.3%, 10

validation accuracy score <60 %

GNN Model Loss ) GNN Model Accuracy score

train loss = ftrain accuracy
= = validation loss = = validation accuracy

loss

Accuracy score

epoch epoch

Figure 1.32. Kaunuvjeg anwisiag kar akpibeiag yia 1o oUvoAo eknaideuong Kat emaindevong
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Chapter E

Dyslexia & fMRI

2.1

Definition of Dyslexia

Dyslexia has been around for a long time and has been defined in different ways.

2.2

Based on International Dyslexia Association : Dyslexia is a specific learning disability that is neuro-
biological in origin. It is characterized by difficulties with accurate and/or fluent word recognition and
by poor spelling and decoding abilities. These difficulties typically result from a deficit in the phono-
logical component of language that is often unexpected in relation to other cognitive abilities and the
provision of effective classroom instruction. Secondary consequences may include problems in reading
comprehension and reduced reading experience that can impede growth of vocabulary and background

knowledge

Based on [Organization, 2010] : Dyslexia is a specific reading disorder characterized by a specific and
significant impairment in the development of reading skills that are unrelated to problems with visual

acuity, schooling or overall mental development

General Symptoms

For groups of people with some reading disability, 80 % of them have a phonological difficulties and

are considered dyslectic, and the rest 20 % have speed & comprehensions difficulties and they are not

technically characterized as dyslectic but reading help will be required. Reading difficulties have been

related to various symptoms:

2.3

Phonological Difficulties (most frequently reported). Concerns around the 80% Brain is unable to
process phonemes, ie. the smallest units of speech that make words different from each other. So

there is difficulty decoding words based on their sounds.
Visual/Attentional deficits (frequently reported as well) [Ramus and Ahissar, 2012]

Speed/Naming Deficit Slow reading; poor use oof sight words, words which are instantly recognized

by a control subject (not sounded out, no effort to understand)

Comprehension Deficit Poor understanding of what was just read

Types

Figure 2.1 describes a taxonomy of only the most recognized and discussed types of dyslexia [ref, 2022b].

Generally, there are even more subtypes and categories identified by researchers. Deep diving into those is
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() DYSLEXIA

Phonological
Not DYSLEXIA

Comprehension
Deficit

Deficit

Figure 2.1. Dyslexia Reading Deficits

DYSLEXIA

Time of
Onset
Deficit
More Dyseidetic P N More Dysphonetic
Difficulty with whole words |~ " Difficuity with word sounds Sensory
' System
‘ More Visual < > More Autitory ‘

Figure 2.2. Dyslexia Types
out of the scope of this project.

2.3.1 Dyslexia by Time of Onset
Developmental Dyslexia

This is the most common type of dyslexia, giving the definition to the term dyslexia itself, which is
due to the fact that 80% of dyslectics belong to this category, having a phonological hereditary brain based
deficit/disability. So, this dyslexia is genetic and present from birth, subsequently ‘developing’ over the
course of time. Often co-exists with ADHD, dysgraphia, dyscalculia and dyspraxia. Classic dyslexia

symptoms (which can be seen as early as the first 6 months of age) vary in degree and number accordingly
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2.3.1 Dyslexia by Time of Onset

and include :

e Slow reading

e Very poor spelling and weak phonemic awareness resulting in great difficulty sounding out words

(especially unfamiliar ones)

e Pre-school warning signs : delayed speech, difficulty learning the alphabet, inability to rhyme words,
confusion of left right, before and after and other directional or relational words, poor pencil grip and

messy writing

e Difficulty tying shoe laces and reading a clock with hands

In our research, the participants are 58 and all are children aging between 9 and 13. So it would be

wise to deep dive into the Elementary School Dyslexia Symptoms :

e Struggles with directions (Directional Dyslexia) : Left/right, east/west, before/after, in front of/be-

hind, are all difficult abstractions for the dyslexic.

¢ Difficulty telling time on a clock with hands : Dyslectic children are unable sometimes to tell time
on clocks. This may result from prepositional confusion (before/after) or directional confusion (left,
right). As a result children end up having a problem with sequencing and ordering of things, in all

levels (sounds, space, time).

e Difficulty learning to tie shoes : tying knots also constitutes an abstract sequence of steps, therefore

can be a trouble for dyslectic children and reliable sign of dyslexia.

e Difficulty with cursive writing : Children tend to see words as entire shapes/objects, therefore they

are prone to struggle with basic letter formations and cursive writing .

e Inability to rhyme : Rhyming involves swapping out one sound (phoneme) for another, but most of
dyslectics face a difficulty parsing (break/reassemble) words in that way. It also constitutes a reliable

indicator of dyslexia because it is a pure phoneme task.

e Struggles to find the right words when speaking : A lot of dyslectic children have a difficulty recalling
words, events and stories since they are also sequences in a specific order. Therefore most of them

tend to pause or use a lot of "ums" and "ams"

e Difficulty recalling the phone number, address : These also constitute abstract sequences of infor-

mation not frequently used, making it difficult for dyslectic children to recall.

¢ Difficulty Organizing Dyslectic children have a difficulty organizing some everyday stuff eg. bedrooms,

closets, school bags, lockers.

e Lower self esteem : Dyslectic children experience daily stress and anxiety, because they tend to face
all the previous problems, lowering their confidence and their mood.
Acquired Dyslexia

Compared to the Developmental Dyslexia, only 20% of dyslectics belong to this category, which is a
result from trauma or injury to that part of the brain which is directly connected to reading and writing.

Late in life this can be the result of a tumor or stroke.
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Since developmental dyslexia is more common, and many times identical to the term dyslexia, many

people argue that acquired dyslexia is not a category of dyslexia at all, but rather a different kind of reading

disability because it does not have any genetic background. However, when we examine the etymology of

the word dyslexia = dys - lexia, it can literally be defined as the difficulty with words and so the term can be

widely used for reading difficulties, eliminating any confusion.

2.3.2 Dyslexia by Deficit

Phonological Dyslexia

This is the most common type of dyslexia giving the definition to the term dyslexia itself. Subjects

are unable to manipulate the basic sounds of languages (especially nonsense words), resulting in a ’sticky’

sound ad with repetitions. This is an auditory processing problem (a brain-based disorder). Typically it can

be considered as developmental (genetic/inherited) but some cases can be an acquired type as a result

of a stroke or Alzheimer’s disease.

Surface Dyslexia

Surface dyslexics may have a visual recognition problem linking words to sounds. Typically it can be

considered as acquired, ie. not genetic, developing later in life as a loss of former capacity, but some

cases cases can be considered as developmental. This is a challenge for the current understanding of

dyslexia. According to Nancy Mather and Barbara Wendling (TODO) "surface dyslexia is characterized by

difficulty with whole word recognition and spelling, especially when the words have irregular spelling-sound

correspondences"”. This is a paradox because in general in people’s mind dyslectics tend to struggle with

parts of the words and not the whole words. This is due to the fact that most of of dyslectics (around 80 %)

have phonological deficits.Examples of irregular words

Enough, colonel, debt, pretty, they, island, yacht, chaos, wednesday, father, comfortable, answer, earth,

Jriends, have... and hundreds others

Deep Dyslexia

Deep dyslectics subjects may suffer from a loss of capacity to read. Typically it can be considered as

acquired, ie. not genetic, developing later in life. Often it is because of a trauma or stroke, affecting the

left side of the brain. There are 2 types of symptoms here :

e Frequent semantic errors : Subjects tend to guess at words (entirely replacing the correct ones with

related) based on context clues or word shape and size. For example /table/ may be read for /chair/,
/road/, /dog/, /canine/

e Extreme difficulty reading nonsense words : Subjects tend to make up words that do not exist at all

like /bluck/, /zub/. Some of them can not decode or sound out these words. [ad Rhonda B.Friedman12, 1990
proposes that deep and phonological dyslexia may be opposite endpoints on a continuum of reading

disability, with the surface dyslexia would fall in between.
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2.3.3 Dyslexia by Sensory System

2.3.3 Dyslexia by Sensory System

Auditory Dyslexia

Sound-symbol association problems The subject is unable to associate phonemes with graphemes.
There is difficulty processing sounds of letters (or groups), realizing that combination of consonants
and vowels produce entirely different sounds; that hard, soft and silent sounds are different depending

on the position of the letters in the word

Auditory discrimination difficulties : Based on (Critchley), the subject has difficulty differentiating
between similarities and differences in the sounds of letters and words, especially in eg. certain

consonantal sounds, such as /b/ and /p/, /m/ and /n/ or /d/ and /t/.

Difficulties in auditory analysis and synthesis. Unfamiliar words are difficult to be processed
because the subjects lacks of structural analytical skill, so they can not identify morphemes (prefixes,
suffixes, root words); ie. they can’t establish a connection between these new words and others with

similar etymology

Auditory sequencing difficulties The subjects are unable to retain the sequence of sounds long
enough in their short-term memory, so they can reproduce them in the correct order ; eg. /emeny/ in

place of /enemy/, /familiar/ in place of /falimiar/

Auditory memory problems The subjects have difficulty in recalling specific sounds of letters and
words which are used in everyday-spontaneous converstations ! For example /dad/ for /father/. The
dyslectic can remember the former easier than the latter one, because they are easier to pronounce
and have specific phonics principles. All this difficulty is due to the inefficient system of processing in

long-term memory storage.

Omissions, additions, substitutions

— The subjects tend to omit single phonemes or syllabus in word pronunciation. For example
/box/ for /boxes/, /walk/ for /walking/. This type does affect the meaning derived significantly.
But there is another type where the meaning is affected. eg. /bet/ for /bent/.The most frequent

words in which letters are omitted are those starting from /s/ for example, /sit/ for /split/.

- Some subjects tend to add words or sound units, frequently heard phrases that are automatically

associated with each other. For example /the little baby/ for /baby sitter/

- Finally, some subjects tend to substitute because they think that sound like the correct words

but are not. For example /optimist/ for /optometrist/

Mispronunciations Auditory dyslectic subjects pronounce some vowels incorrectly in some occasions,
especially when these words include short vowels. This is happening because they can fully under-
stand the difference between short and long vowel sound. For example, there might a confusion
between /mat/ and /mate/ and between /hat/ and /hate/. Moreover, words that have different initial
consonants and the the rest is the same are baffling. For example, words /hut/, /mut/, /put/ have

identical sound properties and entirely different meaning.

Hesitations and repetitions A lot of subjects may sometimes pause incorrectly between words, thus

repeating the preceding phrase or word several times before attempting the problem word.
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Visual Dyslexia (common)

Diagnosis a visual dyslexia tends to be difficult because the young subjects do not have the experience
to perceive that words or phrases are differently written or read from what they know. They believe what
they see, they do not have a knowledge baseline to compare and diagnose themselves. Visual dyslexia
is reading difficulty resulting from either optical visual problems (physical causes) or visual processing

disorders (cognitive/neurological causes). Common symptoms are :

e Skipping words or lines while reading

e Squinting

e Preference to read in low light

e Rubbing eyes or blinking frequently

e Discomfort reading from monitors and screens
e Headaches / migraines

e Balance or coordination issues

e Poor fluency and comprehension

Therefore, apart from the general symptoms that apply to both subtypes, we are mentioning here more

special symptoms of each subtype

Visual Dyslexia (physical) ~ Problems with the eyes

e Distant letters and objects appear blurry
e Nearby letters and objects appear blurry

e An inability to otherwise normally focus your eyes

Visual Dyslexia (cognitive) ~ Visual Stress

Instability of text : Characters appear distorted or shaking.

Illusions of light and colour : Colour may appear between text lines or in the text background

Depth perception difficulties : The depth of words is not accurately perceived by the subjects, leading

to balance motion or motion issues

Sensitivity to light : Subjects may suffer from headaches, migraines or fatigues when exposed to

different light sources

2.4 Causes

Causes of dyslexia vary based on the type. For Developmental Dyslexia, researchers focused on specific
hereditary factors. Specific genes are identified to contribute to the development of dyslexia, which is useful
and insightful in the direction of early diagnosis children at risk and faster intervening through special
education/teaching programs. However, lets deep dive into the brain basics, the complexity of the reading

skill, the dyslectic brain and finally the causes.
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2.4.1 Brain Basics

Cerebrum
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Figure 2.3. Main Areas of the brain

2.4.1 Brain Basics

There are three main parts of the brain:

e The Cerebrum : This is the big wrinkled part of the brain which is divided into left and right
hemisphere. The left is directly involved into reading and includes two small areas which are linked
to language : Broca’s area and Wernicke’s area. Both left and right part are further divided into four
(4) lobes :

Occipital toward the back of the head

Frontal near the forehead. Brocas’s area is here

Parietal lobe which is in between

Temporal lobe which is also in between. Wernicke’s area is here

e The Cerebellum : It is located at the back of the head. This part of the brain coordinates physical

motor control (muscle movements, posture, balance). It is slightly implicated in reading

e The Brainstem The smallest area among the 3, which is connected to Spinal Cord, and coordinates
sensory input (hot, cold, pain, bright, loud), breathing, hunger, consciousness, cardiac function, body
temperature and involuntary movements (coughing, sneezing). It is not directly implicated in reading

process

2.4.2 The Dyslectic Brain

Reading is a complex skill. The reader should decode the words, understand the meaning (semantics)
and finally read fluently. Neuroimaging and advances in this direction have unraveled the complexity of
reading. Reading is cultural invention, so our brain was not neurally wired fore that, so new neural connec-
tions were formed, creating a specific circuit just for this complex skill. The success of this circuit is due to
the combination of different brain areas (TODO : https://www.omoguru.com/omoblog/lexie/dyslexia-and-

reading-in-the-brain/)
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Research in neuroscience reveals that brain functions differently in people with dyslexia than those
without it. Actually all these structural and neural differences make dyslectic people unable to read, spell,

write in an efficient 100% way as a typical reader.

Typical Brain / Dyslexic Brain comparison

Dyslexic

Broca's area, Inferior frontal gyrus
larticulation/word analysis]

. Broca's area, Inferior frontal gyrus .
larticulationfword analysis)

. Parielo-temporal
lword analysis)

. Occipito-temporal
Iword form)

Figure 2.4. Dyslectic vs Non-Dyslectic brain
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2.4.3 Causes of Dyslexia

Category Brain areas

The efficient, non-dyslexic readers uses the back areas
(parieto-termporal, occipito-termporal) in a very active way,
making their fluent since the words are reccognized at ligthing

speed.

e Parieto-Temporal area : The novice reader uses this area
in combination with Broca’s area to slowly analyze new

Non-dyslectic brain words. This is the area that also processes articulation

e Occipito-Temporal area : This is the area where the
words form, the brain creates new neural connections for
these including spelling, pronunciation, syntax and

semarntics

e Broca’s area / Inferior Frontal Gyrus.

The dyslectic readers do not tap these high powered areas at the
back (parieto-termporal, occipito-termporal). Instead the

dyslectic brain uses only one brain area :

e Broca’s area : This is the area that processes articulation
and help readers connect sounds with letters and
phonemes. In the dyslectic brain, this area is over-utilized

Dyslectic Brain and over-activated in order to compensate because the

other 2 regions are not effectively fired. This

over-utilization leads to inefficiencies.

Over time, dyslectic readers tap parts of the right hemisphere to
support their reading skills. Since these areas are not created to

effectively support reading, the dyslectic readers use a lot of

brain effort for less results (inefficient brain activity patterns)

2.4.3 Causes of Dyslexia

Having analyzed the areas which are fired at both dyslectic and non-dyslectic brains, we notice that
Broca’s area is the only area being activated at both type of readers. On the other hand in the non-
dyslectic, Parieto-Temporal and Occipito-Termporal areas are not activated; leading to the activation of
the right hemisphere to support the reading skills. Even during today, researchers still do not know why
dyslectic-brains use different parts of their brain to accomplish the same function. Moreover, since reading
is a complex skill, including the firing of overlapping regions, decoding their interaction constitutes also a
complex task.

Therefore, we still do not know the ultimate root cause of dyslexia, but we are aware of a specific
intermediate cause. According to the "Phonological Processing Impairment Theory", the underlying
dyslectic brains are not skillful at processing phonemes ; the basic sounds of language, the smallest units
of speech that make words different from each other. Therefore, the reader has a difficulty decoding words

based on their sounds, since these become "sticky" unable to be broken apart and manipulated easily.

Diploma Thesis m



Chapter 2. Dyslexia & fMRI

ROOT Causes Intermediate Causes
r 1 @
0} J'-2
:D b DYSLEXIA
- Symptoms U
Iy ] M

Figure 2.5. Causes, Symptoms

e Genetic Causes : Discovering the exact genes involved and completely comprehending their activation

and expression (or inhibition) is extremely difficult.

According to the UK’s Dyslexia Research Trust, chromosomes 6 and 18 are directly linked to dyslexia.
In their research, 50 genetic biomarkers (within 15 brain-expressed genes) were examined. There are
strong associations between gene named KIAA0319 and low performance in tests (reading, spelling,
orthography) ; a result which is also supported also by other independent studies. Although the
function of the KIAA0319 gene is poorly understood, several studies have shown that it is related to

impaired neuronal migration and intercellular adhesion [Zhao et al., 2016]

e Environmental Causes :Developmental dyslexia (DD) is a multifactorial, specific learning disorder.
Susceptibility genes have been identified, but there is growing evidence that environmental factors, and
especially stress, may act as triggering factors that determine an individual’s risk of developing DD.
[Theodoridou et al., 2021]. Moreover, acquired forms of dyslexia (stroke/trauma) can be considered

environmental in origin.

2.5 Treatment

Dyslexia is not caused by low intelligence, lack of motivation, laziness or bad parenting. Dyslexic
readers, who estimated to represent 5% to 15% of the population, simply need effective reading interventions.
Through special remedial teaching programs, they can overcome early learning delays but not completely
[P.Tamboer et al., 2016].

2.5.1 Developmental Dyslexia - Phonological

All the teaching programs specified for the most established category of dyslexia, Developmental Dyslexia,
include the following methods and content. Taking into consideration principles of the Orton-Gillingham
approach developed in the 1930’s by Samuel Torrey Orton and Anna Gillingham, it has been observed that
the most effective teaching programs includes all the following six (6) elements, which follow a specific order
of difficulty, starting from simpler structural elements (phonemes, syllables and words, vowels, digraph

bllends) and moving on to more advanced (syllable types, roots, preffixes, and suffixes)

e Personalized : Respects the specific language needs of the learner
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2.6 Diagnosis of Dyslexia & Official Diagnostic methods

e Multisensory : Uses a variety of learning pathways: seeing, hearing, touching, and awareness of
motion. For example, the dyslectic reader, simultaneously, sees letter A, repeat its name and sound,

and finally write in the air. Through this way, the readers enhance memory storage and retrieval.

e Structured, Systematic, Sequential, and Cumulative : Follows a sequential learning pathway;
always acknowledging the past material taught and presenting the new material. Language elements

and rules are introduced in a linguistically logical, comprehensive order.

e Incremental : From simple well-learned material to more complex, well-structured material, master-

ing each along the way.

e Cognitive : The readers are exposed to a plethora of generalizations and rules directly related to the

structure of language.

Flexible :

5) Flexible: Instructors ensure the learner is not simply recognising a pattern and applying it without
understanding. When confusion of a previously taught rule is discovered, it is re-taught from the beginning.
6) Personal and Direct: Building a close teacher-student relationship with continuous feedback and

positive reinforcement leading to success and self confidence.

2.6 Diagnosis of Dyslexia & Official Diagnostic methods

The Diagnostic and Statistical Manual of Mental Disorders (DSM) is the handbook used by health care
experts as sourcce of truth in North America, South America, Australia, and many other European countries
for diagnosis of mental disorders. It enables professionals to communicate about mental health disorders
using a common language. So, even every expert should made a diagnosis based on the criteria presented in
DSM-5 (5th version of the handbook). Most of the times, a patient maye present overlapping symptoms and
the diagnosis itself is a complex task. Experts use their knowledge, experience and intuition to conclude on
a patient’s diagnosis.

DSM category for learning disorders, such as dyslexia and dyscalculia, underwent a significant change
between DSM-4 and DSM-5, sparking a lot of controversy and criticism from dyslexia advocacy groups due
to its failure to code both as distinct types of Specific Learning Disability (SLD).

Based on on DSM-5, the criteria for diagnosing dyslexia, dyscalculia and other learning disorders are

1. Criteria A (Key Characteristics) : Difficulty in mastering reading, writing, arithmetic skills, number
sense, number facts or calculation and mathematical reasoning in school age years. The difficulty
persisted for at least 6 months and is failed to improve despite the provision of intervention that deal
with these difficulties.

2. Criteria B (Measurement Analysis) : The difficulty led to the affected academic skill to be substan-
tially and quantifiably elow those expected for the individual’s chronological age. It will be assessed
through a standardised achievement tests and the analysis is done based on cut off. For individuals
aged 17 and older, a documented history of impairing learning difficulties may be substituted for the

standardized assessment.
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3. Criteria C (Age of Onset) : The learning difficulty may begin in the early years of schooling, but may
not fully manifest until young adulthood in some individuals until the demands for those affected

academic skills exceed the individual’s abilities.

4. Criteria D : Any other disorder, such as Intellectual Disabilities, auditory or visual acuity problems,
other mental or neurological disorders or adverse conditions, such as psychosocial adversity, lack of
proficiency in the language of instruction, inadequate instruction that may have plausible explana-
tion for the difficulties being experienced by the individual must be taken into account first before

confirming the diagnosis.

2.7 functional Magnetic Resonance Imaging (fMRI)

2.7.1 Brain Sizes

We should understand specific brain sizes before deep diving into the concept of fMRI as presented in
Figure 2.6. A Voxel is the unit block of a 3D brain image and represents mm? (isotropic voxel resolution) of
space in the brain. Each voxel may contain millions of neurons and billions of neural synapses depending
on the problem. A Slice is one plane of the brain (x, y, z), while the volume is a 3D image of the brain,

recorded at one single timepoint

2.7.2 Brain Sizes Quality Metrics

The quality of the measured data depends on the resolution and the following parameters : The

repetition time (TR) is the time required to scan one volume, the field of view (FOV) defines the extent of

a slice, eg. 256mm X 256mm while the acquisition time (TA) defines the time required to scan one slice

TR
TA =TR -

Nslices

VOXEL INDIVIDUAL SLICE SLICES VOLUME

Figure 2.6. Brain Sizes

2.7.3 Magnetic Resonance Imaging (MRI) Data Specifics

Magnetic Resonance Imaging (MRI) scanners output their neuroimaging data in a raw data format called
DICOM, with which most analysis packages cannot work (all the underlying format can be found in Figure
2.8). Special software is used to convert them to a standard format for further neuroimaging analysis. The

current standard is NIFTI (.nii), which was also used for all participants files.
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2.7.4 functional Magnetic Resonance Imaging (fMRI) Data Specifics

e Image : The actual data and is represented by a 3D matrix (or 4D for fMRI) that contains a value (e.g.

gray value) for each voxel

e Header : contains information about the data like voxel dimension, voxel extend etc

Format Header Data Types

Variable length binary Signed and unsigned integer, (8-, 16-bit; 32-bit only
DICOM format allowed for radiotherapy dose)

Fixed-length: 352 byte Signed and unsigned integer (from 8- to 64-bit),
NIFTI binary formata float(from 32- to 128-bit), complex (from 64- to 256-bit)

Extensible with Attached
NRRD and detatched
Fixed-length: 348 byte Unsigned integer (8-bit), signed integer (16-, 32-bit),float

ANALYZE |binary format (32-, 64-bit), complex (64-bit)
Signed and unsigned integer (from 8- to 32-bit),float (32-,
MINC Extensible binary format |64-bit), complex (32-, 64-bit)

Figure 2.7. MRI file formats

2.7.4 functional Magnetic Resonance Imaging (fMRI) Data Specifics

Functional magnetic resonance imaging or functional MRI (fMRI) measures brain activity by detecting
changes associated with blood flow. This technique relies on the fact that cerebral blood flow and neuronal
activation are coupled. When an area of the brain is in use, blood flow to that region also increases.

However, fMRI does not exactly measure electrical activity (compare EEG, MEG, intracranial neurophys-
iology); but rather it measures the indirect consequences of neural activity (the haemodynamic response) as

also shown in Figure 2.8.

1. Our brain needs a lot of energy to sustain its functionality
2. Increased function results in increased blood flow (oxygen Os) towards the energy consuming location
3. Immediately after neural activity the blood oxygen level decreases (initial dip)

4. Increased flow of new and oxygen-rich blood towards the energy consuming region. After 4 —6 seconds

a peak of blood oxygen level is reached

5. After no further neuronal activation takes place the signal decreases again to to the baseline level

2.7.5 MRI vs fMRI

While an MRI scan allows doctors to examine a patient’s organs, tissue, or bones, “an fMRI looks at the

function of the brain. To better understand the 2 imaging approaches, you can counsel table ??
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Peak

Stimulus

T2 signal

Initial di Under-shoot
—

-5 0 5 10 15 20 25
Time in seconds

Figure 2.8. Haemodynamic Response neural activity

Characteristic ‘ MRI ‘ fMRI
Brain Focus Studies Brain anatomy Studies Brain function
Temporal Resolution Low Low
Spatial Resolution High High

Measures Brain Activity Structural/Anatomical

Image High Resolution 3D Low Resolution 4D

2.7.6 Related Work : Dyslexia, fMRI and Machine Learning

In the case of neurodevelopmental disorders, finding patterns of brain-related features that general-
ize from smaller samples of data to larger ones, can help understand differences in brain function and
development that underpin early signs of risk for developmental dyslexia or spelling disorder.

In [Laura Tomaz Da Silva and Buchweitz, 2021], the researches used fMRI data from children diagnosed
with developmental dyslexia, and typical reader children, which were provided as input to convolution neural
networks for learning high-level features. Their accurate and opaque results from the models showed
accurate classification of developmental dyslexia, with an accuraccy = 94.8% from the brain imaging alone.
They also provided automatic visualizations of the features involved that match contemporary neuroscientific
knowledge (brain regions involved in the reading process for the dyslexic reader group and brain regions
associated with strategic control and attention processes for the typical reader group), which consists their
main contribution and allows neuroscience domain experts to interpret the resulting models

In [Yolanda Garcia Chimenoa and Fernandez-Ruanova, 2014], the objective was to ultimately introduce
a group of monocular vision subjects, in order to assess whether these subjects are more akin to dyslexic
or control subjects. They constructed a tool to compare LDA, MLP, SVM, kNN, Ada Boost machine learning
classifiers and classify subjects with dyslexia and monocular vision was obtained, achieving a success rate
of 94.8718%.

In [Sofia Zahiaa and Fernandez-Ruanovac, 2020], Statistical Parametric Maps (SPMs) were usedd and
a total of 165 3D volumes containing brain activation of 55 children were created. For the classification
part, they used three parallel 3D Convolutional Neural Network (3D CNN), one for each reading task which

were eventually converged to a single architecture and by using 4-fold cross validation approach they
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achieved an F1-score of 67% in dyslexia detection. They conclude that the recognition of dyslexic children
is feasible using deep learning and functional magnetic resonance Imaging when performing phonological

and orthographic reading tasks.
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Chapter E

Dataset

In this chapter we describe the MRI Lab Graz database, by examining the participants and the selection
process. We explain how these data are retrieved, and how [Banfi et al., 2020] preprocessed the fMRI data.
Last but not least, we present the distribution of the phenotypes (gender, age), or the metadata used for the

modeling in the next chapters.

3.1 Participants & Study

[Banfi et al., 2020] performed a study in accordance with the latest version of the Declaration of Helsinki
and the national legislation and legally approved by the ethics committee of the University of Graz in Austria.
Parents were informed and asked to give a written consent on behalf of their children participated in the
study.

A total of 2562 children at the end of 3rd or beginning of 4th Grade (studying in a Austrian school)
were selected to be tested under a three-dimensional assessment (1) Standardised classroom tests of sen-
tence reading fluency [Wimmer et al., 2014] (2) Standardised classroom tests of sentence spelling fluency
[Mtller and R., 2004]) (3) individually administered standardised one-minute word and pseudo-word read-
ing fluency test [Moll et al., 2014]. To sum up, the children undertook 1 spelling test and 3 reading tests in

a sentence level and a word or pseudo-word level

3.1.1 Participants 1st selection

From this large sample [Banfi et al., 2020] selected three groups based on their spelling and reading

performance (mean performance on all 3 reading tests)

Mean Reading
GROUP Spelling performance
performance (3 tests)

Spelling Disorder (SpD) performance < 20% performancemeqn > 25%

pe'fomanceZOutofS <
Dyslexia (DL) 20% and

performances.q < 43%

performancemean €

Skilled (TD) performance € (25%, 85%() (25%, 85%()

Along with the previous assessment, all participants must be compliant to the following requirements.

1. Chidrens’ first language should be German

2. A IQnon—verbar = 85 is required [Weif3 and R., 2006]
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Age

counts
(o]

[o2]

~

5.0

[N}

25

. I
8

5. Above threshold score on a standardized pareental questionnaire for attention deficits [Dopfner et al., 2008]

| 0

Sex
10 M F

Figure 3.1. Age Figure 3.2. Sex

9

Figure 3.3. Phenotypic Data Distribution

3. No identified sensory or neurological deficits

4. no clinical ADHD diagnosis

According to this screening process, specific children were initially selected to be assessed. However,
only 70% of the children in the SpD sample and 90% in the DL group were in compliance with the German
diagnostic guidelines for an official clinical diagnosis [Galuschka et al., 2016]. Altogether 71 children were

assessed
participants ~ (21 SpD, 23 DL, 27 TD)

3.1.2 Participants 2nd selection

From these 71 children assessed, several were excluded from the analysis and the final dataset for the

following reasons :

e 12 (out of 71) were excluded due to excessive movement during the fMRI session.

e 1 (out of 71) was also excluded because the field of view (FOV) had been wrongly defined, leading to
the cutting of an important part of the frontal lobe

participants ~ (16 SpD, 20 DL, 22 TD)

3.1.3 Participants Phenotypes Distribution

In our database, there is one .tsv file describing 3 different phenotypic data. These are : Age, Gender
and Disease Group. Disease Group is considered as the class label used for the machine and deep learning
classification frameworks built. The rest 2, Age and Gender are used to construct the initial graph of the
G-CNN model of the underlying deep learning framework

As we can clearly the dataset is balanced among both Genders, while the Age phenotype is imbalanced.
The ages of the participants are distributed between 8 and 13, with a mean value of g = 9.05 and a

standard deviation of ggge = 0.68.
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3.2 Experimental Stimuli

3.2 Experimental Stimuli

TASK

BOLD (run 1) BOLD (run 2) BOLD (run 3)
* 40 items ("W" or "PH") « 40 items ("W" or "PH") « 40 items ("W" or "PH")
» 40 fixation cross ("mispron") » 40 fixation cross ("mispron™) » 40 fixation cross ("mispron™)
3-5min 3-5min

| - |

item (3 sec)

J’ ~280s

fixation cross (2-6 sec)

Figure 3.4. The structure of the experiment !

The whole task process can last up to 1040s for each subject (on average as explained later on) and in
total up to 58 X 1040 ~ 60320sec ~ 17hours for all the subjects

1. Every subject is asked to read 120 items (60 words denoted as "W" and 60 pseudohomophones denoted
as "PH").

e Pseudohomophones were built from the base word by exchanging one phonologically identical

grapheme, and are consisted of 3 to 8 letters

e Each word or pseudohomophone was shown at least 30 items after its paired stimulus had been

presented

2. All 120 items were split into 3 consecutive runs of 40 items each, separated by short breaks of 3-5

min in order to prevent fatigue effects in children
3. For each run

(a) Each item was presented white in a black background for 3 s in an event-related design.

(b) After it disappeared a fixation cross was displayed for a duration in the range of 2000 and 6000

ms (average = 4000ms)

3.3 fMRI Data Acquisition

Advances in brain imaging techniques have provided a significant opportunity for the study of brain
development in humans. Functional magnetic resonance imaging (fMRI) is the most promising and broadly
used imaging technology that is also safe for use in pediatric populations [Thomason, 2009]

All these 58 children were given direct analytical instructions in a silent room so that they feel calm and
that the correct execution of the experiment is validated. During the task, imaging was performed on 3.0T
Skyra scanner (Siemens Healthineers, Erlangen, Germany) using a 20-channel head coil. Two (2) types of

images were captured :
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e High-resolution 3D-T1 MPRAGE structural scans (TR = 1600 ms, TE = 1,81 ms, FOV = 224 mm,
anglep;, = 8 degrees, 176 slices, voxel resolution 1 X 1 X 1 mm?3)

e BOLD-sensitive T2*-weighted functional images were acquired using a single shot gradient-echo EPI
pulse sequence (TR = 2340 ms, TE = 33 ms, FOV = 192 mm, anglep;, = 90 degrees, 34 slices with 0.3

mm gap, voxel resolution 3 X 3 x 3mm?®, descending acquisition order).

In order for the brain scans and the images to be stable and not blury, head motion was limited using
firm paddings around the head. Verbal responses of participants were recorded via an MR compatible mi-
crophone (FOMRI-III, OptoacousticsLtd., Moshav Mazor, Israel). Stimuli were presented using the Software

Presentation (Neurobehavioral Systems, Albany, CA). [Banfi et al., 2020]

3.4 fMRI Data Preprocessing

Kind of Image Image Shape
3D Anatomical T1w 176 x 224 X 224
4D Functional (3 BOLDS) T2w | (64 X 64 X 34) X 130

3.4.1 Anatomical/Structural Data Preprocessing (3D-T1 MPRAGE)

According to [Banfi et al., 2020], the T1-weigthed (T1w) images were preprocessed based on the following

preprocessing pipeline

e Correction for intensity non-uniformity (INU) by using N4BiasFieldCorrection (Tustison et al. 2010),
distributed with ANTs 2.2.0 (Avants et al. 2008, RRID:SCR_004757)

e Skull-stripping by using a Nipype implementation of the “antsBrainExtraction.sh” workflow (from
ANTSs), using OASIS30ANTSs as target template

e Spatial Normalisation to the ICBM 152 Nonlinear Asymmetrical template version 2009c (Fonov et al.
2009, RRID:SCR_008796) by using Nonlinear registration “antsRegistration.sh” (ANTs 2.2.0) (with the

brain-extracted versions of both T1w volume and template)

e Brain Tissue Segmentation of (a) cerebrospinal fluid (CSF) (b) white-matter (WM) and (c) gray-matter
(GM) was performed on the brain-extracted T1w using fast (FSL 5.0.9, RRID: SCR_002823, Zhang et
al., 2001).

3.4.2 Functional Data Preprocessing

For each subject, there are 3 BOLD runs available. According to [Banfi et al., 2020], the following data

preprocessing was performed.

e Skull-stripping the reference volume by using a custom methodology of {MRIPrep

e Co-registration (freedom degrees = 9 for the distortions of the remaining in the BOLD reference) to the
T1w by using flirt [Jenkinson et al., 2001] with the boundary-based registration [Greve et al., 2009]

cost-function
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anatomical

Figure 3.5. Subject 047EPKLO11005’s raw anatomical Tlw image. The dimensions
are 176 X 224 X 224

e Head-motion parameters estimation (transformation matrices, 6 rotation/translation parameters)
with respect to the BOLD reference by using mcflirt

[Jenkinson et al., 2002]. This step was conducted before any spatiotemporal filtering
e Slice-time correction using 3DTshift from AFNI 20160207 [Cox et al., 1997]

¢ Resampling of the BOLD time-series onto their original space through composite transformation in

order to correct head-motion and susceptibility distortions.

e Resampling of the BOLD time-series onto MNI152NLin2009cAsym standard space, generating a
preprocessed BOLD run in MNI152NLin2009cAsym space.

e Time-series confounding calculation based on the previous preprocessed BOLD

- framewise displacement (FD), DVARS were calculated by using their implementations in Nipype
(following the definitions by [Power et al., 2014]).

— 3 region-wise global signals, extracted within the (a) CSF, (b) the WM, and (c) the whole-brain

masks.

e Component-based noise correction [Behzadi et al., 2007] through the extraction of a set of physiological

regressors

e Gridded (volumetric) resampling by using “antsApplyTransformation.sh” (ANTS), configured with

Lanczos interpolation to minimise the smoothing effects of other kernels [Lanczos and C., 2007]

e Smoothing (Gaussian kernel of 8 mm) using SPM12 software (v6906; Wellcome Department of Imaging
Neuroscience, London, UK), in a MATLAB 2016a environment (MathWorks Inc., Natick, MA).

3.5 Phenotypes

3.6 fMRI Feature Extraction

Before deep diving into the feature extraction, it is of utmost importance to state the number of samples
and data we have in our hands are the pre-processing step. We deal with 58 subject, with 3 sessions fMRI

data. For each subject and session we have the following data :
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functional (bold = 1)

Figure 3.6. Subject 047EPKLO0O11005’s EPI functional (BOLD 1) T2w image. The dimen-
sions are (64 X 64 X 34) X 130. Timestamps = 130

functional (bold = 2)

Figure 3.7. Subject 047EPKLO11005’s raw functional (BOLD 2) T2w image. The di-
mensions are (64 X 64 X 34) x 130. Timestamps = 130

functional (bold = 3)

Figure 3.8. Subject 047EPKLO11005’s raw functional (BOLD 3) T2w image. The di-
mensions are (64 X 64 X 34) X 123. Timestamps = 123

e The single 1 anatomical high-resolution mask image (176 X 224 X 224) in “nii.gz” format
e The 3 functional images, once for each BOLD run (64 X 64 X 64 X 130) in “nii.gz” format
e The 3 events files, one for each BOLD run, in “.tsv” format

According to SPM documentation, each and every one of the sessions had a repetition time of TR = 3s.
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3.6.1 GLM First Level Analysis

The task comprises 3 conditions
e "W" for word
e “PH” for pseudohomophone
e “mispron” for a fixation cross

Although the data is already preprocessed, there are still many steps needed for the data to be in an
appropriate form for input in our models. Our goal is to produce correlation matrices that will be fed into
our machine learning and deep learning models. There are many different kinds of post-analysis that can

be applied to extract these features (correlation matrices). Briefly, these kinds are :
e GLM First Level Analysis
e Dictionary Learning Analysis
e Atlas Model Analysis

In this diploma thesis, the correlation matrices used are the ones produced by the Atlas Model Analysis.

However for the sake of completeness, in this diploma thesis all methods are presented in Figure !3.9

fMRI Feature

Extraction
h 4 h 4 ¥
i ™y
GLM First Level Dictionary Learning Atlas Model
Analysis Analysis Analysis
A o
i ‘L "y
GLM Second Level
Analysis
p. -

Figure 3.9. fMRI Feature Extraction techniques

3.6.1 GLM First Level Analysis
Theoretical Background

The GLM stands for General Linear Model and has been the most widely used technique for analyzing
task-based fMRI experiments for the past 30 years and is considered as the default method provided by
vendors for their clinical fMRI packages. The purpose of this analysis is to take each subject in turn,
realigning, smoothing and standardising subject’ scans so that we can identify regions of activation in
relation to e.g. MNI space.

The First Level Analysis is a single-session, single-subject GLM level analysis. In this diploma thesis,
we deal with 58 subjects, 3 sessions and 3 voxels. We used the nilearn GLM 1st Level Model library for all
the underlying work presented here.

The General Linear Model (GLM) representation of an fMRI experiment retains the same basic form
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Y=X-B+e€

Stated in words, the GLM says that Y (the measured fMRI signal from a single voxel as a function of
time) can be expressed as the sum of one or more experimental design variables X, each multiplied by a
weighting factor (8), plus random error (¢). In GLM both Y and remain as single column vectors containing
fMRI signal data (y;) or error estimates (;) respectively for a single voxel at successive time points (i = 1ton).
The experimental design matrix (X), however, is typically much more complex, consisting of perhaps 5-
10 columns. Each new column of X would be constructed by the investigator to reflect a specific factor

(“regressor”) thought to influence the outcome of the experiment.

e Essential regressors (also known as regressors of interest) are a set of idealized predictions of what
the hemodynamic response function (HRF) should look like if a voxel of interest became activated due

to a task or stimulus.

e Nuisance regressors - experimental factors that confound the analysis (such as head motion or signal

drifts) but which are of no particular interest by themselves

Design Matrix Amplitud
BOLD ¢ mpitide Error

. arameter
i i Regressors of Interest Nuisance Regressors p m
Timeseries g f g (unknown) T

[h] [Xu X1, X X e X0 [ ]

awn
n

| ¥ | L X «a X w2 X s D g D, G L€ ]

Figure 3.10. Depiction of the General Linear Model (GLM) for a voxel with time-series
Y predicted by a design matrix X including 10 effects (three regressors of interest - e.g.,
tasks A,B,C - and seven nuisance regressors - e.g., six motion parameters and one
linear drift).

Performing GLM First Level Analysis

The before-mentioned approach is a single-session approach. In our case we have 3 sessions, so we
propose the following framework as you can see in Figure 3.11

For each subject-session :

1. We create a FirstLevelModel(), which will produce the design matrix using the information provided

through the events file. The following parameters are given

’ Parameter Value Explanation
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3.6.1 GLM First Level Analysis

According to SPM documentation, each and every one of

the sessions had a repetition time of 3 sec.

This specifies the noise covariance model: a lag-1
dependence. An alternative choice is to use an ordinary
least squares model (ols) that assumes no temporal
noise_model
structure (time-independent noise). While the difference is
not obvious we should rather stick to the ar(1) model,

which is arguably more accurate.

drift_model polynomial

Here we specify a set of polynomials (or regressors). We
drift _order 10
used 10 polynomials.

This means that we do not want to rescale the time series
standardize False
to mean O, variance 1

Glover canonical model of spm. The hemodynamic
response model (filter) is used to convert the event
sequence into a reference BOLD signal for the design
matrix. We could try “spm + derivative”. In that case we
hrf model "spm" still perform the contrasts and obtain statistical
significance for the main effect —not the time derivative =>
The only effect of the derivatives inclusion is discounting
timing misspecification from the error term, leading to a

variance decrease and statistical significance increase

e To remove spurious low-frequency effects related to
heart rate, breathing and slow drifts in the scanner
signal, the standard cutoff frequency is
1/128Hz ~ 0.01Hz.

e However it is relative to the problem. The cutoff
period should be set as the longest period between 2
trials of the same condition multiplied by 2. We

high pass 0.0135 customized the function

‘calculate_longest_period_between_conditions()‘ that

finds the longest duration period between "PH" (or

"W'") among all subject. You can inspect an events

dataframe sample in the Figure 3.12

e Therefore the longest period is tiongest = 37.0481 sec

SO

1
Jeutof = —— = 0.0135Hz

2- tlongest

2. The .fit() functionality of FirstLevelModel() function creates the design matrix and the beta maps.

Moreover, the following parameters were configured
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GLM First Level

Analysis
! | !
| GLM First Level Analysis ! GLM First Level Analysis ! GLM First Level Analysis
(BOLD run #1) : (BOLD run #2) : (BOLD run #3)

}

‘ Define a GLM Fist Level Model |

v

Fit & GLM Fist Level Model
input : events, confounds

|

‘ Compute Design Matrix

Fit a GLM Fist Level Model
input : List of 3 design matrices

‘ Compute Design Matrix ‘

h 4

Compute Contrasts
{PHY - W, PHY - Ymizpan’, "W - fmispran’, P stack.
with YW, P stack with Ymispeoe, W stack with
“misgront]

Save all 6 contrast maps as
".nii.gz" format

v

‘ Extract Peak Coordinates (x, y, z)

Y

Calculate Timeseries & Residuals

h 4

‘ Calculate Correlation Matrix

shape = (6 x 6)

: " ’-‘"IE@-'JI_ W ¢ ?i“i_,'fi*i N!‘Wb‘ WM : WM’T

Figure 3.11. GLM First Level Analysis (per session). This diagram was built in draw.io

sub-047EPKL011005
sub-047EPKL011011
sub-047EPKL011012
sub-047EPKL011041
sub-047EPKL011047
sub-047EPKL011049
sub-047EPKL011056

sub-047EPKL011051

Figure 3.12. Sample of events dataframe

longest period
24.765299999999968
24.765299999999968
24.765299999999968
24.765299999999968
24.7654

24.7654
24.765199999999993

24.765199999999993

Parameter Value Explanation

events events

(session)

This is the events dataframe. One for each BOLD run
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3.6.1 GLM First Level Analysis

confounds confounds

This is the confounds datafarme

e A problematic feature of fMRI is the presence of
uncontrolled confounds in the data, due to scanner
instabilities (spikes) or physiological phenomena,
such as motion, heart and respiration-related blood
oxygenation fluctuations. Side measurements are
sometimes acquired to characterize these effects.

Here we don’t have access to those.

e In the dataset, specific confounds are not given.
However, the function
nilearn.image. high_variance_confounds() can be used,
which calculates the confounds of signals extracted
from input signals (functional BOLD image) with
highest variance, given the percentile of signals with

highest variance (percentile = 1%).

e Given that the number of signals are 130 (runs 1,2)

and 123 (run 3) respectively, the algorithm
(a) Computes the sum of squares for each signal (no
mean removal)

(b) Keeps a given percentile of signals with highest

variance (percentile).
(c) Computes an SVD of the extracted signals.
(d) Returns a given number (n_confounds) of signals

from the SVD with highest singular values.

You can inspect a confounds dataframe sample in the
Figure 3.13

126
127
128

129

0
-0.03474278
-0.05076641
0.0748547
0.13041061
0.08631882
-0.07825529¢

-0.05930928

0.030656075

0.10007117

0.041908897

0.10418947

1 2 3 4
-0.022853563  0.050185133  -0.14320432  0.09307721
0.06351458 0.022782475  0.0048133135  0.08592908
-0.01224988 0.16533768  0.13849506  0.058348186
0.09265873 -0.023908492  0.10159505  0.04723967
-0.00814835 -0.09345957  0.075335 0.01623372

6  0.056549486  -0.021983052 0.06659957  0.019388057

5 0.0566825 -0.01270308  -0.015607471  0.0069111655
-0.12669355 -0.004967785  -0.013116378  -0.06369121

-0.010011288 0.018034713 -0.11510462 0.15913163
0.008061619 0.034373313 -0.07829267 0.12184648

-0.07670601 0.10875339 -0.06616994 0.11699247

0.0070005013  0.047626596 -0.06435491 0.058852993  0.0061871153

LL ]
-0.041240092  0.17864566 0.020255709 -0.04379363 -0.1200203
0.028409224 -0.046743225 -0.085570335 -0.011576328 -0.095304176
-0.15333112 0.06302357 -0.25614765 -0.10529339 -0.008536898
-0.13500485 -0.079087004 0.27684906 -0.020455725 -0.15768296

Figure 3.13. Sample of confounds dataframe
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3. Design Matrix During the analysis, 3 experimental conditions are met and 10 polynomials are used.
The design matrix includes 3 main columns corresponding to 3 experimental conditions (“W”, “PH?,
“mispron”) followed by 11 (10 + 1 constant) columns describing low-frequency signals (drifts) and a
constant regressor (10 polynomials are used). The function nilearn. plotting.plot_design_matrix() is also

used to plot the respective design matrix. A sample design matrix is presented in the Figure 3.14

scan number
8 & 8 )

g

100

Figure 3.14. Subject 047EPKL011005’s design matrix of functional (BOLD 3) T2w
image. (123 Timestamps, 10 polynomials)

4. Compute contrasts (detecting voxels with significant effects) : To access the estimated coefficients

(B of the GLM model), we create a dictionary of 6 contrasts by properly manipulating the design matrix.

e pseudohomophone substract word (“PH” - “W”)

e pseudohomophone substract fixation (“PH” - “mispron”)

e word substract fixation (“W” - “mispron”)

e pseudohomophone stack with word (“PH” stack with “W?”)

e pseudohomophone stack with fixation (“PH” stack with “mispron”)

e word stack with fixation (“W” stack with “mispron”)

To compute the contrast map for these 3 contrasts, the function compute_contrasts() of FirstLevelModel

was used. The parameters were configured as following :
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3.6.1 GLM First Level Analysis

Parameter Value Explanation

contrast_def contrast The contrast dataframe
Can be “t”, “F”. Here “t” was used

for linear t-contrasts

stat_type "t

The function returns NiftilImage objects.

5. Visualize the thresholded statistical map : Having calculated the contrast maps 6x NiftilImage
objects , it is of utmost importance to visualize them through the use of the function plotting.plot_-
stat_map(). In the beginning, we decided to display them on top of the average functional image, but
for higher resolution we selected the anatomical image. Please refer to Figures 3.15, 3.16, 3.17,
3.18, 3.19, 3.20

Parameter Value Explanation
stat_map_img The NiftilImage object of the contrast map
bg_img The anatomical image was used

e Initially, an arbitrary threshold of 3.0 was used. But
he threshold should provide some guarantees on the

risk of false detections (aka type-1 errors in statistics).

e One suggestion is to control the false positive rate
(fpr, denoted by alpha) at a certain level, e.g. 0.001:
this means that there is 0.1% chance of declaring an
inactive voxel, active. We used the function

threshold 3 glm.threshold_stats_img() which given the following,

returns the optimized threshold

— the 10% chance of declaring (1) a “word” as a
“pseudohomophone”(2) a “fixation” as a “word” (3)
a “fixation” as a “pseudohomophone”

— the number of clusters = 10 (10 voxels are

reported)

. z-scale is always used for comparable results and
display_mode "z"
optimized inspection

The MNI coordinates of the point where the cut is
cut_coords 10
performed. We selected “10” brain scans to be produced

black_bg True Used to set black background

6. The previous analysis is for a single subject and a single BOLD run (session). However in this diploma

thesis we deal with a dataset which has 3 BOLD runs (sessions). Here
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PH-mispron (Z > 1.6448536269514729)

Figure 3.15. Subject 047EPKL0O11005’s statistical map of functional (BOLD 3) T2w
image for the contrast map (“PH” - “mispron”). Contrast map produced with “effect_-
size”. Optimized z threshold is calculated

Figure 3.16. Subject 047EPKLO11005’s statistical map of functional (BOLD 3) T2w
image for the contrast map (“PH” - “W?)

PH-mispron (Z > 1.6448536269514729)

Figure 3.17. Subject 047EPKLO11005’s statistical map of functional (BOLD 3) T2w
image for the contrast map (“W” - “mispron”)

Figure 3.18. Subject 047EPKLO11005’s statistical map of functional (BOLD 3) T2w
image for the contrast map (“PH” stack “mispron”). Contrast map produced with “effect_-
size”. Optimized z threshold is calculated

Figure 3.19. Subject 047EPKLO11005’s statistical map of functional (BOLD 3) T2w
image for the contrast map (“PH” stack “W?”)

Figure 3.20. Subject 047EPKLO11005’s statistical map of functional (BOLD 3) T2w
image for the contrast map (“W” stack “mispron”)

(@) The function first_level analysis is implemnted that calls the function first_level analysis_one._-
session and retrieve the design matrix of each session separately (we are not interested in the

contrast maps of each session)
(b) All 3 design matrices are combined into a list

(c) A FirstLevelModel() model object is defined and fit by providing as argument the list with the 3

design matrices. After fitting the new design matrix is retrieved

(d) All the 6 contrasts maps (subtracting conditions, stacking conditions) are then calculateed
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3.6.1 GLM First Level Analysis

(e) All 6 contrast maps are saved as ".nii.gz" files (features extracted)

7. Extract peak coordinates & timeseries & residuals from the contrast z maps : The method ex-

tract]_pealk_coordinates_and_timeseries was implemented which accepts as parameters (1) the trained

GLM model and (2) the contrast maps and calculates

e PEAKS COORDINATES (x,y,2z)

— For each one of the 6 contrast maps, the peak coordinates (for all 3 axis x,y,z) were retrieved

and stored as “coordinates_[contrast_map].csv” file in the features directory

— For those peak coordinates (that may vary in length for each one of the 6 contrast maps) we

keep only the top clusters. Here top_clusters = 6.

— All peak coordinates subsets were concatenated into a final dataframe which was also stored

as "coordinates_ALL.csv” file in the features “directory. Its shape is

(6 contrast maps X 6 top clusters, 3 + 1) = (36, 4)

- We have 3 axis and 1 final column indicating the task (the contrast map type), as you can

clearly see in Figure

3.21

Cluster ID X

-39.44595680013299
32.79323948547244
2.4862493500113487
-0.35328948497772217
26.580127831548452
-30.343546010553837
-57.43560720235109
29.58878179639578
59.492118172347546
11.46615519747138
35.60506881028414
-3.591756910085678
-0.3758070506155491
-0.6621478125452995
11.46615519747138
50.751476123929024

23.55840663984418

Y
-12.796430915594101
12.63066628575325
-42.09604287147522
24.945840939879417
-4.272488832473755
5.451224282383919
-21.04721885919571
-12.637071833014488
-39.44438727200031
-36.75701351463795
35.52636103332043
44.3802635371685
7.715930685400963
46.258020743727684
-36.75701351463795
11.999870538711548

54.71531067788601

4
21.575822584331036
13.257118605077267
13.95265257358551
31.58453032746911
23.789004415273666
21.332487534731627
16.657799318432808
19.112279411405325
15.092543620616198
18.28232367709279
40.450699616223574
61.48061067610979
25.418518278747797
68.51278111711144
18.28232367709279
16.720326006412506

53.47652620449662

task

PH-W
PH-W
PH-W

PH-W
PH-W
PH-W
PH-mispron
PH-mispron
PH-mispron
PH-mispron
PH-mispron
PH-mispron
W-mispron
W-mispron
W-mispron
W-mispron

W-mispron

Figure 3.21. Subject 047EPKLO0O11011’s extracted peak coordinates for all 6 contrast

maps

e TIMESERIES & RESIDUALS

— For each coordinates subset (6,3 + 1) = (6,4) we define a input_data.NiftiSpheresMasker()

object which will be used to extract the timeseries from concatenated functional imaging

within the sphere.
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high pass 0.01 both used so — band passed
smooth- 6
ing fwhm

equals to the number of
tr 3

conditions

— Timeseries Truth array :The Sphere Masker Model is fit by using as input, the single func-
tional image (after preprocess and concatenate all functional images for all 3 sessions). The

image has a shape of
(64,64,64,130 + 130 + 123 timestamps) = (64, 64, 64, timestamps)
The output of this fit and transform operation is the timeseries truth array, with a shape of
(381 timestamps , 6 top clusters )

— Timeseries predictions array : The attribute fmri_glm.predicted gives the timeseries predic-
tions array for each session separately. The result is concatenated in a timestamp level
(127,6) x 3 — (381, 6)

— Residuals : The attribute fmri_glm.residuals gives the residuals between thee timesries truth
and predictions array for each session separately. The result is concatenated in a timestamp
level

(127,6) x 3 — (381, 6)

— We then call the implemented functions _visualize_timeseries() and _visualize_residuals() to
visualize the timeseries and the residuals respectively for all 6 contrast maps. Please see
Figures 3.22, 3.23

8. Calculate Correlation Matrix 2:

Correlation matrices are calculated using the timeseries from the previous step. Since we have 6

contrast maps, we will produce 6 different correlation matrices, one per each contrast map.

We initialize an ConnectivityMeasure() object by providing as single parameter the kind. For the
purpose of this diploma thesis we use “correlation”, however more options are available (‘partial

correlation’, tangent’,’covariance’,’precision’).
Then the model is fit and transformed by providing as input the Timeseries truth array

Each correlation matrix has a shape of

(top_clusters, top_clusters) = (6, 6)

as you can see in Figure 3.26

After inspecting all 6 correlation matrices, we conclude that those with the higher intensity are

concerning the contrast maps of ("PH" stack "W") and ("W" stack "mispron")

2The same logic will be applied to the Atlas Level Analysis
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3.6.2 Dictionary Learning Model

Regions of Interest + Timeseries (Contrast = PH-W)

Figure 3.22. Subject 047EPKLO0O11011’s timeseries and statistical map of ALL functional
T2w images for the contrast map (“PH” - “W?”) for the top 6 clusters. Contrast map
produced with “zscorej

Timeseries Residuals(Contrast = PH-W)

Figure 3.23. Subject 047EPKL0O11011’s residuals of ALL functional T2w images for the
contrast map (“PH” - “W?) for the top 6 clusters. Contrast map produced with “zscore)

3.6.2 Dictionary Learning Model
3.6.3 Atlas Model Analysis
Theoretical Background

Whole-brain maps can hide important details about the effects that we’re studying. We may find a signif-
icant effect of incongruent-congruent, but the reason the effect is significant could be because incongruent
is greater than congruent, or because congruent is much more negative than congruent, or some com-
bination of the two. The only way to determine what is driving the effect is with Regions of Interest (ROI)
analysis, and this is especially important when dealing with interactions and more sophisticated designs.
[ref, a]

One way to create a region for our ROI analysis is to use an atlas, or a map that partitions the brain
into anatomically distinct regions. There are plethora of different atlases that can be used to extract the
regions of interest, which will be all listed below. Our code is structured in this way so that the atlas is
dynamically selected (entered by the used), while the python library used is nilearn.datasets. However, for
the purpose of this diploma thesis only multi-subject dictionary learning (MSDL) atlas will be used, which

has 39 distinct brain regions (nodes)
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Correlation Matrix & Connectome (Contrast = PH-W)

Connectome of the correlation matrix

Figure 3.24. Subject 047EPKLO11011’s correlation matrix of ALL functional T2w im-
ages for the contrast map (“PH” - “W?”) for the top 6 clusters. Contrast map produced
with “zgcore)

Kind Atlas Name Method
datasets.fetch_atlas_harvard_oxford(’cort-maxprob-thr25-
3D cortical
2mm’)
datasets.fetch_atlas_harvard_oxford(’sub-maxprob-thr25-
3D subcortical
2mm’)
3D yeo7 datasets.fetch_atlas_yeo_2011()
3D aal datasets.fetch_atlas_aal()
Probabalistic aal datasets.fetch_atlas_msdl()
Coords seitzman datasets.fetch_coords_seitzman_2018()
Coords power datasets.fetch_coords_power_2011()
Coords dosenbach datasets.fetch_coords]| _dosenbach_2010()

Based on nilearn, MSDL atlas is a probabilistic atlas. These kind of atlases define soft parcellations of
the brain in which the regions may overlap. Contrary to deterministic atlases, a voxel can belong to several
components. These atlases are represented by 4D images where the 3D components, also called ’spatial
maps’, are stacked along one dimension (usually the 4th dimension). In each 3D component, the value at a
given voxel indicates how strongly this voxel is related to this component.

Visualizing a probabilistic atlas requires visualizing the different maps that compose it. Here we visualize

the MSDL atlas with “contours”, which means ROIs are shown as contours delineated by colored lines.
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3.6.3 Atlas Model Analysis

Striate

(Striatum)

Striate (Striatum)

the striatum coordinates multiple aspects of cognition,
including both motor and action planning,
decision-making, motivation, reinforcement, and reward

perception.

Default Mode
Network (DMN)

Left Default Mode
Network (L DMN)

The default mode network is active during passive rest and
mind-wandering which usually involves thinking about
others, thinking about one’s self, remembering the past,
and envisioning the future rather than the task being

performed

Right Default Mode
Network (R DMN)

Front Default Mode
Network (Front DMN)

Medial Default Mode
Network (Med DMN)

Occipital Lobe
(Occ post)

Occipital Lobe (Occ
post)

The occipital lobe is the visual processing area of the brain.
It is associated with visuospatial processing, distance and
depth perception, color determination, object and face

recognition, and memory formation

Motor Cortext
(Motor)

Motor

The primary function of the motor cortex is to generate

signals to direct the movement of the body.

Basal Ganglia
(Basal)

Basal Ganglia (Basal)

The “basal ganglia” refers to a group of subcortical nuclei
responsible primarily for motor control, as well as other
roles such as motor learning, executive functions and

behaviors, and emotions.

Right Visual
Attention (RV
Att)

Right Dorsolateral
Prefrontal Cortex (R
DLPFC)

It is considered as a brain area associated with domain
general executive control functions such as task switching
and task-set reconfiguration, prevention of interference,

inhibition, planning, and working memory

Right Frontal Pole (R
Front pol)

»

Right Parietal Lobe (R
par)

The parietal lobe is vital for sensory perception and
integration, including the management of taste, hearing,
sight, touch, and smell. The right side, is believed to be

important in helping us keep track of the space around us.

Right Posterior
Temporal Lobe (R Post
Temp)

The non-dominant lobe, which is typically the right
temporal lobe, is involved in learning and remembering
non-verbal information (e.g. visuo-spatial material and

music)

Left Visual
Attention (L' V
Att)

Left Dorsolateral
Prefrontal Cortex (L
DLPFC)
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Left Frontal Pole (L
Front pol)

The frontal lobe is responsible for higher cognitive
functions such as memory, emotions, impulse control,

problem solving, social interaction, and motor function.

Left Parietal Lobe (L
par)

The left side is believed to be important in keeping track of

the location of parts of the body which are moving

Left Posterior Temporal
Lobe (L Post Temp)

The dominant temporal lobe, which is the left side in most
people, is involved in understanding language and learning

and remembering verbal information

Attention (D
Att)

Right Intraparietal
Sulcus (R IPS)

The areas within the intraparietal sulcus (IPS), in
particular, serve as interfaces between the perceptive and
motor systems for controlling arm and eye movements in

space.

Left Intraparietal
Sulcus (L IPS)

»

Visual Seconary

Left Lateral Occipital

a key brain region in object and shape processing

(Vis Sec) Complex (L LOC)
Visual Network (Vis)
Right Lateral Occipital
a key brain region in object and shape processing
Complex(R LOC)
Dorsal Anterior It is a brain region that subserves cognition and motor
Salience Cingulate Cortex (D control, but the mechanisms of these functions remain
ACCQC) unknown
Ventral Anterior The ventral Anterior Cingulate Cortex (VACC) has been
Cingulate Cortex (V robustly implicated in reward processing in social
ACC) evaluation, but its precise role remains poorly understood.
It is associated with the affective-perceptual form of
Right Anterior Insula empathy, while the left insula was associated with both the
(RAINS) affective-perceptual and cognitive-evaluative forms of
empathy
Left Superior Temporal
Temporal Plays a role in phonological processing,
Sulcus (L STS)
Right Superior
Temporal Sulcus (R A key role in perception of voice and the prosody of speech.
STS)
The left temporoparietal junction (ITPJ) contains both
Wernicke’s area and the angular gyrus, both prominent
Left Tempoparietal
Language anatomical structures of the brain that are involved in

Junction (L TPJ)

language cognition, processing, and comprehension of

both written and spoken language
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Atlas Model Analysis

Right Tempoparietal
Junction (R TPJ)

The right temporoparietal junction (rTPJ) is frequently
associated with different capacities that to shift attention
to unexpected stimuli (reorienting of attention) and to
understand others’ (false) mental state [theory of mind
(ToM), typically represented by false belief tasks]

Broca’s Area (Broca)

Superior Frontal

Sulcus (Sup Front S)

Broca’s area is recognized as one of the main language
centers of the brain. This region is associated with the
production of speech and written language, as well as
being linked with the processing and comprehension of
language

The superior frontal gyrus (SFG) is thought to contribute
to higher cognitive functions and particularly to working
memory (WM), although the nature of its involvement

remains a matter of debate.

Right Pars Opercularis
(R Pars Op)

The pars opercularis (BA44) is involved in language
production and phonological processing due to its

connections with motor areas of the mouth and tongue

Cerebellum
(Cereb)

Cereb

helps coordinate and regulate a wide range of functions
and processes in both your brain and body. While it’s very
small compared to your brain overall, it holds more than
half of the neurons (cells that make up your nervous

system) in your whole body

Dorsal Posterior
Cingulate
Cortex (Dors
PCC)

Dorsal Posterior
Cingulate Cortex (Dors
PCC)

It is involved in the dorsal attention network (a top-down

control of visual attention and eye movement)

Cingulate
Cortex Insula
(Cing-Ins)

Cingulate Cortex (Cing)

A plethora of research has implicated the cingulate cortex
in the processing of social information (i.e., processing
elicited by, about, and directed toward others) and

reward-related information that guides decision-making.

Left Insula (L ins)

Rigt Insula (R ins)

Anterior
Intraparietal
Sulsus (Ant IPS)

Left Anterior
Intraparietal Sulsus (L
Ant IPS)

Its ts principal functions are related to perceptual-motor
coordination (e.g., directing eye movements and reaching)
and visual attention, which allows for visually-guided
pointing, grasping, and object manipulation that can

produce a desired effect

Right Anterior
Intraparietal Sulsus (R
Ant IPS)
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Figure 3.26. MSDL Atlas Regions. Genarated with the function plot_connectome()

Performing Model Atlas Analysis

The whole framework with all the steps combined are presented in the Figure 3.27. In our case we are

only interested in the middle subbox of operations, since MSDL maps is a probabilistic maps.

Atlas Model Analysis

Y

Calculate Atlas characteristics

Maps, Labels Coordinates

h 4 h 4 Y

/ 3D Atlas \ / Probabalistic Atlas\ / Coords Atlas \

Maps, Labels Maps Coordinates
masker masker [ masker ]
NiftiLabelsMasker NiftiMapsMasker NiftiSpheresMasker
fit & transform l fit & transform l fit & transform
Timeseries Timeseries Timeseries
connectome connectome [ connectome ]
ConnectivityMeasure ConnectivityMeasure Graphical Lasso CV
fit & transform i fit & transform fit & transform

\ Correlation Matrix / \ Correlation Matrix / \ Correlation Matrix /

Figure 3.27. Atlas Analysis Framework

1. MSDL Atlas Loading We used the function datasets.fetch atlas_msdl() to retrieve the atlas. This

returns a Dictionary-like object, the interest attributes (characteristics) in which we are interested are
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3.6.3 Atlas Model Analysis

e maps : str, path to NiFti file containing the Probabilistic atlas image. We have 39 regions of

interest. The actual maps shape is :

(40, 48, 35, 39)

e labels : list of str, list containing the labels of the regions. There are 39 labels such that

data.labels[i] corresponds to the i — th map

e region_coords: list of length-3 tuple, data.region_coords[i] contains the coordinates (x, y, z) of

i — th region in MNI space.

2. Define the Masker : We define a NiftiMapsMasker() which accepts as arguments

Parameter Value Explanation
maps_img atlas_maps | The NiftilImage object of the atlas maps
tr 3 We have 3 different conditions
detrend True This parameter is passed to signal.clean
the signal is z-scored. Timeseries are shifted to zero mean
standardize True
and scaled to unit variance
high_pass 0.0135 The explanation is given before

3. We use the method fit_transform() of the previously defined masker to fit the model in the functional
images and the respective confounds, in order to finally calculate the timeseries (performing signal
extraction). However there are 2 approaches here than can be followed. We proceeded with the first

one, however for seek completeness we mention both of them
e First Approach : Concat all BOLD runs (sessions) into a single functional image with shape
(64,64,64,130 + 130 + 123 timestamps) = (64, 64, 64, timestamps)

and then calculate the confounds. Then, we fit and transform the masker with this image and
these confounds. The output is the timeseries signal which has a shape of
(381 timestamps , 39 regions )
e Second Approach : We fit and transform the masker 3 times separately, one per each BOLD run

(session), and we extract 3 different timeseries signal which has a shape of

(130 timestamps , 39 regions )
(130 timestamps , 39 regions )

(123 timestamps , 39 regions )

Diploma Thesis m



Chapter 3. Dataset

Then we concat the 3 different timeseries numpy array and get the final output timeseries signal

which has a shape 2 of

(881 timestamps , 39 regions )

4. We define a ConnectivityMeasure() which accepts as a parameter the matrix kind connectivity that
should be established. We choose a "correlation" kind of connectivity. Then we use the method
fit_transfsorm() to fit the model in the timeseries calculated in the previous step. After squeezing the

result we get a numpy array, the final correlation matrix which has a shape of

(39 regions , 39 regions )

Please see the Figure 3.28. As you may notice the correlations are very intense, but they are still

noticeable. The reason is that we have removed the confounds that add noise to the timeseries signal

5. Finally we save the correlation matrix as a ".nii.gz” format under the folder of the respective subjects

Correlation Matrix & Connectome (between = 39 regions)

Figure 3.28. Subject 047EPKLO11005’s correlation matrix derived from the MSDL Maps
after applying all preprocessing

All these steps are performed for each subject separately. So we end up with 58 different correlation

matrices, which will be therefore used as input in our machine learning and deep learning frameworks

3same as in the first approach
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Chapter ﬂ

Theoretical Background

4.1 Machine Learning

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 expe-
rience and by the use of data, known as training data. Machine learning algorithms can be classi-
fied into separate classes according to the nature of the data, the learning process, and the model type
[Naga and Murphy, 2015]. ML is seen as a part of Artificial Intelligence and it is used to make predic-
tions or decisions based on the learning experience the model gained through training. To this day ML
technology has been applied to such diverse fields as pattern recognition [Bishop and Nasrabadi, 2006] ,
computer vision [B. Apolloni and Patnaik, 2005], spacecraft engineering [S.-1. Ao and Amouzegar, 2010], fi-
nance [L. Gy orfi and Walk, 2012], entertainment [Gong and Xu, 2007], [Yu and Tao, 2013], ecology
[Fielding, 1999], computational biology [S. Mitra and Michailidis, 2008], [Yang, 2010], and biomedical and
medical applications [T. J. Cleophas and Cleophas-Allers, 2013], [J. D. Malley and Pajevic, 2011].

4.2 Machine Learning Methods

There are three methods of machine learning: supervised learning, unsupervised learning, and reinforce-
ment learning. Although in this diploma thesis, supervised learning is used for the multi-classification, a

brief introduction of both methods follows for better understanding.

4.2.1 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
[P. Cunningham and Delany, 2008]. 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: regression and classification

e Regression : is used for prediction of a continuous variable based on the relationship 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.
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e Classification : 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

4.2.2 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 [T. Hastie and Friedman, 2009].

e Clustering is a method that attempts to group the objects based on the similarity 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

4.2.3 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 environment. 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 characteristic example of the adequacy of the method is its use for parking that can be

achieved by learning automatic parking policies.

4.3 Machine Learning Approacch

Machine learning is the general term to describe the procedure followed by a computer 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,
unsupervised and reinforcement learning. The broad categories of classification and regression algorithms
were mentioned before as well. Although in this diploma thesis we are dealing with a classification problem,
some regression algorithms are also worth mentioning.

Before deep diving into the mathematical models of the different machine learning, it is of utmost
importance to mention that since the data samples use are small (only 58 subjects), we preferred to construct
an exhaustive pipeline of work which will be thouroughfully analyzed in the next chapter. In this direction,

16 sklearn classifiers were used, as well as a plethora of transformers.
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Classifiers

4.3.1 Classifiers

All the Classifiers used

Sklearn Class Classifier
ensemble AdaBoostClassifier
ensemble RandomForestClassifier
ensemble GradientBoostingClassifier

discriminant_analysis LinearDiscriminantAnalysis
svm SvC
svin NuSVC
neighbors KNeighborsClassifier
linear_model LogisticRegression
linear_model SGDClassifier
linear_model RidgeClassifier
naive_bayes GaussianNB
tree DecisionTreeClassifier
tree ExtraTreeClassifier
neural_network MLPClassifier
calibration CalibratedClassifierCV
xgboost XGBClassifier

Logistic Regression

Despite its name the logistic regression [D. G. Kleinbaum and Klein, 2002] algorithm is used in classifi-
cation problems and not in regression problems as the linear regression. The logistic function, a core part
of the LR, is a sigmoid function that can take a real number and transforms it into a value between O and 1,
producing a “S”-shaped curve. LR uses the maximum likelihood estimation method to estimate the model
coefficients. The goal is to model the probability of a random variable Y being O or 1 (for binary classification)
given experimental data. It is typically used for binary classification problems, but a multiclass classifica-
tion is also possible. The logistic function is defined as Equation 1 and it can be considered as a generalized
linear model function parameterized by 8. The logistic function is a sigmoid function and it is illustrated in
the Figure 4.1

1
= =P =1 ’8 1
hs(X) [+ o0 r(Y 1X;8) (1)

o9
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 (O or 1) rather than a numeric value. Thus, the logistic regression equation is defined as follows

ePotBix

Y= 1 + ePotBix

Diploma Thesis m



Chapter 4. Theoretical Background

0-5

Figure 4.1. Logistic Function (sigmoid)

,where y is the predicted output, 3y is the bias or intercept term and b1 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 regression 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"BR. The Hessian of the

function f is given in the following figure Figure 4.2

0% f 0% f 0% f
8_xf 0r1019 o 01101,
0% f 0% f 0% f
0% f 0% f 0% f
0r,0x1 0,01 o m

Figure 4.2. Hessian Matrix Hy

e A quadratic function is one of the form f(x) = ax? + bx + ¢, where a, bandc are numbers with a not

equal to zero.

e Linear approximation : Given a function, f(x), we can find its tangent at x = a. The equation of the

tangent line L(x) is: L(x) = f(a) + f(a)(xa) A shown in the Figure 4.3 near x = a the tangent line

and the function have nearly the same graph. On occasion, we will use the tangent line, L(x), as an
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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.

y=L(x)

..I' i I %
o |a.Jla))

Figure 4.3. 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 O 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.
Optimizer Functions

e Newton’s method : Known as ("newton-cg” in sklearn) is using the quadratic approximation in order to

mimic the loss function, thus the quadratic function that is to be minimized in order to minimize the
error. Itis 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.

e Limited-memory Broyden-Fletcher-Goldfarb-Shanno Algorithm : Limited-memory Broyden-Fletcher-Goldfarb-S

Algorithm ("Ibfgs” 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

e 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 [M. Schmidt and Bach, 2017]. 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
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e 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. So it will be not selected by our gridsearch optimization process

(it will be analyzed in the the results chapter)

Support Vector Machine (SVM)

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 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’ + y, 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 4.4 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 4.5. 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 4.6

Figure 4.4. 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 O 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:

e 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 classification data. In this technique the

N-class instances are divided into N binary classifier models.

e One-vs-One : This method is similar to the One-vs-Rest method as it is based on splitting the multiclass
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Figure 4.5. Support vector machine optimal plane
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Figure 4.6. : Support vectors

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

Kernels

e 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(x,y) = xy

e 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:
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k(x,y) = (x"y * )¢

where x and y are vector in the input space, and ¢ > O is a free parameter trading off the influence of

higher-order versus lower-order terms in the polynomial.

e 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(x, y) = o Vi-ul?

e 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. An SVM model using a sigmoid kernel function is equivalent to a

twolayer, perceptron neural network. The definition of the sigmoid kernel function is:

k(x, y) = tanh(yxTy +7r)

k-Nearest Neighbor

The k-nearest neighbor is a non-parametric supervised algorithms used in either regression or classi-
fication 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.

Parameter no.1 (Distance)

e 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:

d(x,y) =

e 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:

m Diploma Thesis



4.3.2 Definition of feature array X and label vector y

K
Dy = Z Ix; — yil (4)
=1

Parameter no.2 (k)

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 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.

Decision Tree

The DT method uses a non-parametric supervised learning approach to solve both regression and clas-
sification problems. DT uses a tree representation where each test on an attribute is represented by an
internal node, and each leaf denotes a class label. Thus, DT can learn certain decision rules inferred from

the features used to build a model that predicts the value of the target variable.

Random Forest

RF is an ensemble learning method, consisting of several DTs, that can be used for classification and
regression. Ensemble methods are algorithms that incorporate more than one type of algorithm. RF works
by constructing a number of DT classifiers which learn and make predictions independently, and outputs a
combined single prediction that is the same or better than the output made by the previously constructed

DT classifiers.

Adaptive Boosting

AdaBoost is an ensemble boosting algorithm that combines a set of “weak” classifiers into a weighted
sum to create a stronger more accurate “boosted” classifier. AdaBoost starts by fitting a classifier on the
dataset, and then fits the same version of that classifier on the same dataset where the weights of the
misclassified instances are modified so that the next classifier is improved to work on the more challenging

instances.

4.3.2 Definition of feature array X and label vector y

The correlation matrices are symmetrical so we only keep one triangular sub-matrix, which is also

flattened (1D) giving a feature vector of size

Nregions * (Nregions -1) _ 39-(39-1)
2 - 2

Every feature represent the connection between 2 regions of the brain (as defined in the MSDL atlas).

=741

Mfeatures =

We have 58 participants so Nngampies = 58. The final feature array X and label vector y have a shape of
(nsamples’ nfeatures) = (58,741) and (nsamples’ ) = (58,) respectively.
4.3.3 Definition of Training, Validation and Test Set

The current dataset has 58 subjects/samples and and we split them into training set and a test set

with an analogy of 80/20. So we end up with 47 training samples and 11 testing samples. For all the
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Figure 4.7. Flattening Correlation Matrices

underlying analysis, the test set is held back and is only used as real data for a final evaluation of our
models.

Moreover, during the GridSearch optimization, the sklearn further splits training set into a new training
set and a validation set, which is used to give an estimate of model skill while tuning pipeline’s parameters.
The final size of the training and validation set is dependent on the number of splits we chose. During this

diploma thesis we chose cv = 10. This mean, that we have a 10-fold Cross Validation scheme so :

e Amodelis trained using k—1 = 9 of the folds as training data. So the training samples are % *47 ~ 43

e The resulting model is validated on the remaining part of the data (i.e., it is used as a validation set to

compute a performance measure such as f1). So the total validation samples are % *47 ~ 4

So, below you can find the shapes of all data sets used in each optimization framework

Optimization Framework Explanation ‘ Train set ‘ Validation set ‘ Test set ‘

Best Transformers

Transformers Optimization Combination (per (47,741) (11,741)
Classifier)
Best Parameters (per
Gridsearch Optimization (43,741) (4,741) (11,741)
pipeline)
.. Best Voting Ensemble
Ensemble Optimization (47,741) (11,741)
Classifier

4.3.4 Metrics

This diploma thesis deals with the problem of classification, that is, the training of models with the
aim of dividing the samples into the 3 classes of Dyslexia, Spelling Disorder and Typical Reader. After
training them one should be able to assess the models ability to perform this task successfully. For this
purpose, a set of widely used metrics has been defined which express the accuracy of a model’s predictions

in relation to the actual values of the evaluation data.
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For the binary and multiple classification of the data the pairwise (of 2 classes) relationship between

prediction and ground truth is defined as following :
e True Positive (TP) : a prediction that was positive and the actual value of the data was positive
e False Positive (FP) : a prediction that was positive and the actual value of the data was negative
e True Negative (TN) : a prediction that was negative and the actual value of the data was negative
e False Negative (FN) : a prediction that was negative and the actual value of the data was positive.

So based on the previous abbreviations we can define our metrics

e Accuracy : Expresses the success rate of the model, i.e. the number of samples that the model

correctly classified against the total of all samples

TP + TN
TP + TN + FP + FN

Accuracy =

e Precision : It expresses the percentage of successful predictions of a class to the total predictions of

the class.
TP

Precision = ————
TP + FP

e Recall : It expresses the percentage of successful predictions of a class to the actual one number of

observations belonging to it.

TP

Recall = ———
TP + FN

e F1 score : It is the harmonious medium of Precision and Recall.

Precision - Recall
Fl1=2

' Precision + Recall

In this diploma thesis the instances are not equally distributed in the 4 classes, so we will use F1 score.
F1 Score is used for imbalanced datasets because it balances precision and recall. Precision measures
the proportion of true positive predictions, while recall measures the proportion of actual positive cases
that are correctly identified. In imbalanced datasets, there may be a skewed class distribution, where
one class is more prevalent than the other. In such cases, using accuracy as a metric may not give an
accurate representation of the model’s performance, as it would be biased towards the majority class. F1
Score provides a harmonic mean of precision and recall, taking into account both false negatives and false

positives, making it a better metric for evaluating the performance of a model on imbalanced datasets.

4.3.5 Optimizations
Experimental Set Up

The Machine learning exploratory pipeline was implemented in IPython using Sklearn library. We fol-

lowed an exhaustive optimization framework in 3 different levels (See Figure 4.8)
1. Transformers Optimization : Selecting the best Transformers per Classifier

2. Hyper-parameter Tuning : Optimizing all 16 Pipelines’ parameters
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3. Ensemble Optimization : Selecting the Best Ensemble Hard Voting Classifier

On top of that, a 4th optimization layer was considered to be implemented. Having selected the best
Ensemble Hard Voting classifier, where each pipeline has equal weight, in soft voting, the classifiers are
weighted based on their individual accuracy or confidence levels.
pipelines selected by the 3rd optimization layer and optimize their weights by experimenting on different
sets of discrete weights in the process of determining the contribution of each individual pipeline in the

ensemble to the final prediction. However this is out of the scope of this diploma thesis and was left as

future work.

Therefore, we consider to keep the
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]
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ROI Time Scries }
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I
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BASIC PREPROCESSING BLOCK

> fMRI Nilearn
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Inner Loop (optimization)

Figure 4.8. Flow Diagram illustrating the machine learning worlkflow

Optimization no.1 : Selecting the best Transformers per Classifier

This is a multi-class classification problem, and as you know all the features are the result of flattening
the correlation matrices. So, all features used are numerical features.

projects we come across a variety of transforming techniques for both numerical and categorical features

In classical machine learning
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Transformer Numerical Categorical
Features Features

Imputer Yes Yes
Scaler Yes No
Encoder No Yes
Undersampler Yes Yes
Oversampler Yes Yes
Feature Selector Yes Yes

However for the purpose of this diploma thesis, and since we deal with numerical features and no

missing values, only the following kind of transformers are used and optimized :

Feature
Scaler Undersampler Oversampler Feature Selector
Extractor
RandomUnder-
StandardScaler SMOTE SelectKBest PCA
Sampler
MinMaxScaler NearMiss VarianceThreshold LDA
CondensedNear-
MaxAbsScaler SelectPercentile
estNeighbour
PowerTrans- SelectFrom-
TomekLinks
Sformer Model(LogisticRegression
QuantileTrans- EditedNearest-
GenericUnivariateSelect
former Neighbours
SelectFpr
SelectFdr
SelectFwe

Since we have 16 classifiers, we aim to find the best combination of transformers, that is, finding the 16
best pipelines that leads to the highest f1 test score. In summary :

e Scaling : Changing the value range without changing the distribution pattern. The range is often

set from O to 1. Machine learning algorithms work best when the features are on a similar scale and

approach the Normal Distribution.

o Feature Selection : Feature selection is the process of isolating the most consistent, non-redundant

and relevant features for building machine learning models. The new size of the set X will be (fewer

features) :

Diploma Thesis
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e Feature Extraction : The most common linear methods for feature extraction are Principal Component
Analysis (PCA) and Linear Discriminant Analysis (LDA). "Feature extraction fills this requirement: it
builds valuable information from raw data — the features — by reformatting, combining, transforming
primary features into new ones... until it yields a new set of data that can be consumed by the

Machine Learning models to achieve their goals" [?]

e Undersampling : We will not apply any oversampling method at all because it will possibly increase
the probability of overfitting, as it creates exact copies of the minority samples, even though our dataset
is fairly balanced between the 3 classes SpD ~ 21, DL ~ 23, TL ~ 27. Oversampling methods copy or
create new composite examples in the minority class, while undersampling methods delete or merge
examples in the majority class. So since undersampling does not deal with synthetic data at all, we
proceed to the examination of difference undersampling aglrothms. The new size of the set X will be

(fewer samples):

(n;amples' nfeatures) = (nsamples ~l~ nfeatures)

Optimization no.2 : Optimizing all 16 pipelines’ parameters

HalvingGridsearchCV

This is a hyperparameter tuning step. For each classifier, we already have the best combination of
transformers (4 transformers per classifier). However, hyperparameters are not specifically learned during
the training process but can be adjusted to optimize how a model performs. Transformers in general also
have hyper-parameters that affect their operation, eg VarianceThreshold had the lower variance threshold,
PCA the number of principal components. The selection of hyper-parameters (such as k of kNN) is only
done empirically through cross-validation. Transformers and their hyperparameters therefore affect the
format of the data. In this optimization step, we search the best parameter values kernel for each pipeline
(pipeline = transformers + classifier).

The performance of all possible combinations of hyper-parameters in each pipeline is examined through
the method of grid search (Grid Search). Grid search is simply the exhaustive search of all combinations
of a given set of values for each hyper-parameter of the pipeline. These values are set manually based on
trial-error and empirical knowledge. The method must be driven by a performance metric that is evaluated
on the test set using cross validation. In our case we use F1 score. The implementation of the method was
done through the GridSearchCV function of the Sci-kit Learn library.

For this optimization step we used HalvingGridsearchCV which is x5-10 times faster. Moreover, this
project is dedicated to provide a well-rounded exhaustive optimization scheme, so resources distribution
can not be neglected. This HalvingGridsearchCV is a search strategy and known as Successive Halving that
utilizes (a) a subset of the data and (b) small amount of resources early in the process to find some of the
best performing parameter combinations (best candidates) and then gradually increases the amount of data
used and the number of resources as it narrows in on the best combinations.

Parameter Repository

The parameter repository for all transformers and classifiers used can be found below :

Scaler

’ Scaler Parameter Values

m Diploma Thesis



4.3.5 Optimizations

StandardScaler with_mean [True, False]
with_std [True, False]
RobustScaler with_centering [0, 1,2,3.,4]
with_scaling [True, False]
quantile_range [0,25,50,75]
unit_variance [True, False]
MinMaxScaler feature_range [0, 1,2,3,4]
clip [True, False]
PowerTransformer method ['yeo-johnson", "box-cox"]
standardize [True, False]
QuantileTransformer n_quantiles [5,10,15,20,25,30,35]
output_distribution ["uniform", "normal"]

MaxAbsScaler
Undersampler
Undersampler Parameter Values
RandomUnderSam- ['majority’, 'not majority’, ’all’,
sampling_strategy
pler ‘auto’]
NearMiss with_centering [0, 1,2,3,4]
['majority’, not majority’, ’all’,
sampling_strategy
‘auto’]
n_neighbors [1,2,3,4,5,6,7]
CondensedNearest- ['majority’, 'not majority’, ’all’,
] sampling_strategy
Neighbour auto’]
n_neighbors [1,2,3,4,5,6,7]
['majority’, not majority’, ’all’,
TomekLinks sampling_strategy
‘auto’]
standardize [True, False]
EditedNearestNeigh- ['majority’, 'not majority’, ’all’,
sampling_strategy
bours auto’]
n_neighbors [1,2,3,4,5,6,7]
kind_sel ['all", "mode"]
Feature Selector
Feature Selector Parameter Values ‘
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[mutual_info_classif,chi2,f -

SelectKBest score_func classif,f_regression,
mutual_info_regression]
k [100, 200, 500, 1000, 1400]
VarianceThreshold threshold [0.003. 0.005. 0.01. 0.05,
0.1, 0.2]
SelectPercentile percentile [1, 2,5, 10, 50, 100]
SelectFromModel threshold [0.003, 0.005. 0.01. 0.05.
0.1, 0.2]
[mutual_info_classif,chi2,f -
GenericUnivariateSelect score_func classif,f_regression,
mutual_info_regression]
ode ['percentile”, "k_best", "fpr",
"fdr", "fwe"]
[mutual_info_classif,chi2,f -
SelectFpr score_func classif,f_regression,
mutual_info_regression]
alpha [0.002, 0.005, 0.01, 0.015]
[mutual_info_classif,chi2,f -
SelectFdr score_func classif,f_regression,
mutual_info_regression]
alpha [0.002, 0.005, 0.01, 0.015]
[mutual_info_classif,chi2,f -
SelectFwe score_func classif,f_regression,
mutual_info_regression]
alpha [0.002, 0.005, 0.01, 0.015]
Feature Extractor
Feature Extractor Parameter Values
PCA whiten [False, True]

n_components

[0.5, 0.625, 0.75, 0.875, 1. |

svd_solver

['auto", "full", "arpack",

"randomized"]

LinearDiscriminantAnaly-

sis

shrinkage

[”auto”]

store_covariancebool

[ True, False]

n_components

[0.5, 0.625, 0.75, 0.875, 1. |

solver

"non

['svd", "lsqr", "eigen"]
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Classifier
Classifier Parameter Values
AdaboostClassifier n_estimators [10, 50, 100, 150, 200, 250, 300]
learning_rate [‘constant’,’adaptive’]
algorithm SAMME’, 'SAMME.R’]
CalibratedClassifierCV method [’sigmoid’, ’isotonic’]
ensemble [ True, False]
DecisionTreeClassifier criterion ['gini", "entropy"]
splitter ["best", "random"]
max_depth [3,4,5,6,7]
min_samples_-
[2,3,4]
split
min_samples_-
[1,2,3]
leaf
ExtraTreeClassifier criterion ['gini", "entropy"]
max_depth [3,4,5,6,7,8,9,10,11,12,13,14]
min_samples_-
[2,3,4]
split
min_samples_-
[1,2,3]
leaf
max_features ['auto", "sqrt", "log2"]
GradientBoostingClassifier loss ["deviance"]
learning_rate [0.1,0.2,0.3]
n_estimators [50,100,150]
min_samples_-
[1,2,3]
leaf
min_samples_-
[2,3,4]
split
max_depth [2.3.4]
max_subsample [0.9,0.8,0.7]
KNeighborsClassifier weights ["uniform", "distance"]
n_neighbors [3,4,5,6,7,8,9,10,11,12,13,14]
algorithm ["auto", "ball_tree", "kd_tree", "brute"]
KNeighborsClassifier weights ["uniform"”, "distance"]
n_neighbors [3,4,5,6,7,8,9,10,11,12,13,14]
algorithm ['auto", "ball_tree", "kd_tree", "brute"]
LinearDiscriminantAnalysis weights ["uniform", "distance"]
n_componernts [6, 8, 10, 12]
solver [’svd’, ’Isqr’, ’eigen’]
LinearSVC penalty [127]
loss [hinge’, ’squared_hinge’]

Diploma Thesis m



Chapter 4. Theoretical Background

C [1, 0.1, 0.5, 5, 2]
fit_intercept ['True’,’False’]

intercept_scaling [1,0.5,2]

[1.00000000e-10, 2.15443469e-07,
4.64158883e-04, 1.00000000e+00,

LogisticRegression C
2.15443469e+03, 4.64158883e+06,
1.00000000e+10]
solver [bfgs’, liblinear’, ’saga’l
MLPClassifier activation [’tanh’, ’relu’]
solver [adam’, ’sgd’]
alpha [0.0001, 0.05]
learning_rate [‘constant’,’adaptive’]

hidden_layer._-
[(50,50,50), (50,100,50), (100,)]

sizes
NuSVC nu [0.1, 0.3, 0.5, 0.7, 0.9]
gamma ["auto","scale"]
kernel [ "poly”, "rbf", "sigmoid", "precomputed"]
RandomForestClassifier n_estimators [100, 200, 300, 400, 500, 600, 700]
max_depth [6,7,8,9,10,11,12,13,14]
RidgeClassifier alpha [0.001, 0.1, 1.0]
tol [0.1, 0.01, 0.001]
[auto’, 'svd’, cholesky’,Isqr’, ’sparse_cg’,
solver
'sag’, 'saga’l
SGDClassifier loss Uhinge”, "log”, "squared_hinge".
"modified_huber"]
alpha [0.0001, 0.001, 0.01, 0.1]
penalty ['12", "I1", "none"]
SVC C [0.5, 1, 1.5]
kernel [’poly’, ’linear’, rbf’, ’sigmoid’]
degree 2, 3, 4],
gamma [’scale’, ’auto’],
XGBClassifier gamma [0.1, 0.25, 0.5]
max_depth [4, 5, 6, 7]

colsample_bytree | [0.2, 0.4, 0.6, 0.8],
min_child_weight | [1, 2, 3, 4]
subsample [0.8, 0.9, 1]

Optimization no.3 : Selecting Best Ensemble pipeline

Our approach to using the voting hard ensemble classifier involves a comprehensive evaluation of all

possible combinations of the 16 different pipelines that have been previously implemented using grid search
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cross-validation. Each pipeline consists of 5 stages, including a scaler, feature selector, feature extractor,
under sampler, and classifier. These pipelines have been carefully designed to address specific challenges
in the data, such as class imbalance and high dimensionality. By combining these pipelines, we aim to
achieve a more robust and improved performance compared to the individual pipelines.

Voting ensemble classifiers are a popular machine learning technique for improving the performance
of individual classifiers (or pipelines). This approach works by combining the predictions of multiple base
classifiers to make a final prediction.

In the case of a hard voting classifier, the final prediction is based on the majority vote of the base
classifiers. This approach is well suited to problems where the base classifiers are highly accurate and
diverse, as the ensemble classifier can take advantage of the strengths of each individual classifier.

Soft voting classifiers, on the other hand, weight the predictions of each base classifier based on their
accuracy. This approach is well suited to problems where the base classifiers are not equally accurate,
as the ensemble classifier can give more weight to the more accurate base classifiers. In general, soft
voting classifiers have been found to perform better than hard voting classifiers in many machine learning
problems, as they can effectively capture the strengths of multiple base classifiers while mitigating their
weaknesses.

However, in practice, the choice of whether to use a hard or soft voting classifier will depend on the
specifics of the data and the base classifiers being used. In our case we have 16 highly accurate and diverse
pipelines (as we will see in the Experimentation section) so we will proceed with the Hard Voting Ensemble
Optimization step by finding the one (hard combination of the optimized pipelines) that lead to the highest

F1 test score.

4.3.6 Feature Importance Algorithms

Feature (variable) importance indicates how much each feature contributes to the model prediction.
Basically, it determines the degree of usefulness of a specific variable for a current model and prediction.

Feature importance refers to techniques that assign a score to input features based on how useful they
are at predicting a target variable. Interpretation of a machine learning model is the process wherein we try

to understand the predictions of a machine learning model. Predictive modeling lifecycle involved 2 stages:

1. Pre-Analysis : Where we keep an eye on the evaluation metric and experiment with different feature
engineering, feature selection, and algorithm selection ideas in order to develop and create more robust

models.

2. Post-Analysis : The second stage, is to analyze the models using the predictions and parameters to

figure out why the classifier, for example, chose a particular class.

List of libraries for ML model interpretation with the respective documentation can be found below :

Model Interpreter Documentation Link
ELI5 ELI5 Documentation
LIME
SHAP SHAP Documentation
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 https://eli5.readthedocs.io/en/latest/index.html
https://github.com/slundberg/shap

Chapter 4. Theoretical Background

ELI5

ELI5 is an acronym for Explain like I am a 5-year old. Python has ELI5 methods to show the functionality
for both: (1) Global interpretation-Look at a model’s parameters and figure out at a global level how the
model works and (2) Local interpretation-Look : at a single prediction and identify features leading to that

prediction.

SHAP

SHAP is an acronym for SHapley Additive exPlanations (SHAP) [Lundberg and Lee, 2017].The SHAP
library uses Shapley values at its core and is aimed at explaining individual predictions. Simply put,
Shapley values are derived from Game Theory, where each feature in our data is a player, and the final
reward is the prediction. Depending on the reward, Shapley values tell us how to distribute this reward
among the players fairly. The best part about SHAP is that it offers a special module for tree-based models.
Considering how popular tree-based models are in hackathons and in the industry, this module makes fast

computations, even considering dependent features.

LIME

The idea behind Local Interpretable Model-Agnostic Explanation (LIME) is to provide the reasons why
a prediction was made [Marco Tulio Ribeiro and Guestrin, 2016]. Taking the same example, if a machine
learning model predicts that a movie is going to be a blockbuster, LIME highlights the characteristics of the
movie that would make it a super hit. Features like genre and actor might contribute to the movie doing
well, while others like running time, director, etc. might work against it.

Mathematically, local surrogate models with interpretability constraint can be expressed as follows:

explanation(x) = arg min L(F, g, my) + Q(g) 4.1)
geG

The explanation model for instance x is the model g (e.g. linear regression model) that minimizes loss
L (e.g. mean squared error), which measures how close the explanation is to the prediction of the original
model f (e.g. an xgboost model), while the model complexity (g) is kept low (e.g. prefer fewer features)
[ref, b]. G is the family of possible explanations, for example all possible linear regression models. The
proximity measure w, defines how large the neighborhood around instance x is that we consider for the
explanation. In practice, LIME only optimizes the loss part. The user has to determine the complexity, e.g.
by selecting the maximum number of features that the linear regression model may use.

In this thesis we present our own LIME approach, and how it was configured to make inferences about

the entire population of the control set
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1 4.1: The modified version of LIME algorithm for explaining machine learning models

1. Calculate all N = 11 predictions and store the result in the unit vector y_pred.
2. Keep only the M < N predictions that are correct, that is, we keep the i — th prediction if the condition

y_pred[i] = y_test[i]
3. A LIME object is initialized LIME with arguments the X_train, feature names, class names.

4. Foric€{0,1,..M}:
(a) The method explain_distance() is used to calculate the weights w :

w; = explain_distance(X_test;)

where w; is the unit vector of size (Nfeatures.) = (741,) while the wjy shows the "contribution” of the
J — th feature in predicting the i — th sample of the X_test, therefore the following formula should stand:

Nfeatures
wy' =1
i=1

5. The average weight w’ for all correct predictions is finally calculated :

w..
w, = — Vie{l,.., M)
M
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Chapter E

G-CNN model

In this chapter we describe the deep learning model, a Graph Convolution Neural Network (G-CNN) set to
support the diagnosis of Dyslexia by classifying correlation matrices of the brain regions connected occurred

after preprocessing the fMRI dataset

5.1 General Description of the Model

In this project we implemented the G-CNN deep learning model (gcnn.py), as (Parisot) described in her
papers. A sparse graph was implemented to represent the interaction network of the 58-participants dataset

based on the phenotypic data (age, gender). More precisely :

e Nodes / Each node represents a single participant and correspond to a single vector of features (after

flattening the correlation matrices) extracted from the fMRI dataset.

e Weights / the weight of each edge - which connects 2 nodes) represent the similarity degree between

2 participants, and it is calculated based on the phenotypic data available

Our well-rounded approach was established in order to exploit all the available data provided (fMRI data,
phenotypic). The sparse graph is then inserted in the G-CNN model as the first layer, trained in a (semi)-
supervised manner by using a labeled training set and a non-labeled testing set . What makes this deep
learning model special is its ability to use both imaging and non-imaging information which -we believe-
are also useful for diagnosing dyslexia, by expressing the inter-between participant similarity. Through
this way, we intend to achieve higher accuracy and precision results compared to our machine learning

approach.

5.2 Graph Structure

The sample population consists of N participants (N = 58) and the goal is to predict the condition of
each participant from the fMRI imaging and phenotypic data combined (which connect the individuals of
the population).

e The set of participants is represented as a sparse graph G = (V, E), connected with weighted edges,
where the W table is the adjacent table of the graph.

e Each participant is assigned to a specific graph node in a “1-1” way, which is associated with a single

vector of features D extracted from the fMRI dataset.

e The edges set E of the graph represents the similarities among the participants with the help of
phenotypic data
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Chapter 5. G-CNN model

In this deep learning model approach, the dyslexia diagnosis problem is reduced to resolving a node
classification problem. The goal is to give a label | € {0, 1,2} to every node, where | stands for the state
of each participant, | = O for the control participants, | = 1 for the speaking deficiency participants and
l = 2for the dyslectic participants . The training strategy followed here is a supervised, meaning that all the
nodes are labeled and inserted in the G-CNN model for the training.

In order for this approach to deliver and achieve higher and precision results compared to our machine
learning approach, we need to construct the graph accurately, even when we use only two phenotypic
features. An inadequately defined graph can perform worse than a linear classifier. There are 2 elements

that validate thee correct construction of the graph:

1. The single feature vector D; of the i-th participant

2. The way the nodes-participants are connected to each other, ie. the existence of an edge between two

nodes and its weight. This is the way to model and express the similarity of two nodes-participants.

5.2.1 Vector of Features D of the nodes N

The single feature vector D; of the i-th participant is extracted purely from the imaging fMRI data, as
described in Chapter 4. We are performing connectivity analyses, so BOLD timeseries (extracted from
the imaging fMRI data) are compared across regions (usually with correlation) and the strength of the
relationship determines their functional connectivity [REFERENCE]. In our case, we have concatenated all
the (t = 3) BOLD fMRI images, and then calculated the BOLD timeseries on the concatenated fMRI image.

We followed 2 different data preprocessing frameworks to perform a connectivity analysis and acquire
the correlation matrices and consequently the single feature vector D;. The first one is the GLM 1st Level
Analysis(TODO) an approach to extract correlation matrices based on specific contrast maps. In our case
the contrast maps concern contrast difference among words, pseudowords and pauses. The second apparoc
is the Atlas Model Analysis. Instead of creating our own seed ROIs, we can use available atlases to extract

ROIs. The python library Nilearn provides an easy way to accomplish this.

1. The module datasets of the Nilearn library is used to import the different atlases. There are 3 kinds of

atlases that can be fetched : 3D atlases, probabilistic atlases and coordinates atlases.

2. The atlas maps, labels attributes are directly retrieved as attribute of the atlas object while the atlas

coordinates are calculated depending on the atlas kind

Atlas Kind Coordinates
3D plotting. find_parcellation_cut_coords()
Probabilistic atlas attribute .coords
Coords np.vstack((atlas.rois[’x’], atlas.rois[’y’], atlas.rois[’z’])).T

Moreover the atlas labels, as discussed in Chapter (TODO), represents all the brain regions in which

our BOLD signals will be projected and have the following 1D shape

(n_regions) = (R non-overlapping regions)

, Where

R = the number of non-overlapping regions of the respective atlas
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5.2.2 The edges E of the graph G

3. The masker is selected and initiated differently based on the atlas kind

Atlas Kind Masker Initialization
3D Nifti Labels masker maps, labels
Probabilistic Nifti Maps masker maps
Coords Nifti Spheres masker coordinates

4. In each BOLD run session, the selected masker is fit with the fMRI BOLD data, which are then tran

sformed to their final timeseries format. For the i — th session the timeseries shape is :

(TS; X n_regions) = (127 X R)

Since the number of BOLD sessions are 3, all 3 timeseries are concatenated on a timestamp level. The

final timeseries shape is

n=3
(Z TS; X n_regions] = (127 X 3) X R) = (381 X R)
i=1
5. Last but not least, we fit and transform the timeseries into the final correlation matrix. Each cell in

the matrix reflects the correlation of the BOLD timeseries between a pair regions (of the corresponding

atlas). The final data shape is

(n_regions X n_regions) = (R X R)

The final correlation matrix, of each participant, is saved as a .nii.gz file, for future use. All the (6)
steps are time consuming. Accessing directly the correlation matrix will be helpful for our numerous

machine learning and deep learning experiments.

6. During our machine learning and deep learning experiments, the final D; single feature vector of
the i-th participant is calculated based on the correlation matrix. The matrix is a symmetrical (R X R)
matrix, so we only keep the upper triangular part, which is then flattened. The shape of the D; single

feature vector is :

(RX(R—I))
2

We used the specific data type to construct the single feature vector D; as there is evidence that dyslexia
and speaking deficiency in general are associated with disorders in the structural and functional organiza-
tion of the brain. Due to the large dimensionality of the vector !, we use dimensional reduction techniques
and test the machine learning and deep learning models with both the whole feature vector and with

vectors of reduced dimensionality.

5.2.2 The edges E of the graph G

The G-CNN model efficiency is determined by the accurate definition of the edges E and their weights

W. So, both E, W should be defined in such a way as to reflect as accurately as possible the similarities

'R > 48, so the we have at least 227 ~ 1128 features
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Chapter 5. G-CNN model

among the nodes-participants N of the graph. On classic CNN models, the pixel neighbourhoods affect the

convolution process. On G-CNN models, the selection of E, W of the graph also affects the convolutions

process. Therefore, we should use the phenotypic data available in such a way that express and explain

more efficiently the similarities among the examine-es and their fMRI images.

In this project, the available phenotypic data were : (1) gender (2) age.

e The gender is selected because males are diagnosed with dyslexia more frequently than females, even

in epidemiological samples. The same research showed that processing speed helps explain the sex

difference in dyslexia [Dopfner et al., 2008]

e The age is selected because just as any other physiologic trait, the dyslexic cognitive and neural

phenotype is likely to influence the aging process [ref, 2022a]

The weight w(u, v) between the nodes u and v can be defined as followed :

where

H
w(, ) = sim(x(w), xw) - > y(My(w), M(v))
i=0

Factor

Explanation

sim(x(v), x(w))

the similarity coefficient between feature vector x(u) and
x(u) of the nodes-participants u, v. In this project, we used
many different similarity functions for our experiment, as
they are described in Chapter (TODO). For reference, the
exponential similarity function used is :
[l x(w)?

sim(x(uw), x(v)) = e 202

where p is the correlation function and o determines the

kernel’s range

The total number of phenotypic data available for the
calculation of the edge weigh. Here H = 2

The function used to measure the phenotypic information
eg. M; = 9 years old

is a function to compare phenotypic information

e Categorical Features (eg. Gender) y(M;(w), M;(v)) =
1, M) = M;(v)
Kronecker 6(M;(u), M;(v)) =
0, M;(u) # M;(v)
e Numerical Features (eg. Age)
1, M) — Mi(v)| <8
y(Mi(u), M;(v)) =
0, [Miuw)—-M;v)|=¥d
where 8 is a threshold (than can be optimized)

defining when 2 eg. Ages are considered to be close
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5.2.3 The architecture of the G-CNN model

Therefore, 2 graph nodes-participants are connected with an edge weighing
wo € {0, 1,2}

based on how many of their phenotypic information are considered close. Then, this wy is multiplied

by the nodes similarity coefficient, giving the final weight w of the edge

w = sim(x(u), x(v)) - wy

5.2.3 The architecture of the G-CNN model

Our model architecture is illustrated in Figure 5.1. 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 G-CNN model, the softmax
activations are computed on the test set, and the unlabelled nodes are assigned the labels maximising the

softmax output.

GING DATA i i - Subjects
S 1 IMAGING DATA (fMRI) ROI Time Series Dynamic High Order FC Feature Vectors ubject
‘.

Atlas Model Analysis 7 .. correlation Matrices

S

Sy

Graph Convolution + ReLU |
_Kl H

Dyslexia ‘ \ PHENOTYPIC DATA
g %/

Speaking Deficiency & —@ : w 0@@
A
concatenate /o

Control ‘ : . H Gender  Age
Fully Connected Inception Module #L | Inception Module #2 | | Inception Module #1 !

Final Layer  heereeoteeeeene e : - )
Classificati Graph Convolutional Neural Network opulation Grapl

Figure 5.1. The architecture of the G-CNN model for the multi-class classification prob-
lem of dyslexia

5.2.4 Cost Function, Optimizer, Metrics

In order for the G-CNN model to learn the optimal parameters, we use an optimizer of the parameters,
based on the calculation of the gradient VsL(y, §j) to find a local minimum. We specifically used ADAM
optimizer (ADAptive Momentum) which calculates as much as ADAGRAD and also calculates the learning
rate and momentum changes for each paramete. Adam is a computationally efficient algorithm, easy to
implement and has limited memory requirements. It works well on large datasets with large parameters as
well as problems with noisy or sparse gradients, as in the present diploma.

For the cost function : The cross-entropy is the average minimum information encoding size of com-
municating an event from one probability distribution to another. The discrete cost function cross-entropy
(also referred to as the negative log likelihood function) is used when a probabilistic interpretation of the

results is desired. Since we have sparse gradients we use SparseCategoricalCrossentropy

Table 5.1. Optimizer, Cost Function and Metric used for the Deep Learning approach

Optimizer keras.optimizers. Adam
Loss Function keras.losses. SparseCategoricalCrossentropy(from_logits = True)
Metics keras.metrics. SparseCategoricalAccuracy(name = "acc”)
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Chapter E

Experiments & Results

We consider a problem of diagnostic pattern recognition/classification from neuroimaging data. We
propose a common data analysis pipeline for neuroimaging-based diagnostic classification problems using
various ML algorithms and processing toolboxes for brain imaging. We already analyzed the theoretical
framework behind our machine and deep learning approach, as well as the modified feature importance
algorithm which will be used to extract insights for the learning disability of dyslexia. Finally we present
the experimental set-up. In this chapter we present the result of all the underlying experiments.

The results of the experiments showed that the optimization techniques used in the framework provided
accurate results in terms of classifying participants into the correct group. The results were statistically
significant and demonstrated the potential of machine learning in the analysis of fMRI data for the classi-
fication of neurological conditions. The findings from this study have important implications for the field
of neuroscience and could be used to develop new and more effective diagnostic tools for dyslexia, spelling
disorder, and other neurological conditions. Additionally, the results of this study demonstrate the potential
of using brain connectivity patterns in the analysis of fMRI data and could lead to new approaches in the

field of brain imaging.

6.1 Machine Learning Framework

6.1.1 Selecting the best Transformers per Classifier
No. Experiments

For each one of these 16 classifiers, we run an exhaustive optimization with 4 nested loops (1 for each

type of transformers). The total number of combinations examined are

|E|optimization1 = |SI X |U| X |FT| X |FE| X |C| ~ 7680

. . Duration per
No. Experiments | Duration

Experiment

7680 3047 sec 0.4 sec

According to the proposed schema for the optimization no.1 (see (See Figure 6.1) for details), scikit-
learn was used as it provides a plethora of transformers. Moreover, in order to validate the consistency of
the experiment set-up and the reproducibility of its results, we use the same SEED. In each iteration, the
respective combination of transformers was used to initialize the pipeline, which was fit on the training set

and evaluated on the test set by measuring F1 score. The results are shown below in table 6.1
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BASIC PREPROCESSING BLOCK

}

TRANSFORMERS
{ Scaling ]

standard, robust, minmax, maxabs, power, quantile

|

Undersampling
random, nearmiss, condensed, tokem, editednearest

Feature Selection
select kbest, variancet hreshold, select percentile, select

from model, generic univariate, select fpr, select fdr, select g Sklearn
fwe
l ® Test Size = 20%
Feature Extraction ® For each classifier, we select the
pea, lda

combination of transformers that leads to

best F1 test score

Classifier
xgboost, linearsve, nusve, sve, gradient boosting, sgd, mip,
logistic, random forest, ridge, ada boost, calibrated, lda,
decision tree, extra tree, knn

Inner Loop (optimization)

Figure 6.1. Flow Diagram illustrating Optimization no. 1

Results
Some useful insights that can be extracted are
e The best F1 score on the test set was achieved by the XGBoost Classifier and it is F1 = 76.48%

e The performance results should not be taken into consideration to professionally evaluate the models.
This optimization step is purely dedicated to selecting the best transformers combination and build

a proper pipeline for each classifier
6.1.2 Optimizing all 16 Pipelines’ parameters

No. Experiments

In this optimization step, we tune our hyperparameters for all 16 pipelines. In order to do that we used
the HalvingGridsearchCV which was well-described in chapter 4, which is faster, computationally lighter
and occasionally more efficient than the classic GridsearchCV algorithm.

The total number of experiments can be found below. To find the total number of fits in the first iteration
of the algorithm, we multiply the number of experiments by the cv = 10. The total number of experiments

is the product of the number of values for all underlying parameters of the pipeline.

fits| = |E|0ptimizat1'on2 Xcv= |E|optimization2 X 10

where

|E|optimization2 = |Sparameter_values| X |Uparameter_values| X |FT parameter_valuesl X |F Eparameter_valuesl X |Cparameter_values|
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6.1.2 Optimizing all 16 Pipelines’ parameters

Table 6.1. F1 test score for all 16 classifiers afters Optimization no. 1

Classifier Scaler Undersampler | Feature Selector Feature F1 score
Extractor
adaboost quantile nearmiss selectpercentile pca 0.6238636364
calibrated quantile tomek selectfpr Ida 0.5737433862
decisiontree power random selectfpr pca 0.6666666667
extratree quantile nearmiss selectpercentile Ida 0.603505291
gradientboosting | powerpower random selectpercentile pca 0.6478174603
knn minmax condensed selectkbest 1da 0.5625
lda standard tomek variancethreshold 1da 0.5833333333
linearsve quantile tomek selectfpr lda 0.5737433862
logistic standard editednearest selectkbest 1da 0.6547619048
mlp standard condensed variancethreshold Ida 0.5694444444
nusvce power condensed selectfpr pca 0.6537037037
randomforest power nearmiss variancethreshold Ida 0.5865800866
ridge maxabs random variancethreshold pca 0.5873015873
sgd quantile tomek selectfpr lda 0.5737433862
sve power condensed selectfrommodel 1da 0.6238636364
xgboost power editednearest selectfpr pca 0.7648809524

Classifier No. Fits
adaboost 14112
calibrated 4480
decisiontree 11520
extratree 54432
gradientboosting | 69984
knn 268800
lda 1152
linearsve 20160
logistic 32256
mlp 89600
nusvce 18144
randomforest 1512
ridge 53760
sgd 48384
sve 89600
xgboost 110592

The results of the whole gridesearch analysis

AdaBoost Classifier

The best parameters are presented below
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‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier ‘

’ Scaler
robust ‘ random ‘ selectpercentile ‘ pca ‘ adaboost ‘
with_centering | sampling_strategy percentile whiten n_estimators
True ‘majority’ 50 True 50
with_scaling n_components algorithm
True 0.875 "SAMME"
quantile_range svd_solver
40 "auto”
unit_variance
True

Calibrated Classifier

The best parameters are presented below

‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier ‘

Scaler
quantile ‘ tomek ‘ selectfpr ‘ Ida ‘ adaboost ‘
n_quantiles sampling_strategy score_func store_covariancebool method
150 ‘majority’ ‘mutual_info_classif’ True sigmoid
output_distribution alpha n_components ensemble
"uniform” 0.01 0.875 True
solver
svd
Decision Tree Classifier
The best parameters are presented below
’ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier
’ power ‘ random ‘ selectfpr ‘ pca ‘ decisiontree
criterion
"entropy”
max_depth
10

min_samples_leaf
1

min_samples_split
4

splitter

"random”
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Extra Tree Classifier

’ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘

Classifier

‘ quantile ‘

nearmiss ‘ selectpecentile ‘

pca

extratree

criterion

” gini”

max_depth
10

min_samples_leaf
1

min_samples_split
4

max_features
Tog2”

Gradient Boosting Classifier

’ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘

Classifier

‘ power ‘ random

‘ selectperentile ‘

pca

gradientboosting

learning_rate
0.2

loss

"deviance”

max_depth
2

min_samples_split
2

n_estimators
150

K Neighbor Classifier

’ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier ‘

‘minmax‘ condensed ‘

selectkbest

1da

‘ knn ‘

algorithm

"ball_tree

n_neighbors
3

weights

"distance”




LinearSVC

‘ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier
‘ quantile ‘ tomek ‘ selectfpr ‘ Ida ‘ linearsve
(o]

1

fit_intercept

True

intercept_scaling
1

loss

hinge

penalty

Logistic Regression

‘ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier ‘

‘ standard ‘ editednearest ‘

selectkbest

lda

‘ logistic ‘

(o]
le-10

solver
Thfgs"

MLP Classifier

‘ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘

Classifier

‘ standard ‘ condensed ‘ variancethreshold ‘

Ida

mlp

activation

tanh”

alpha
0.0001

hidden_layer_sizes
[50, 100, 50]

learning_rate

"constant”

solver

"adam”




NuSvC

‘ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier ‘

‘power‘ condensed ‘ selectfpr ‘ pca

‘ nusve ‘

gamma

"auto”

kernel
"poly”

nu
0.5

Random Forest Classifier

‘ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘

Classifier ‘

‘ power ‘ nearmiss ‘ variancethreshold ‘ Ida ‘

randomforest ‘

max_depth
6

n_estimators
500

Ridge Classifier

‘ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier

‘ maxabs ‘ random ‘ variancethreshold ‘ pca

‘ ridge ‘

alpha
0.001"

solver

”saga”

tol
0.01

SGD Classifier

’ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘

Classifier ‘

‘ quantile ‘ tomek ‘ selectfpr ‘ Ida

‘ sgd

alpha
0.1”

loss

"modified_huber”

penalty

none
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SvC

’ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier ‘

’ power ‘ condensed ‘ selectfrommodel ‘ Ida ‘ svc ‘

C
1.5

degree

gamma

"auto”

kernel

"linear”

XGBoost Classifier

’ Scaler ‘ Undersampler ‘ Feature Selector ‘ Feature Extractor ‘ Classifier ‘

’ power ‘ editednearest ‘ selectfpr ‘ pca ‘ xgboost ‘

colsample_bytree
0.2

max_depth
4

gamma
0.1

min_child _weight
1

subsample
0.8

Results

In Figure 6.2 we visualize the summary of the structure of the optimized pipeline for the Adaboost

Classifier, while in Figure 6.3 we present the results for the 2 optimizations 2 different optimization steps
combined. The key metric is F1 score.

TRANSFORMERS

Scaler : robust 4-[ F‘ealur!;j:l:ﬂ.;::.ﬂ*iﬂ-r —»[ Feature Extractor : pca H Undersampler : random >

"with_centering” - [True, False] “sampling_strategy” : [‘majority’, ‘not H

"with_scaling’  : [True, Falsc), “percentile: (1, 2, 5, 10, 50, 100] majonty’, "all', 'suto’] H “n_estimators”
"quantile_range” . np.arange(0, 40, 5)

"unit_variance™ : [True, False]

Classifier : adaboost

[10, 50, 100, 150, 200, 250, 300,
classifier__algorithm™ | [SAMME','SAMME R'|

Figure 6.2. Pipeline for Adaboost Classifier

Some useful insights that can be extracted are

e The best F1 score on the test set was achieved by the XGBoost Classifier and is F; = 76.5%
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6.1.3 Selecting Best Ensemble Classifier

e The worst optimized pipeline is SVC and NuSVC with test score F; = 36.1% and F; = 27.8% which is
even less than a baseline classifier. In fact, LinearSVC also belongs to the same family of classifiers and
achieved a test score of F; = 57.4%. In general, non-linear classifiers are more suitable for modeling
more complex functions than linear ones, but depends on the data, the selected hyperparameters (e.g.

penalty and kernel) and the interpretation of the results

F1 score - Baseline & Optimized classifiers (transformers & classifiers)
2 mOpiimized Grdsearch

mmm Optimized Transformers
. Unoptimized

adaboost
calibrated
decisiontree
extratree
gradientboosting
knn

lda

linearsve

CLASSIFIER

logistic

mip

nusvc
randomforest
ridge

sgd

sve

0785

xgboost o765

0.0 01 02 03 04 0s 06 o7 oe 0o

Figure 6.3. The performance results for the F1 test score for the 2 different optimization steps

6.1.3 Selecting Best Ensemble Classifier
No. Experiments

These optimized in terms of transformers combination and parameters pipelines, are given as input to
the Ensemble Voting Classifiers. As we analyzed in the previous chapter, there are many different kind of
Ensemble classifiers, eg. Hard Voting Ensemble Classifier which employs the majority rule, Soft Voting
Ensemble Classifier which is based on probability averaging etc. In this diploma thesis we only use the
Hard Voting approach, however experimenting with the Soft Voting approach and optimizing the underlying
weights can be part of our future work.

In this Hard Voting approach, we are searching for the best combination of optimized pipelines which
leads to the best F1 score on the test set. We experiment with all different combinations of these optimized

pipelines, so the actual number of experiments can be found as following :

16

|E|0ptimization3 = Z (1k6) = 65535
k=1
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Results

comb. #1
comb. #2
comb. #3
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Figure 6.4. Top 20 (F1 score) combinations of Hard Voting Ensemble Classifiers

e This optimization step is purely executed in order to optimize our models performance. Since Ensem-

ble Classifiers are high level abstract classifiers (abstract structure), we can NOT clearly and easily

interpret their black boxes. For this reason, we will not take them into consideration for extracting

feature importance and insights on the dyslexia learning disability.

e Interesting is that the best optimized (from optimization step no.2) pipeline is XGBoost Classifier and

was not selected in any of the top combinations in this optimization step.

e The best F1 test score achieved is F; = 83.5% by the combination of : MLP Classifier, Logistic Classifier,
Random Forest Classifier, Ridge Classifier, Extra Tree Classifier

6.1.4 Feature Importance

In this section we use the modified version of the LIME algorithm. We apply the algorithm to the

best optimized pipeline (in terms of test score F1), which is XGBoost classifier that achieved F; = 76.5%.

We will not use any of the Ensemble Classifiers because of their high level structure and the difficulty in

their interpretation. This modified version takes into consideration only the correct predicted test samples,

minimizing the inclusion of bias from faulty predictions, therefore our insights are more useful and accurate.

The advantage of LIME algorithm is that provides feature impotance for all features of the test sample

for each class separately. In our case we have 3 classes (Dyslexia, Speaking Deficiency, Control). So, the

algorithm returns the weight 3D vector w, where the value wy, € R shows the importance of the j-th feature

for the model to correctly predict the k-th class in the i-th test sample , where i = 1,2, ..., N, N the number
of the correct predictions, j = 1,2,...,741 and k € {SpD, TD, DL}.
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6.1.4 Feature Importance

Top 20 non common features for each class

In order to retrieve insights in a population level we need to focus on the average feature importance .

For this section we calculate the average absolute impact of the j-th feature in the k-th class as following :

|wijk|

™=

1l
—

[Wyel = -
N

We used the absolute value, because we are interested in the power of the respective feature and not its
positive or negative impact on our predictions. In the Figure 6.5, we can clearly inspect the top 20 features
(in terms of weight/importance wy) separately for each class. Some features with high importance may

appear to more than 1 class (overlapping) indicating their interpretablity power.

Feature Importances (for each class) - Best Voting Classifier

Feature Importance for class : DL Feature Importance for class : SpD

LsTsaLTR)
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Figure 6.5. Barplot of the feature importance for the top 20 non-common features for all
3 classes

Skilled (TD)
Let’s focus on the top 5 features. These are

e The connection of the regions Basal <> R LOC)
e The connection of the regions R IPS and R TPJ

The connection of the regions Striate and R A INS

The connection of the regions D ACC and V ACC

The connection of the regions R Aud and Motor

Dyslexia (DL)
Let’s focus on the top 5 features. These are

e The connection of the regions L DMN <> R DLPFC
e The connection of the regions R Pars Op and L Ant IPS
e The connection of the regions R STS and Broca
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The connection of the regions R Post Temp and L DLPFC

The connection of the regions R IPS and R A Ins

Speaking Deficiency (SpD)

Let’s focus on the top 5 features. These are

The connection of the regions L STS <> L TPJ

The connection of the regions R Post Temp and L ins
The connection of the regions Motor and R LOC

The connection of the regions Ocec post and L IPS

The connection of the regions R Aud and R Front pol

Results

Some useful insights that can be extracted

The regions D ACC,V ACC, R A INS are highly activated in skilled children while for the rest 2 groups
of children they are not. The role of these are closely related to reward processing in social evaluation

and empathy

We have clear indication that the Broca’s area plays a key role in children with Dyslexia, which is
totally according to our bibliography. For the rest 2 groups , Broca’s area does not participate in any
feature even in their top 20. Based on , dyslexics activated severely restricted areas of the language

cortex, in fact Broca’s area alone [Lishman, 2003]

Typical developmental dyslexics have a dysfunction of the phonological and orthography to phonology
conversion systems (particularly for reading and reading-like behaviors and for visuo-phonological
tasks), in which the left [Eraldo Paulesu and Berlingeri, 2014]. Indeed here the brain region Occ post

is not activated and not participate in any of the top 20 features.

The activation of Stratium, which coordinates decision-making, motivation, reinforcement, and re-

ward perception is higher (but comparable) to the activation in the rest 2 groups.

Another interesting observation is that the region of Left Anterior Intraparietal Sulsus(L Ant IPS)
is highly activated in children with dyslexia and speaking deficiency, which is according to the
bibliography. More specifically, dyslexics show consistently higher activation in the left precentral
gyrus (PRG) [Richlan F, 2009]

Last but not least we list all conclusions of the initial paper [Banfi et al., 2020], on which our diploma

thesis analysis is based, that overlap with our conclusions

— We found reduced functional activity cingulate cortices (Cing) regions in SpD compared to the

rest 2 groups

— Children with dyslexia showed a more widespread alteration of brain activity compared to the

other two groups in our ROIs.
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6.2 Deep Learning Framework : G-CNN Model

Top 20 common features for all classes

In this section, we intend to bring more useful insights about dyslexia, by interpreting the positive or
negative impact of the features. For this purpose, we calculate the top 20 common features among all
(M = 741) for all 3 classes. For the j-th feature we calculate the sum of the absolute values in all 3 classes,

indicating the total importance of the feature, as following :

|w;| = [wjsppl + [Wwirpl + [WipL|

Finally,we select the top 20 features with the highest weight/importance [wj|. In this point,the selection
process is over. For these 20 features and from now on, we are using their normal weight wj. which clearly
indicates the positibe or negative importance of the j-th feature in the k-th class separately. In the Figure
6.6, we can clearly inspect these 20 top features projected differently into 2 subfigures (a) Correlation Matrix

and a (b) Brain CConnectome for each one of these 3 classes.

e Correlation Matrix : The first one is the (39, 39) correlation matrix in which only the top 20 features

are visualized. A scalable red-blue color map is also presented. The red color indicates the positive
impact of the respective feature (connection between 2 regions), while the blue indicates the negative

impact.

e Brain Connectome : The MSDL Atlas brain connectome which purely and clearly visualizes the features

as edges between the respective regions. The colormap is also applied here to show the impact.

Results
The Figure 6.6 is very powerful and many insights can be extracted in a class but also in a intra-class

level.

e The very first and most important insight is that all edges/connections have a clear positive impact to
determine that a child is skilled and a clear negative impact to determine that a child has speaking

deficiency or dyslexia

6.2 Deep Learning Framework : G-CNN Model

6.2.1 No. Experiments

Having structured the architecture of our model, we want to tune/optimize the hyperparameters by
running proper experiments, in order to achieve the best test f1 score and avoid overfitting, a problem that
is very common the field of deep learning when the models are trained with a small number of samples. The
hyperparameter reposityory can be found in the Table 6.2, while the number of total experiments can be

calculated as following :

|E| = |epochs| X || X |8] X |d| X |h| X |lr| ~ 985600

6.2.2 Loss, Accuracy

Both loss and accuracy lines for validation and training sets can be found in the Figure 6.7. The G-CNN

deep learning model was trained on only 55 samples using correlation matrices from fMRI data to predict
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Connectome - LIME Feature Importances for 3 classes
*Best Voting Classifier*
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Figure 6.6. Correlation Matrix & Connectome for the feature importance of the top 20
common features for all 3 classes

among 3 classes of Dyslexia, Spelling Disorder, and Control. Despite the small training set, the model
showed promising results. The validation loss decreased with the increase of epochs, indicating no signs of
overfitting. Additionally, the validation accuracy of the model increased and reached a peak of 60%, which
suggests that the model was able to successfully differentiate between the three classes. While the accuracy
may not be ideal, considering the small training set and the complexity of the problem, the results are still
impressive and demonstrate the potential of the G-CNN model in predicting learning disorders. Further

research is needed to improve the accuracy and validate the model on larger datasets.

Table 6.2. All the hyperparameters used for the tuning of the G-CNN deep learning model

Hyperparameter ‘ Value Options Best Value
Epochs e € (20, 240) with step = 20 80

K ke(l,14) 4

8 8€(1,5) 3

Dropout d € (0.05,0.8) 0.6
Hidden Units h e{[2],[8],....[4,8,16,32,64]} | [8]
Learning Rate Units | Ir € ([le—1,1e - 8]) le—4
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6.2.2 Loss, Accuracy

GNN Model Loss GNN Model Accuracy score

——— train loss ——— train accuracy
== = validation loss == = validation accuracy

loss
Accuracy score

) 50 & 0 10 2 4 5 )

epoch epoch

Figure 6.7. Loss & Accuracy curves for the training and the validation set
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