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ITe@iAnyn

H vécog tov IIdgrivGov elvor Uio TTROOSEVTIKA VEVQOEKPUMGTIKA SlotoQayi
UE GNUOVTIKES KOWMVIKEG KOl OLKOVOULKEG ETTLITTMOGELS, N OTTOl0L XOQOKTNEIgeETIL
0Tt KIWNTIKA KOL UN-KIWWRTIKG GUUITTOUATA.  AloTaQaxES GXETIKES Ue Tnv owtAio
omtwg dvcapbeia, Sucpnvia ko vItopwvia epupavicoviar 6To 90% Twv acblevwv ue
IIdprvgov Gt TTEWTO GTAdla Tng vocou. H Sidyvwon tng acVévelag ce apyiko
otddo dewpeltan kelown yo tnv €géMen ko thy Stayelpion tng. To TabNet efvon
éva wovtého Pabidc pddnong JTou xENGoTIolEl LnYOvVIGLOUS TTRQOGOXNAS Kol SOULKA
gToyela Babidv vevpwVviKdV SIKTUMV ylo Vo SNUOVEYNGEL WO OLRYLTEKTOVIKI TTOU
aroAovfel Tn Aoywkn twv dévtpwv amopacns. H emidoyn tov kvplagywv xoQok-
TNELGTIKWY YLOL TRV TAEWOUNGN TTOQEXEL GTO WOVTEAO TOTIKN KOl GUVOAKN £Qun-
vevoloTnto yioo kdde pepovouévo delyua €ioédov. To tnv exktaidevon tov pov-
TéAov yonowotoumbnke cet dedouévmv Srabéaiuo agté to UCI Machine Learning
Repository, To omoio meQulaufavel YOQAKTNELGTIKA ATTd NYNTIKES KATAYQAMPES 252
atéuwv (188 acbevodv pe IIdprivaov kar 64 vyeldv atduwv). o kdde cuuuetéyovta
TO QMVIAEV /0/ NYOYQA@NRONKe TEELS POQEES. Adyw T®wV TTOAAATTADV detyudtwv avd
VTTOKEIUEVO KO TNG OVIGOQEEOTTLAC LETAEY aGBeEV®dV KAl VYELWV, Yo Ty ekTtaidevon
yoncuwogromnOnke n uédodog opadoronuévov Tagvount®v kot n texvikn Leave-One-
Subject-Out cross-validation. To TabNet vIteQiGyVel TOV TAEWOUNTHOV TTOU TTEQLA-
oupdvovtor otn BipAoypapio, pe uéon kol puéylotn axkeifela yo thy tagvouncn
kdde Setypatog va @ddver 1o 94.5% rkar 95.2%, avtiotolya. Ot uéoeg kKol UEYLGTES
Twég yia Tig uetEkes Fl-score kaw MCC grpogkuypav 96.3%, 96.8% kow 86%, 87.8%,
avtioTolya. Xtnv mepitmtoon TEoPALYewy yia kdde cuuuetéxovta, ue fdon ta Tl
delyuatd tov, o U€Gog 6QOG KAl N UEYLGTN TWA TTOV TTEogkLYe Ntav 95.9% ko 97.2%
accuracy, 97.3% ko 98.1% Fl-score, 89.4% ko 92.8% MCC.

A€geic KAewdia - MapkKivoov, NXNTIKA XapoKTNPIoTIKA, pyTorch-TabNet, opadoTttoin-
pEvol Ta&IVOUNTEC, EPUNVELCIPOTNTO






Abstract

Parkinson’s disease (PD) is a progressive neurodegenerative disease with signif-
icant social and economic impact. PD is characterized by motor and non-motor
symptoms, with vocal disorders such as dysarthria, dysphonia, and hypophonia
preceding common motor symptoms in approximately 90% of PD patients at the
early stages of the disease. PD’s detection and diagnosis during the early stages are
considered crucial for the progression and management of the disease. TabNet is a
canonical DNN architecture that uses sequential attention and DNN building blocks
to implement a Decision Tree-like output manifold with soft, instant-wise feature
selection giving the model local and global interpretability. TabNet was trained
with a vocal features dataset available from the UCI Machine Learning repository.
The dataset includes extracted features from voice recordings gathered from 252
subjects (188 PD - 64 control), with each subject providing three samples of the
sustained phonation of the vowel /a/. Due to the multiple samples per subject and
the unbalanced number of healthy individuals and patients with PD in the dataset,
ensemble learning and the Leave-One-Subject-Out cross-validation were used to
train TabNet in order to keep it unbiased. TabNet outperforms the classifiers in the
literature with average and maximum accuracy for every sample reaching 94.5%
and 95.2%, respectively. The average and maximum values for Fl-score and MCC
were 96.3%, 96.8%, and 86%, 87.8%, respectively. When doing majority voting of the
three samples to make a final prediction of every subject, the average and maximum
observed results were 95.9% and 97.2% for accuracy, 97.3% and 98.1% for Fl-score,
89.4% and 92.8% for MCC metric.

Key words - Parkinson’s disease, vocal features, pyTorch-TabNet, ensemble learning,
interpretability






Evyoaieticg

Apxwd, Yo ndela va evyoplotiow tnv emiPAértovad pwov, Kabnyntpuo Kwov-
otavtiva Nwknta EMII, n omola ye epttigtevnke ko wov €3wae tnv evkapio
Vol EKTTOVAG® Tn SiItAwuatikin wov epyacio 6to Epyactriipio Brotatpwkwv ITpoco-
wowwcewv kar AgtetkoviaTikng Texvodoylog (BIOSIM) gto EMIL

Emiong, da ndeda va ek@edow Tnv euyvouocivi LoU GTOV UTTOWYARELO SL8AK-
topa Kwvetavtivo Miton, thy uetadildaktopikin epeuvitola KaAldrn Aadarieidn
kot tnv Kovotavtio Zopkoyidvvn (EAIIIL, ZHMMY EMII) ywa tn BoriBeia kot tnv
KaBoSAYNGH Toug KATd Tn StdKela ERTTOVNIONG TNG SITTAMUATIKAG wov. Méow tng
GUVEQEYOGIOC WS KATAPEQED VO OITOKTAGK ITEQLGGOTEQES YVMOGELS GXETIKA UE TO
OVTIKEILEVO TNG €QYAGIOS OUTAGC KO VO AVOKOAIWP® TO €vila@EQov Uou ylo Thv
€pevval.

Akodun do ndela va eVYOELGTAGH TNV OKOYEVELD OV YLOL TRV VITOGTNEIEN TOUG
6o avtd ta xedvia. TéAlog, da ndeda va guyoELOTAG® TOVS AVIEAOTOUC ITTOV
YVOQLGO LEGM TNG GXOAMGS ot oJtoiol ATav SlarAa wov Kol T6GO GTISC KAAES OGO Ko
OTIC KAKES GTIYUES kaw Ue fordncav va yive o uoe@og avipwItog.
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Kepdlaro 1

Extetouévn eAAnvikn seQiinyn

1.1 H vdécog tov Ildpkiveov

1.1.1 Ewayoyn

Ytov Tou€n TNG vevpoAoylag, Ol VEUROEKPUMGTIKES dlataayes kabopitovtal
agtd tnv fabutoio Kol un avoGTEEWPIUN OTTOAELN VEVR®OV®V OTTO GUYKEKQUUEVES TTE-
QLOXES TOV EYKEPAAOV. VU@V [Le €QEVVEG, N yREAvon lval n KUELO autio TETOLWV
acBeveldv UEGH TELWV ETLGTAUOVIKA ATTOSESEYUEVOV TTOQRAYOVTOV GTOUS 0TTOIOUG
merlaufdvovtar or BAGReS 6To TTVENVIKG DNA Twv vevpdvav, To avgnuévo og-
EWWTIKG GTEES KAl N xeoévia @Aeyuovih Twv vevpodvwv.[l] H vécog touv Idokiv-
GOV, TIOU TeELyRd@nke TTEMOTN PoEd To 1817 attd tov Ap. James Parkinson, eivou
Wol ITTEOOSEVTIKN VEVROEKPUVALGTIKIL SloTaQayn n otola JTEoKkaAelTal aITd Tn VEKQ-
®WGN VTOTTOWULVEQYIKOV VEVEWV®OV ToU Pelokovton Gtn uéAouva ouvcio (substantia
nigra), wla IeELoXn Tov gyke@dAov TToUL elvol vItevBuvn ywa Tn GUvBeon Tng vev-
eodwapipactikig vromauivng.[l, 2] H vécog tov IIdpkiveov atoteAel tn devtepn
TO GUYVIA VEVROEKPUMGTIKI StotoQayt e nAMKLouEVoUg, uetd amd to Alzheimer,
OVEEARTATOV PUANG N KOW®VIKAG TAENnG.[1, 3]

1.1.2 EjudnuioAoyikd dedousva

YVuewva pe ta Taykocua dedouéva, n emimttoon tng vécouv tov Ildgkiveov
ekTWdTon 4Tl Kugolvetor agtd 5 €wg kol TTdve attd 35 Trepiotatikd avd 100.000
dtoua, YEYOVOS TTOU TTBOVAS OVTIKATOTITEICEL TIS Olapoeés avdueco Gta dnyo-
YOO@WKA gTo el TV TANBLGUOV TToU LeAeTRINKOY, KOOWMS KOl GTOV TEOTO SLegay-
WYNG v gpevvav.[2] H vécog tovu Idpriveov dempeital Grrdvia yio dtouo nAtkiog
KAT® TV 50 eT®V, evd n emimToon tng avidvetal 5 €¢ws 10 @oeés attd tnv €kin
¢ tnv évatn dekaetia Tng Cong evog atéuov. H vécog tov Idorivcov Ge veapd
dtopa opitetal cuvdwes aTtd nAkia €voEng wkeoTtepn Twv 45 £tdv, ue to 10%
TV TEQUTTOGEMV AUTOV VoL £X0UV YEVETIKN BAcN, €v®d TO TTOGOGTO QWEAVETOL GE
>40% oTtav n gu@dvion yivetor oe nAkio KAtw tov 30 eTdVv.[2] O GUVOMKAS €TLITO-
Aaouog vrtodoyicetar 6to 0.3% ko avgdvetar paydaio KaB®OS peyaldvel n nAkio,
@TAVOVTAG GE TT0GOGTA ueyaAvtepo agtd 3% otov mAnfuoud dve tov 80 eTdv.[2]

‘Ocov a@oed tn Jvnowdtnta, dev ToQaTnEElTAl GNUAVTIKA UeTABOAR KATA Tnv
TEOTN dekaetia uetd agtd tnv €vapen tng vécou. Avtibeta, puetd To TéEag Tou di-
OGTALOTOS AVTOU GNUELOVETOL OENGN TOV TTOGOGTOU davdtny, Ta oTtoio aTadiokd
yivovtor éwg kow SITAdola ge guiykelon ue tov yevikd stainbuoud.[2] H BeAtiowon
TNG VYELOVOWKNG TteRiBaAywng ta teAevtala xpovia €xel 08nynGel Ge €ITEKTAGN TOU
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TEOGAOKIWOV TWNG, YEYOVOS TO OTTOl0 GYETITETOL Ue TNV ENGN TOU ETTLITOAAGULOV
g vécou ciupwva ue uio uedétn 20 etwv, ue Tov aplind Tov aToumv we voGo Tou
[Tdprveov vao. avauévetor va StmAactactel petagd 2005 ko 2030.[2] H eméktaon
Tov ¥edévou emPBlwong Twv atduwv Tov StabéTouv Tn vdcGo, n otrola JTOQATRENINKE
uetagy 1990 kow 2010, avouyévetar vo odnyncel e GTadlokn avgncn Tng TTEOCGw-
TIKNG, KOW®MVIKAG KOL OKOVOULKIAG £TTPAQUVGNG TTov GYeTiCeTal e Th VOGO KAONDS
0 TTAYKOGULOS TTANBLVGUAS yeQVA.[2]

H vécog touv Ildpkiveov eivar 800 @oég Tilo Guyvii e Avdpeg aTtd 6,1l Ge
YUVOUKES GTN YEVIKN TTeQ(TTTMON, AV KO GE OQLGUEVOUS TTANOUGULOVGS, GUUTTEQLA-
aupavouévng ko utag peAétng amd tnv laswvio, dev Ttapatnondnke diapoed 1
TEOEKLYPOV KO LEYOAVTEQA TTOGOGTA GTIS yuvaikec.[2] H mpootatevTiki etidpacn
TOV YUVOLKEIWV OVOITAQOY®MYLK®OV OQUOVAOV, OQLGUEVES YEVETIKEG AELTOUQEYIES TTOU
oxeticovtal ue To @UAO N n SLOPOEETIKN AVTILETMOITIGN TMOV OQYOVIGUWY T®wV V0
@UA®V OTav ekTiBevtal e TEQBAAAOVTIKOUGS TTaRdYOVTES KIvOUVOU {Gmg elval tkavd
va €Enyncouv tny vItepicoyvon tng vécou tovu Ildpkiveov gtov avdpikd TAnbuoud. (2]

H emimtoon tg vocou @alvetor va JToikiAAel evidg vToouddwv TTou KaBoE(-
covtol agtd Tn UAR, Tnv edvikdtnta, Tov yovotuito n to TeQdAlov. O TeOITOg
ong, n €kbeon Ge 0EYAVIKOUS QUITOUS UEG® TNG SLOTEOENGS Kol Ol TTEQLBAAAOVTIKOL
TAQAYOVTES glval TTOAVO Vo €Enyovv TIG OITOKALGELS TTOV TTOQRATNROVVTOL GTOV Kiv-
duvo voonong uetagd StapopeTikdv TTAnBuou®v.[2] T Taeddetyua, n guyvdTnta
eupdviong tng vécou tov Ildpkivoov eivor onpavtikd peyoAdtepn e ATOUo JTOU
eRTIBevTOL GE OVGIES OTIWGS TO PUTOPAPUOKO L TTOV €XOUV VITOGTEl EYKEPAMKES
BAGPeS AOYyw TEAVUATOV KOl YOUNAGTEQO GE KOITVIOTEG N OGOUS KOATOVAADVOUV
ropeivi.[2, 4, 5] H avgnuévn katovdAwon YOAOKTOKOWKOV TIROIOVI®OV €XElL ETTIONG
cuvdebel ue avgnuévo kivduvo eupdviong g vocovu. [5] AVTIBET®GS, N GOUATIKNA
dp0GTNELOTNTA KL N VYLEWVA SLATEOMENA ATTOTEAOVUEVI OTTO GNMUAVTIKES TTOGOTNTES

PEOVTWV, AOLYOVIKOV KOl SNUNTELAKWY @alveTol Vo Ueltdvel Tov Kiviuvo véonong.[d]

1.1.3 Iadopucrodoyia tTng véGou

YT0 XOQAKTNEIOTIKA GUUITTOUOTO ThS vocgou Tou IIdprivGov Ttepilaufdvovtal
n véKEWGON VEVRMOV®V KUEIWS GTNV TTEQLOXN TNG GUUTTAYOUS Uoipag Tng UEAALVOS
ovclog (substantia nigra pars compacta) Tou UWEGOU €YKEPAAOU KOL N JTOQOVGIOL
cuvooouatoudtov Lewy (Lewy bodies) ko vevprtwv Lewy (Lewy neurites) 6toug
evaTTouelvavTeS veEVE®WveS Tou gyke@dlov.[2, 4] Ta cuscmuatoduato Lewy kol ot
vevpiteg Lewy elval £yKAELGTO GUGGOULATOUATO TIEWTEIVOV, KUEIMS 0l-GUVOUKAETVNG,
GTO KUTTAQOTIAAGUO GUYKEKQUUEVOV VEVROV®V GE SLAPOQES TTEQLOXES TOU EYKE-
@arov.[2, 4] Ta cveomupatduato Lewy @atveton vo elvor O GnUOVTIKA GTRV
eg€MEN TNS VOGOUL, OOV TTOQRATNEOVVTOL GE TILo TTRoxwEnUéva Tddid tne.[4] o’
OAO TTOV 0UTE N OITOAELO VTOTIOWLVEQYLKMV VEVRWV®OV TTOV TTEQLEXOVV vevpoueAavivin
agtd tnv uéAava ovaia, oUTE N GUYKEVTEMGN O-GUVOUKAEIVNG GTOUG VEVRMOVES
TOEATNEOVVTOL AITTOKAELGTIKA GTn vEGo Tov Ildpkiveov, arotedovv Tig dVo KUELES
vevpoTtaBoAoyleg Tov kabBopifouv Tnv didyvwon tng vécou dtav eugavicovton
uacl.[2] H amdAelo ToV VTOTTOULVEQYIKMV VEVEOV®V JTOU €VTOTTICETOL OKAOUO KO
agtd tnv €vopEn Tng vOGovu, VITOJEWVUEL OTL 0 €KPUAIGUOS GE CQUTAV TNV Ire-
QLOYN TOU €YKEPAAOV EEKIVA TTOLV EUPOVIGTOVV TO TIROTO KIWNTIKA GUUTTTOUOTO
GTOV aGOevn, yeyovog TO 0ITOL0 VITOGTNEICETOL ATTO OEKETES TTEOGPATES KAVIKOTTOL-
Yoloywég ueAéteg.[2]

Ta amoteAéouata epevvv £xovv VITOSELEEL TNV duGAetTtovEyia TwV WTOYOVIRIwV
WG évav aItd Toug KUELOVGS TToEAyovTeES Gty Jtaboyéveon tng vocou tou Ildokiv-
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Gov. Xuykereuwéva, @atvetar va dnutovgyelton €vag @avAog KUKAOG GTOV 0Itolo
N GUGGMEEVGN Ol-GUVOUKAEIVNG KOL N WTOYXOVIQLOKA SuGAELTOLEYiA ETTLEEWVOVOUV N
wio Tnv dAAn, yeyovog stov da uitoovce vo EENYRGEL YIOTE AUTES Ol KUTTOQIKES OA-
Aayég Tapatneovvtol Logt e eRPUMGUEVOUS VEVEWVES GTn vOGo Tov I1dokivaov.[2]

O1 evelEels OTL TO 0EEOMTIKG GTEES, WS GUVETTELDL TNG WTOYOVOQLAKNIGS SUGAEL-
TouEylag, AVEAVETAL GTOV £YKEPAMKS LGTO Twv acBevav ue véco touv Ildpkiveov
Yewpovvtar adidceloteg, aAAG elvar au@iefnticyo To av eu@avicetal voeis n Ge
UETAYEVEGTEQO XEOVO KATA TN SLAEKELQ TOV VERQWGONS TOV VELEWV®V.[2] TTapdAAnAa
ueydAog 0BUOS QITEKOVIGEWV TOU EYKEPAAOU KOl OVAAUGE®V PLOSEKTOV ITTOV
MeInkav uetd amd to Javato Twv achevav, Selyvouv 4Tl n GAEYLOVA TOU VEVELKOV
10T0V amoTelel €TT{GNG GNUAVTIKG YOQOKTNELGTIKG ThG vécou Ttou Ildekiveov, To
omoilo av kot dev @aiveton vo agtotedel To aEyO £vavceuo Yo Tnv ekdnAmon tng
voGov, elval TOAvHS Bacikdg Topdyovtas atny Taboyéveon.[2]

1.1.4 Awdyvewon

H vdécog oplceton kAMVIKG astd tnv magovcio Beadukivnolog kot ToLAGLG-
TOV €vOC aKOUA XOQEOKTNELGTIKOU KIVRTIKOU X0QoKThREd (Suckapypio n téuo avd-
TTOVGeNG), KaBws kol TEAGHeT™wY KELTnElwv TTov BonbBovv gtnv emiPefaiwon n tov
agtorkAeloud tng mbavoTntog voononc.[2] Xta KvnTikd GUUITTOUWATA ThG VOGou
Tou IIdpriveov Trepidaupdvovtor n duokauwpio (KUEIWS TV KATW AKE®V) Kl TO
wotifo Bdadiong TTOoUL YOEAKTNEITETAL AITE WKEA, ACTOOA BARLATO KOL GUVETTOGS UEL-
wuévn tayvtnto kivnong. Kabwg n acdévela egeMooetar, To fAdicua StaxkdTrteTon
ouxvd Adyw Tng aicinong afefardtntog katd Tny £vapgn tTng kivnong kot "Tayw-
uatog”, eldikd dtav o acbevic guvavtd TwéeTes N dAAov eldoug eurtddia.[6] Katd
TNV €VOaQEN T®V KIVNTIKOV GUUITTOUAT®V, aUTd evtoTicoviol cuvAdws otnv uio
TAEVEA TOL GOUATOS KOL N AGUUUETQELO AUTA TToQauével 6e OAn Tn Sudekelo Tng
aodéverog.[2]

EkTo¢ amtd to POGIKA KIVATIKA GUUITTOUOTO, N TAELOVOTNTO TV aclevdv ue
vécgo tovu IIdpriveov gupavicel emiong un-kKivntikd Guusttopato.[2] Xe avtd ep-
tAaupdvovtal dtataQoyés tov VIVov, €£a60EVIoN TOV YVOGLOK®OV IKAVOTAT®V (YV-
WOTIKES, GUVOLGONUOTIKES KOL GUUTTEQLPOQEIKES SUGKOALES, TIEOPAALATO AVAKTNONG
uviung, sapaigncio, dvoia), Statapayés tng didbeong, duclettovEyia Tov AVTAVO-
UOU KEVTEKOV GUGTALATOS (0000GTATIKA VITOTAGN, TTEOPAAULATO GTO OUQOTTONTIKS
gvoTnua, SUGKOAMOTNTA Kol VTTEQLIEMGIN) KABWGS KAl eItk cuuItTouato (Kuti-
¢ petwuévn aicdnon yevong) kot wévog.[1, 2] Eta KAVIKA YOUQOKTNELGTIKA TNG VO-
Gov TeQUlaUBdvovTal eTTioNg SEVTEQPOYEVI KIVRTIKA GUUTTTOWATO OTTWS OITWOAELNL €K-
(PEACNE TOV TIROGWITOL, dataay Thg deBpwaong Touv Adyov, Suceayio Kol GleAdQ-
eota.[1] H éAMenypn vromaulvng emnpedcel emiong TIG KIWNTIKES KOL YVOOGTIKES AEL-
TOUQYlES TTOV GxeTiTOVTAL e Thv OWAlo Ue TOUS aGbevelc Ge TTEOXWENULEVO GTASLO VO
XAvouv TARE®WS Ty tkavotnta owAlac.[1] Opiouéva agtd To TOEATIAV® Wn-KIVRTIKA
GUUITTAOUATA TNS VOGOU UTToQEl va tponynfovv Tng eu@Avions KAAGIK®OV KIVILTIK®OV
GUUTTTOUATOV Yl xeovia i kol dexaetied.[2]

Ye ulo uakeoyxedvia ueAétn, n dvowa evitomictnke cto 83%, n Toparcincia
6to 74%, n cuumteuatikin opdoctatikin vtdtacn Gto 48%, n SuegkolMoTRTA GTO
40% ko n akedtel oVpwv Gto 71% Twv atduwv pe voco tov Ildpkiveov Tou
emiPlwoav mwepuacdtepa attd 20 ypovia pe Ty acdévela. Xe meoyxwenuéva otddial,
TEQLAAUBAVOVTAV KIVRTIKG GUUITTOUATO TA 0Ttola Sev avtastokpivovtay A€oy GTn
Yepameia. Mepwkd agtd Atav n toodikn, akovola advvauia kivnong (freezing of
gate) (81%), n actddeia kar n TTOCoN (87%, ue KAtayua To 35%) Kol O TTVIyuog
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(48%).12]

I[TopdéAo Tov n TaEAKOAOVINGN TNG TOEEIOS TV ITTOQATIAV® GUUTTTOLAT®OV
€xel KABoELGTIKG POAO GTnv uokEoTiedbecun eg€MEn Tng vocou tou Ildgkivaov, ou
KAVIKEG SOKLUES KO OL UEAETES €XOUV UEXOL GTIYUNG ETIKEVTEWOEL GTnv €£€MEN TwV
KIVILTIKOV TIROPANUATOV, 0Ttig KaTtayedgovtal astd tnv Unified Parkinson Disease
Rating Scale (UPDRS). H UPDRS efvou n 7110 KOs xeneyLostolovpuevn KAMULOKO Yol
TNV TTOQOKOAOVINGN TV KIWNTIKOV SUGAELTOUQEYLWV TTOU GYeTiCovTal Uue tn vocGo
Tov IIdpriveov.[2]

[Topd To yeyovdg OTL Ge TTEQLITTMOGELS TTOV TTOQOVGLACOUV TTARQMS AVETTTUYUEVA
KAQGIKA XOQAKTNELGTIKA Tng vocou Tov IIdpriveov n didyvwon eivar €0koAn, Ge
aEYKA GTASLE TNG TTOQATNEOVVTAL TTOGOGTA GEAAMLATOS GTIC KAMVIKES SLoyvaiGeLg
TOV TEOGEYYICouV To 20% ardua ko Ge egetdikevuéva kEVTEa.[l, 2] Avtn Tn GTiyun
n 7o Guxvd yenowosotovuevn kKAMviki Stdyvoon wou aviikathotd to UKPDS-BB
elvou ta Movement Disorder Society Clinical Diagnostic Criteria, Tov SngoQleytnkov
70 2015 kow GTAYX0 €ovv Tnv PeATiGTOTTOINGN TNG AKEIPELOS KAl TG evauGInGlog Tov
astoteAéouatog tng didyvwong.[1, 7] H eykvpdtnta tng KAMVIKAG Sidyvwong witoQet
va BeAtiwdel we Thv aveTnEn XENon TUTTKWY KAWVIKOV klrtneiov 0mwg to United
Kingdom Parkinson’s Disease Society Brain Bank (UKPDS-BB).[1, 2] Xta Stadécua
SLayvwoTIkKA TEGT Yo Tnv Stdyvwon tng vocou tov IIdpriveov grepuiaufdvovTal
agtewkoviaTikég TexVikES (PET, SPECT kar MRI), yevetikég egetdoelg, Kal €EeTAGELS
EYKEPAAOVOTIOLOU VYEOV Kol alpatoc.[2]

1.1.5 Ogpadteia ko TTOQAKOAOVINGN

‘OTtwg avaEEeinke TTEONYOUVUEV®OGS, N OITOAELO. VTOTIOULVEQYLK®V VEVROV®OV OITO
TNV GUUITAYn woipa tng uéAaivag ovaiag Tov eyke@dlov JTov odnyel oe ueiwon tng
vToTIaUivng efval o BacIKOS Unyovioudg JToU TIEOKAAE! Ta KUQLOL KIVITIKA YOQOK-
TNEWTIKA Tng acdévelag tov IIdpriveov.[8] AuTth tn otiyun dev vItdxel KATTOLOL
eldovg Yepadrela yia tn voco. Qg ek TovTOU, N KUELA UEPodog TTou arolovBelton
GTOXEVEL GTNV VTTOKATAGTAGN TNG OTTOAELOS VTOTTOUIVILG UE GUGTNUATIKA XOQIynon
Tov TEOJEAUOV auvoggog tng vroTtauivng L-DOPA 1 aywvictodv vromauivng.[2, 9]
ATt6 Tta Subécpwa gtoyelo yia tny acdévela eaivetar 6Tt av n Jepameio Eerivi-
Ggel 0G0 TO JVVATOV VELTEQN, N YOENYNGN (MAQUOKEVTIKAG AYWYNS JTOU GTOXEVEL
otnv emPedduvon N1 Tn SLOKOTA TOU VEVEOEKPULAGUOU €xel UeyaAdTEQN AITOTE-
AeouotikoTnto.[6] Opouéva eTTITAL0V PAQUAKO GUVTAYOYQOPOUVTOL ETT{GNG GTOUG
acBevelg ue TIdEKIVGOV, Le GKOTTO VA OVTIGTEEWOLV TIS TTaeEVEQYeleg Tou L-DOPA,
OTTwe n duokivnoio.[2]

Ye oplouévoug acbevelg ue Idpkivoov, Tagatneeltal wia JTOIALA LN-KIVRTIKGOV
CUUTTTOUATOV (TTOVOGS, AyYOG, TTAVIKOGS, KATADApn, vevplkdtnto) TToUv @aliveTon
VO TTUROVGLATOUV SLOKVUAVGELS EEOUTIOS TG YOENYOUUEVIS PAQUAKEVTIKAS OYWYIG,
emPaQUvovtas Toug {GmG Kol TEPLGGOTEQO GE GUYKQLON UE TA KAAGIKA KWNTIKA
GUUTTTOUATA.[2] Mn-KIVRTIKA GUUITTOUATO OTTOS N YVOGTIKA dugAettovpyia, n KaTd-
IAwn ko n EAAelYn AVTOVoUiog OVTILETOITICOVTOL UE OVTUPUYWGIKA KOL OVTIKOTO-
IMTTTIKA dpuoka, 6Ttwg n kAocamivn. AT to 1993, n texviki Deep Brain Stim-
ulation (DBS) yencwottoeiton emiong wg depamela yio v voco tov Ildgkiveov.
H nAektokn Siéyepon ue vPnAég GuYVOTNTES XENGLULOTTOLEITOL GE GUYKEKQULEVES
TEQLOXES-OTOXOVS TOL eyke@dAov. H depatieio mepulayfdver emiong tnv euev-
TEVON £vOS NAEKTEOS{OV GTOV LGTO TOu eyke@AAOV.[2]

O mtepuocdtepor acdevels ue voco tou Ildpkiveov kalovvtor TToQdAAnAo va
OVTETOTTICOUV VITOAELTTOUEVES KIVILTIKES avaTtneieg Ttov emtngedcouvv tny Pdadion,
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Tnv gukvnala, Tov €Aeyyo TG GTAGNS TOU GOUATOS, TNV LGOQEQEOTIIO, TNV OUWALL KoL
TNV KOTAITOoN, Ol 0ToleS GUVAT®WG SEV OVTAITOKQEIVOVTAL ETTOQKMS GTO PAQUOKOL
kot gtnv DBS.[2] Autd T cuuTtTOUaTa @aAiveTon vo PEATIOVOVTOL UE OQLOUEVES
ULOQPES GMUATIKAG AGKNGNG.[2, 6]

1.2 Bodwa Mdadnon

1.2.1 Ewoayeyn

H texvntn vongocuvn agtotedel €vav agtd Toug TTAAMOTEQOUS TOUEIS GTNV ETTLGTA-
un Tewv vtoAoyiotwv.[10] H texvntn vonpocivn (Al) opitetar wg «éva mredio ematn-
UNng Kol UWNYOVIKAG TTOU OGYXOAE(TOL UE TNV VITOAOYIGTIKIA KOTOVONGN TNG €V@UOVS
GUUTITEQLPOQEAS KOl TN SNULOVEYIOL TEXVOURYNULAT®OV TTOU ETTLOEIKVVOUV TETOLO GUUTTEQR-
1poEd».[11, 12] O Alan Turing deweeiton w¢ évag amd Toug FeueMwTES TNG GUYXEOVIG
ETGTAUNG TWV VITOAOYIGTOV KO TNG TEXVNTAG vonuocuvng, KABws kaboplGe tnv
«€EVTIVI. GUUITEQPLPOQRG» GTOV VITOAOYIGTA TRV IKOAVOTRTA TOU VO eTILOEIKVUEL EVPUN
GUUTTEQLPOQEA LlGOdUvVaUN Ue, I W SLaKELTA ATtd GUTAV TOV avOE®ITOV, TTOV ARYSTEQN
avaeépdnke wg «Turing test».[12]

Ta Texvntd Nevpwvikd Aiktva (ANN), ta ottoio evtdGGovtol GTov Touéa Tng
TEXVNTAG vonuoouvng, eivol VITOAOYLGTIKA eQyalela avdAlvong Kol fOGIGTNKAV GTO
ovIEOTVO PloAoykd vevpikd GUGTnU Kol Tn doun Tou eyke@dlov.[12, 13] Ta
VELEWVIKA S{KTLO YENGYWOTTOLOVVTAL GIUEQEA GE Uil LEYAAN TTOKIALOL TTRORANUATOV
0TS avOyvV®OELGN TTEOTUTT®V, Tagvéuncn, talvdpouncn, ouadoitoincn, uelwon
Slaotdoewv, 6QACN VITOAOYLGTAOV KAl £TteEeQyAGia @UGIKNG YAWGGag.[13] Ta Batd
Nevowvikd Aiktua (Deep Neural Networks - DNN) efvar ta vevpwvikd diktua tov
Sradétouv ueydio apuiud kpLE®V cTeudtwv.[13] H eupdvion twv DNNs katéetnce
duvati Tn AITEKOVIGN TTOAVTTAOK®V, Un YROUWUK®OV GUVOQTAGE®V, n ogtoia elvan
advvatn pe To aItAd vevpwvikd Siktua.[13]

H Sudyvoon, n depagreia kow n weopAeyn Stapdpnv achevel®v £0pTdvVToL aItd
€vav guvduacud TTOADV KMVIK®OV, BLOAOYIK®OV Kol TTAO0AOYIK®V UETORANTWV. AUTO
TO yeyovdg odnynce Ge Uio avgaviouevn avaykn ylo xeRon ovaAvTIKOV eQyaleimv
otnv otEwkn.[12] H texvnti vonpocivn xonGluoItoleltal GTov ToUEo TG LOTELKNAG Ue
GKOTTO TNV avdmTugn aiyoeibuwv mov da fonbricouv toug emayyeAuaties vyelag
VO TTEAYUATOTIOAGOUV wo Stdyvwon kol va Adfouvv depattevtikés astopdoets.[12,
14, 15, 16] Ta tedevtala xedévia, n fabid unyovikn pddnon éyel eviaybel GTov y®EO
TNG LOTEKNG €QPAGOV TTOREXEL TNV kavoTnTa PEATi®ONGS TNS avlp®TIvng Cwng, tnv
TAEOXN OKEBEGTEENS Sldyvmong e acdéveles OGS 0 KAEKIVOS KAl TV avakdiuyn
VEov @aoudkmv.[13] Xtnv BipAoypapia avapépetar 6Tl €va Bady vevpwvikd Sik-
To elye Tn Sduvatdtnta va ekmadevtel yoncwotrowwvtag 129.450 ewkdveg amd
2.032 dwapopetikég acdéveles kaw va ddcel diayvocelg 6to (So emtiztedo ue 21
TGTOTTONUEVOLUS depuatoAdyoud.[17] EmatAéov, n Google Al katdeepe va vitepPel
Tn uéon axeifela Sidyvwong Tou KaEKivou ToU TEOGTATN, ETLTUYYXAVOVTAS TTOGOGTO
9% ueyaAiTeQo Ge GUYKELGN e eKEIVO YEVIKMOV TTOHOAGY®V TLGTOTTONUEV®Y OTTO TRV
OUEQLKOVIKI €TTLTQOTTN. [18]
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1.2.2 TabNet
1.2.2.1 Ewoayeoyn

To 2019, ov S. Arik xkow T. Pfister amd 1o Google Cloud Al grpdtevav yio
VEQL aEXLTERTOVIKIL Bothov vevpwVIKOV SIkTVwV yia dedouéva e woeen Trivoka,
oV UToel va yenowottondel yla tagivéuncn i waAvépdéuncn, Tov ovoudGTNKE
TabNet. To TabNet d€xeton dedouéva e popen Tivaka ymweic va eivor arapaitnin
OTTOLANITOTE TLEONYOVUEVN ETTEEEQYAGLOL KAl ERITTOUIEVETOL XENGLULOTIOLWVTOS TEXVL-
kég gradient descent kou exkpddnon end-to-end. To povtédo yencuottoiel doukd
gToyelo Tov €xouv poEEn PBahdv vEVEOVIK®Y SIKTUMV Yylo VO SNUOVEYNGEL ULoL
OQYLTEKTOVIKA JTOV akoAovdel Tn Aoyikn Tov §Evipmv atopacng.[19]

To TabNet yponcwwotmoiel sequential attention kot vitoAoyicer tov Babud cuu-
UETOYNG TWV YOQAKTNELGTIKWY GTnv Tagwvouncn (soft feature selection). ITio Guy-
KEKQWEVA, N £€€080C TOU LOVTEAOV aTToTEAEL YOOUUWKO GUVEVAGUO TOV YOQOKTNLG-
TIKOV TOV TIVOKO €16630V Ue GUVTEAEGTES TTOV KaBoEiCouv Tnv cuuuetoxn kdde
XOQAKTNELGTIKOV GTO TeMkd amotédecua. To TabNet yoncwodtolel apait eTtAoyn
XOQUKTNELGTIKAOV (sparse feature selection) Kol KOATOGKEVATEL WAL ORXLTEKTOVIKNA UE
éva i epLoadTeEa Stadoykd frgata Tov KaBoEIToVY AITé KOOV TNV TEMKNA AITo-
@acn dnuovgynvtag €vav eviato, GuALOYIKO Tagvounti (ensemble classifier). Me
VTV TOV TEOTO, TO UOVTEAD ETUAEYEL TO KOAVTEQO YOQROKTNELGTIKA Yoo KAde peu-
ovouévn €igodo, ge avtiBeon ue TOAAES AAAeS ueBOSouc.[19]

Me Tnv emMAOYA YOQOKTNELOTIK®OV Yylo kdde Selyua avegdptnta, To uoviého
ETLTEETIEL TNV goUNVElD TOV OTTOTEAECUATOV €VE Ol KAVOTNTEG €KUABNGNG TOU
avEdvovtor Ady®w TNG Un YEOUUIKAG €TTEEEQYACIAC TV ETUAEYUEVOV YOQOKTNOLG-
Tik®dVv. To povtédo yencwoTtolel Toug Trivakes £16080v YwEls TTponyovuevn eTeE-
eQyacio kol dnulovEyel AITEROVIGELS YO TA KOTNYOQNUATIKA XOQAKTNELGTIKA (cat-
egorical features). Ektelel emiong uévo kovovikogtoinon katd taptideg (batch
normalization) kow 0l KOOOMKN KOAVOVIKOTIOINGN OA®V TwV XOQOKTNELGTIKOV £1G0O-
60v.[19]

To TabNet yoncwotolel tn uédodo Xavier Initialization yio vo 0QyKOITONGEL
oAa Ta Bden TV VELE®V®V TTov TTEQLAaUAvel, £T0L dGTE n Stokvuaven va eival n
{8lo GTIG GUVOETAGELS EveQYOTTOfNONG KGIE ETITESOV, XENOWLOTIOLOVTAS TNV OUOLO-
woE@nN KATavoun ¢to Sidotnua éﬁ; #ﬁ , 6TTov n eivan to uéyebog Tov TEONYOUULE-
VOU GTEOUATOS. AVTA n gtabepn dtakvyaven fonbd GTRV ATTOPUYAR TOV ATTELPLGULOV
N €gapaviong g Tov dtavicuatog kAlong gtov alyopibuo gradient descent.[20]

1.2.2.2 A@YLTEKTOVIKIR TOVU SikTUOV

O kwdikomowntiig Tov TabNet astoteAeitor amwd Ngeps Stadoykd emimeda ams-
@aong (decision steps). To i ° emimedo §éyetan TANEOPOEIA ATTS TO AUEGMS TIEO-
nyovuevo tou (i 1) dote va eTmAEEeL Ta YOEAKTNELGTIKAG TTov da yenotwostotnfovv
yio Ty Sngovpyia tng i ¢ Mdokag kabdg Kol Tou Slavicuatog e£6800 Tov eTLITé-
dov avtov. ABpoitovTag T €£650UG TV ETMUEQOVS ETILITES®V TIEOKVITTEL UETA ALTTO
emegepyacio To teMko arrotédecua tov TabNet. H 18€a tng emloyng kvplogywv
XOQOKTNELGTIKOV UE TNV TEYVIKNA «AITd TTAV® TTEOS Ta KATw» (top-down attention)
GTNV akOAOVOLOKNA TG poeEn elval ewstvevouévn asd Tnv emeEeQyaciot OTTTIKMOV
debouévav kar dedouévmv KEWEVOL KAl TRV evioxVTIki uddnon (reinforcement learn-
ing) mwovu e@aEudteTol KATA T SLAEKELDL AVATATNONG WKQE®Y VITOGUVOAWY GYETIKAG
TAnQo@opiag uéca ge €1680uV¢ ueydAwv dractdoewny.[19]
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Ta Pacikd Soutkd otoryeia kdde decision step Tov TabNet eivon o puetacynuo-
TIGTNG XaEOKTNEWGTIKAV (Feature transformer), o UeTAGYNUATIGTAS TTQOGOXNG (Atten-
tive transformer) kouw n Mdoka Mask). Kdde otddio 6éxeton wg elcodo tov Trivaka
dedouévav TTov Slvetan yia tnv ekITaidevon Tov woviédov, dwactdoewv (B D),
6mov B elvan to uéyebog touv batch kar D o aplBudc Twv x0QAKTNELGTIKOV KAde
yoouung tov Jrivaka.[19]

Step 1 Step 2
P Tttt i
! . r;\ EE] OUL ut
| :: — ... {EB-oup
i 1 1
: :I - 1
i 'l |
: Split |—+- Split] |

1 1
! |: ' !

Feature i Feature ||} Feature i

transformer || transformer :: transformer ||! cas

i T} !
1| Attentive 1 Attentive !
1| transformer :: transformer I
| i ’
U UV U !

I:‘:l Agg Agg

Features @ @

Ewkdva 1.1: Agyitektoviki tov kKwdikomownti tov TabNet.

Kdde maptida Sedouévmv (batch) X RB P tou mivaka yopaktnoiotikdy £166-
dov, Tov Sivetan wg €lcodog oto TabNet, wolamAacidgetar ue th udoka M[i]
TOU TEEXOVTOS PAUATOS ATTOPACNS KOl GTn Guvéyelo Tiepvdel atov Feature trans-
former ywo tnv astaaitntn emegepyacia, n omwoio cuupoiiceton ue fi. O tévoopag
€€68ov tou Feature transformer amoctéAMetar otn uovdda Split, dmov xweiteton
ge 300 EexwELGTOUS TEVGOQEES TTOU TEQPLEXOVUV SLOPOQETIKES OTTEKOVIGELS TV OQ-
YIKWV OQAKTNELGTIKGV Tov batch. To meohTo turpa, d[i] RE ™, apov mepdoetl amé
wla ReLU (W dAAn cuvdptnon evegyottoinong) astoteAel tnv €080 TOU TEEXOVTOS
emITédou agmépacng. To devtepo orélog, afi] RB M, yoncwotoeitar wg eicodog
otov Attentive transformer Touv auéowg emduevou Prpatog astéeaong (i+1) yo tnv
dnwoveyia tng wdokag tov, MJi + 1].[19]

[di;a] = fi(M;  X) (8))

O téveopac €£650V TOU K®OKOTIONTA, O 0TTOL0G TLEOKVUTITTEL ATTO TO YQOUUKS
UETAGYNUATIGULO TV €E08wV OAwVv Twv decision steps, TTEQLEXEL TO ETTEECQYAGUEVQ
YOQOKTNELGTIKA TToV da xencwogtomndoilv date va Snuovpyndel n tTeMKkn atépacn
TOU UWOVTEAOL OGOV apoEd TV Tagivéuncn i thy stalvdeouncn, akoAovdovtag tn
Aoyikn Twv §évtpwv attéeacnc.[19]

NaGs
dow =  ReLU(d)) 12)

i=1
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TéNog, epapudteTar £vag Yoouuwkos ueTaoynuattowos Wiinadout XONOWOTTOLOVTOG
éva TANEWGS cuvdedeuévo eTtiTiedo vevpwvwy, dGTe va AdPouue Thv TeMKA €060
tov TabNet. Xtnv €£080 TOU KWO3KOTONTA WITOQOUV va TIROGTEJOUV eTTLTTALOV
GTEOUATA, SNUOVEYMOVTOS €va VEVEMVIKS JikTvo ue oTtolovdnTtote apuind KEUE®V
emIESwV ue PACN TS AITOLTAGELS TOU TEOPARUATOS ToU ¢nteltal vo eTmAvdet,
QVEAVOVTOGS TNV TTOAVTTAOKOTNTA TOU SIKTVOU.[19]

1.2.2.3 Eme€eQyocio ToV YOUQOKTNQELGTIK®OV

‘Otwg eatveton atnv Ewdva 3.3, o Feature transformer astoteAeital amd emyue-
poug emimeda. ITpokewévou va emitevydel evpwatn uddnon (robust learning), o Fea-
ture transformer TeQlAaupdvel éva n mepuocdtepa emimreda Tov elvar Kowvd Ge 6Aa
Ta decision steps (epdcov kdde emiTiedo déxeTon wg €{Godo Tov (Blo TTivaKka YOEOK-
TNELGTIKAOV) Kol AAAQ Ta 0Ttolal TTEQLOQELTOVTOL ATTOKAELGTIKA GTa TTAALGLOL TOV KAde
emmtédov. Kdde emimedo tov Feature transformer astoteleiton aird €vo TANQE®MS
cuvdedeuévo atpnua vevpnvwy (fully-connected layer - FC), éva emimedo batch nor-
malization (BN) kou ula Gated Linear Unit (GLU). Kdde emimedo cuvdéetal emiong
ws ° wa VITOAELWUATIKIL GUVEEGN Ue TNV 0Ttolal TTEAYULOTOTTOLELTOL KOVOVIKOTTOINGN (e

0:5. H Aertovpyia avtin fonBd otn cgtabepomoinon tng diadikaciog ekpuddnong ko
Sacpalicer 6Tt n Stakvpaven dev Yo aAAAEEL GNUAVTIKA KATA WAKOS TOL SikTov.
[a toyvtepn exktaidevon, yonowototovvtor batches ueydAov ueyédovg. Emiatiéov,
eKkTOC amd To batch normalization, To TabNet yoncwwotrotel ko tn uédodo ghost
batch normalization, xenowwostolidvtog eikovikd batches ueyédovg By ko momentum
{co ue mg.[19]

Feature
transformer

Ewoéva 1.2: Ecotepikit doun Tou UETAGYNMUATIGTA XOQAKTNEIGTIK®OV Tou TabNet.

Y10 TEwTo KO emimedo tov Feature transformer, 1o FC Gtpoua asewkovicet,
UEG® YOOUUILKOY UETAGKMULATIGULOV, TOV TovueTh e1668ou X RBP Ge évav véo tavueti
X RB 2*Na) 501y qrepvd 6to BN yia KavovikoTtoinen kail 6tn guvéyelo, atny GLU.
Méoa gtnv GLU (e€icwon 3.3), To SeUtepo WGo Tov TEVGoEa Aettouvpyel wg TTUANR
Jou eAéyyel (ue TToAAATTAAGLAGUO GTowelov ue GToyelo) TIC TTANQO@OElES TTOv
UETAPEQOVTOL QITd TO TEATO TOL WGS otnv ££080, X RB 4™ omoia otn
ouvéxela divetar wg €lgodog gta akdlovda emisteda TTOUL AgLTOoVEYOUVV Ue TOV (510
TeoTro. ‘OAa ta fully-connected Gtpwuata tov Feature transformer ektdég aid to
TEATO, OTIWGS elval avauevouevo, £xouvv (Ng +N,) e166doug kaw 2(Ng +Ny) €£650v¢.[19]

GLU(X) = x[:;: (ng + ny)] (X[ (ng +ny) ) (1.3)
Ou Gated Linear Units ueidvouv 1o TTeopAnUO Tng egapdviong tng kAiong gtov
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aAyopBuo gradient descent katd Tnv e@apuoyn Bablds aEXLTEKTOVIKAG ue AAAO
wovtéda, 6Ttws too LSTM. Xe avtifeon ye dAla eTtavalaufaviuevo vevpmvikd Sik-
Tva (RNNs), oo GLU 8ev €xouv xpoVikES €E0QTNGELS, 0TTOTE ATTAOITOLOVV TNV TTOQ-
aAAnAottoinon tov aiyopeiBuov. H kAion tng GuvdeTnong evepyomoinong tng wuAng
(eglowon 3.4) Swabétel évav emurAéov mapdyovta KX (X), o omoiog Bonbd Tig
KAMGELS va Ttepvouv Uéca aTtd Ta dtadoyikd emtiteda xmEIS va VEIGTOVTOL TTOQAULOQ-
pwoelc.[21]

riX  X)]=rX  X)+X  X)rX 1.4)

1.2.2.4 Ewmloyn Tov KUQIOEYX®V YOQOKTNELGTIK®OV

H emmiloyi Tov GnuovTikOTEQMV YOQUKTNELGTIKOV Ge kAde decision step moay-
watottoteltan uéow tng udoka tov, M[i]. O Attentive transformer tov I ° eguaé-
Sdov emiAéyel T BEATIOTA YOQOKTNELOTIKA ekTtadevovtas wa udoka. o cuy-
kekpuéva, o tovuotng afi 1] amwd tn povdda Split tov emmédov (i 1) wou
divetan w¢ eflcodog atov Attentive transformer, segvdel amd to emimedo h;, wou
OVTUITEOGMOTIEVEL £VO TTME®WS GUVEESEUEVO GTEMUO VEVEWV®OV Kol €val aTewua BN.
To ctomua hi agtekovitel Tov téveopa afi 1] R® ™ ge évav véo, o apod Tévcopa
ueyoAVtepng didotaong, ue uéyebosc B D. H £€£080¢ Tovu emmimédou h; atn cuvéyxeia
ToAMaTtAactdceTon ue thy kAiwaka Prior, P[i 1], Tov mtponyovuevou ematédou amd-
paong. H kMuoaxa Prior évag mtivakag Ta gtoyelo Tou omroiov ekpeAlouv Th ypnon
kdYe yapaktnElotikoy amd ta decision steps Tov €xovv seonynbel. H emBuunti
wdoka, MIi], Snuovpyeiton uéow tng cvvdptnong Sparsemax().[19] H egicwon 3.5
TeQLyedpel Tnv dradikacio TTou avageéetnke.

MIi] = Sparsemax(P[i 1] hi(@[i 1])) (1.5)

H cuvdptnon Sparsemax agtewkovicer tnv EvkAeidela TpoBoAR GTov x®o TTifav-
OTATWV, evd TTaEdAANAQ elval eVkoAa vIToAoyicn kot Stapopictun. H cuvdptnon
ETILGTEEPEL OQOLES EK TWV VGTEQEMV KATAVOUES KO ETTOUEVAOCS €xel Tn duvatoTnta
va Swael arEPOS undevikn TTOAVOTNTA GE UEELKES OaTTO TS UeTaPAnTég €£680v
™e. Auth n Widtnta kabeTd Tn Sparsemax KATAAANAnR ywa xenon g @iAteo
yia TeoPAnuata un duadikig Tagvounong N wg Sowkd gtoyelo yia Tov TE0GEL00-
1oUd Wwag ouddos UETABANTOV R XOUQEOKTNELGTIKOV TIOU UTTOEEl Vo GYeTiovTol ue
wo agté@acn, pue arotédecua vo dnuovgyeital éva LovtéAo ue ueyaAdtepn eoun-
vevalotnta. Mitogel emiong va yonowomonbel kol g guvdeTnon KOGToug. [22]
H Sparsemax Snuiovpyel Bdon yio kdde x0poKTNELOTIKG, |, KADE quuovtog, b, ue
o Bdon ywa kdde delyua vo €xouvv dBpowoua (co ue tn uovdda, |j3:1 Mp;[i] = 1
Me outd TOV TEOTO TEAYULATOTIOEITOL N ETLAOYR TV YOQOKTNELGTIKOV TTov Jda
aglorrombouvv agtd to TeExov decision step, n omola yivetow yia kdde ypoauun tou
Tivaka eigédov avegdptnta amd Tig vItoAowTeg (instance-wise feature selection).
To TabNet xoncwoTrolel Tnv TOQEAUETEO Lsparse VIO TOV €AEYXO TOV TOGOGTOV TwV
un Undevikwy YORAKTNELGTIKWY, n oJtota divetal aItd tny eElcmon:

D XK M fi] log (M [i] + )

I—sparse = N B
i=1 b=1 j=1 steps

(1.6)

0mov  elvon €vag TTOA) WKEOS aBudS TTov TTEOGTIfeTON yloo aELOUNTIKN GTO-
Yepdtnra.[19]
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H kMuoka Prior P[i] viodeikvier tn ypnon kdde yopoktnoiotikoy oto deci-
sion steps TTov €yxouv JrEonynbel kol evnuepovetol e kdde decision step agtd Tnv
eglowon 3.7, 6Tov To  elvanl wa TaEAUETEOS xaldpwong. T = 1 emiPdAdeTon
OTL kAde xoEAKTNELGTIKG Ja yoncwotonbel akEPOS Ge €va GTddlo amTdEacng, evd
ueyaAUTeEEES TWES TTaREXOUVV avticTotyn gveMéia atn dradikacio eTTAOYAS XOLQOK-
TnEwoTik®v. H kMuaka Prior agywoztoleitar atnv govdda katd tnv €vapen tng
ekTraidevong.[19]

Y
Plil= ( M[jD A.7)
j=1

P[0]=1°P

H exmaudevuévn udoro M[i] toAlastiacidceton ue tov TavueTth eteédov X RE P
TIQOKEWEVOU VO TTRQOKVWEL O OQALOS TEVGOQOS UE TO ETLAEYUEVA YOQOKTNELGTIKA
TOV TEEXOVTOS PALATOC ATTOPACGNG, O 0TIOl0G GTn GUVEXELD elgdyeTan Gtov Feature

transformer.[19]
Attentive
transformer

|

@—-

¢

l
o

xewasleds

Ewkéva 1.3: Ecotepiki Sourt Tou Letacynuatiotn tpocoyng tov TabNet.

1.2.3 Egunvevcwdtnta tov uoviéAov

H Mdoka kdde decision step emmAEyeEL TA TTLO GNUAVTIKA XOQOKTRELGTIKA TTOU
otn Guvéxela aguuuetéxouv oty tagwéuncn. To Pdpos My [i] ekpedier tn cuupe-
oy Tov j ° yoeaktnEleTikov Touv b ° Jelyuarog, wov cuuPoliteton ue fyj, oTnv
TeEMKN aTté@acn tov woviélov. H ekmtardevpévn mtAéov wdoka kdde otadiov as-
@aong elvon Stabéoun uetd to T€Aog Tng ekmaidevong, TEOGdISovTag GTo LovTEAo
ToTikn gpunvevcwdtnto (local interpretability). Adyw Tng un-yoouuwkng emegep-
yaciog Twv YoQaKTNELGTIKOV Ge kdde decision step, asawteiton wa wedcbeTn Si-
adwacta TEoKkeWévoy va vTToAoYlGTEL N onuavtikétnta Twv fhj yia 6AékAngo to
uovtéro.[19]

H kabBoAikni epunvevouotnta (global interpretability) Touv TabNet emttuyydve-
Tl WEGM YEAUULKOU GUVELAGUOU TV WOGKWV Twv eTTouépoug decision steps. ITio
ouykerQweéva, to TabNet TToGOTIKOTTOEL TRV GUVOMKA GUUUETOXN KADE XOQOKTNOLG-
TIKOV GTOLG@L{OVTOLgF',rOV e6A0 kdde decision step gtnv ek TTEOPAeYN, UEG® TOL
cuvtedeotn pfi] = (ReLU(dyc[i]) yia va 8nAdcel tn GuvoMki Guvelgpoed Tou
Setynarog b gto Bnua amépacng i, ‘Otav o téveopas dpc[i] éxel uévo agvntikég
Twés, kavéva ctoyelo Tov I ° emarédov amd@acng dev GuuPdAlel GtV TOE-
wouncn. H ydoka tou TeoKUTTEL yio Thv kobBoMkn gpunvevciwdtnta tov TabNet
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vIoAoyiceTan U€Gw Touv TOAAATTAAGLAGUOV TnG pdokag kdde Pripatog ye Tov av-
tloToo cuvieAeaTn PapuTntag p|i] (ﬁgiowcn 3.8). H kavovikottoinon g Magg b
amoarteliTar Oote va StacpaMatel Tl J-Dzl Magg b;j = 1.[19]

Pu.t . .
M _ a7 bliIMg]
agg bij = Fp FNgeps
j:

(1.8)
1= o[IM®; ]

1.2.4 AQ)lTteKTOVIKR TOU AITOK®IIKOTTONTN

H e{co8og tov amokwdikoTtonti Tov TabNet efvar n agretkdvion touv aQylkov
Tivaka €166d0v, WS TEOEKLYE aTd Tov KwdkoTonth, SnAadn to ddpolcua
TV SlovuoUATOV TOV €60V OAwV TV BnUdtov aTté@acng Tov kwdkostonti. O
aTtok®SkoITONTAS Yenawottolel Tov Feature transformer kdde Prigatos astdpacng
Yl vo. ovacuvIEGEL T XOQRAKTNELOTIKA KoL TEMKA €£AYEL TOV OVOKATAGKEVAGUEVO
Jrivaka €16660v.[19]

Encoded representation

Step 1 Step 2
Feature Feature

1 1
1 ]
] 1
1 1
] 1
] ]
1 1
! transformer | ! cue
] 1
1 1
] 1
] 1
1 1
I 1

Reconstructed
features

Ewoéva 1.4: ApyltekToViKiA TOU amokwdikogtonti Tov TabNet.

1.3 YAkd kot uedodou

1.3.1 Aedouéva

Mo tnv ekmaidevon Tov woviéAov yencwottomfnke to cet dedouévmv [3] To
omoto eivar Srtabécyo agrd To UCI Machine Learning Repository aité to Ilavemigtn-
wo tng KaMpdpvia cto Ippdw.[23] Ta Sedouéva reprAaufdvouy YOQOKTNELGTIKA
oV €Youv g€axOel ATTO NYNTIKES KATAYQOPES Pwvig 188 acBevav Tou €rouv diay-
vwoBel ue ITdpkivaov (107 avdpmv kow 81 yuvaikov) pe nlikieg uetagd 33 kol 87
etV (65.1%£10.9), ta omoia GLAAEYONKAv aTtd tov Touéa NevpoAoyiag tov Cerrah-
pasa Faculty of Medicine tov ITavemotnuiov tng Kwvetavtivoistoing. Xto dataset
€xouv mEoaTedel YaEAKTNEWGTIKA aItd 64 vyt dtoua (23 dvdpes kaw 41 yuvaikeg)
ue nAkiegs amo 41 éwg 82 €tn (61.1+8.9).

Kdde dtouo mov cuuuetelye otn Snutovgyla Tov dataset e£eTAGTNKE AQYIKA AITO
TO LOTEWKO TTROGMTIIKG KOL GTN GUVEXELOL TO PWVAEV /a/ NXOYQAENONKE TEELS POQEEG,
ue T GUYVATNTA TOV WKEOPHOVOL va €xel oplatel ata 44.1 kHz. ‘OAol o1 guuuetéyov-
TEG EVNUEQOINKAY GYETIKA e TNV GUALOYI TV Sedouévmwv kol guuueTelxav eBeAov-
TIkA oTnv Stadikacio akoAovddvTos Toug kavovicuovs tng Emitporting Hbwkng
KMavkric “Epevvag tov IMavemigtnuiov Bahcesehir.[3]

Y10 XOQAKTNEIOTIKA TreQLAaUBAvovTaL BAGKA XOQAKTNEIOTIKA NYNTIKOV cnud-
TV, YOEAKTNELOTIKA cuyvdtntag (time frequency features), cuvteAegtéc Mel-Freque-
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ncy Cepstral (MFCCs), x0oKkTnloTIkA @OVNTIKOV x0edwv ( vocal fold features), ka-
YOG KoL ETMITAEOV YORAKTNELGTIKA TTOV TTROEKMPOAV LE XENON TOV UETAGYNUATIGLOV
tunable Q-factor wavelet transform (TQWT) sov oxetitovton ue tnv deuelmddn
GUXVOTNTO TOV @OVIEVTIOV TTOU KATAYEAMPNKOV Kol TTRoTdOnke aitd tov Sakar ko
Toug cuvepydtes Tou [3] Ta xOEOKTNELGTIKA Ttou TTEodkLWaV Yo kAde delyua
KOVOVIKOTIOMONKOV €16l WGTE vo €x0Uuv Undevikn uéon twn kol povadiaio Sioc-
T0QA.[3]

1.3.2 Awdwkacio ekgtaidevong

INa tnv ekmaidevon touv poviéAov yoncyotoovue tn uédodo leave-one-subject-
out (LOSO) cross-validation. XUyKekQWEVO TTEOYLOTOITTOLOVVTAL OVEEAQTNTES €K~
mawdevoelg {oec ue tov aud Twv atdéuwv Touv TreplAaupfdvovton Gto dataset,
010V e kAVe eTmavdAnyn gtagadelTteTon kol arrd €va dtouo (ta Tela delywota
7oV aviakovv ge awtd). Ta delywata avtd astoteAovv To test GET yla TOo UWOVTENO
Tov ekTadeveTanl ekefvn tn otiyun. Ilpokewévou va Trepuopatel To TTEAPANUA
TOU Un 1GoEEOTNUEVOL alduol vyeltwv-acdevov cto dedoudva, arkolovbolue tn
uédodo ouadoTonpévwv Tagvountov (ensemble classification). ITo Guykekguéva,
ueTd aIrd tnv apaipeon Twv Selyudtov JTou da xenowosonbolv yio Tov €Aeyxo
yevikevong tov uoviélov, Ta vTmolowgto delypota yweitovtor e U0 eTWEQOVS
datasets. Ta Selyyata Twv vyelwv cuuuetexdvinv TreQuAaufdvovtor kot gta o
datasets, eved ta Selyuata Tov acBevav pe IIdpriveov wolpdgovton 6e avtd €€ {Gov,
ue Tuyolo IO, dtacpaiitoviag 6Tl Ta Tela Selyuata kdde GuUUETEXOVTA TTEQLA-
aupdvovtor gto (8to vItoguvodo. Ta dataset oL TTEOKVTITTOVV GUVEXICOUV VA £XOUV
ueyaAvtepo aliud acbevav, duws xweitovtag to aQykd dataset Ge TmeQLGGATEQA
TuAgoTo TopaTnERdnke 0Tl dev LVITREXAV AEKETA delypato yio Tnv ekTtaidevon Tou
UOVTEAOU.

Metd tn didomacn tov agykov dataset e V0 VITOGUVOAQ, KABEva aTtd avtd
ywplotnke Trepautépm ce train kow validation cet. To validation cet astoteAei-
T kAPe oEd amd Tuyxala emdeyuéva delyparta, Stacpalitovtog kal TAAL 6Tt Sev
vTtdeyovuv delyuata Tov (Slov atdéuov GTo train kot to validation et ®GTE TO LOV-
T€Ao va Taaueivel auepdAnitto. EmumrAéov, to validation cet kdbe tagvounti
elye mdvta (6o aBud vyelwv-acdevadv kal To uéyebog Tov NTaV €vo GUYKEKELWEVO
TOGOGTO TOU GUVOAOL TwV Seyudtwv Tou Tagvountin. Ta vmdéAoura delypata
yonowogroribnkav ywa tnv ekmaidevon tov uovtédov. To validation cet ypenot-
uogrorifnke emiong yio tnv QUIUION TV VITEQ-TTAQAUETQWY KAl TNV SIOKOTA TNG
exkmaidevong Tov TabNet Trowv Eekvigel to overfitting. Avutn n uédodog StaywElc-
uov Sraceaiitel dtL oL ensemble Tagvountéc €xovv validation set Tov aTTOTEAOVVTOL
aTto SLapoEETIKA Selyuoto SlapoRETIK®OY ATOU®Y, TToU Ge avtifetn TepiTttwon Ja
odnyovce Ge un apueEOANITTO LOVTEAQ.

Ytnv grapovca SitAwuotiki gpyacia yoncworoleitow n vAogtoinon tov Tab-
Net tng Google Al ce PyTorch, n omola eivow SwaBéciun otn ceAida [24]. To
Pytorch-TabNet agtoteAel AoyiGuikd avorytol k®dika TTov dnutoveyndnke asod tnv
Dreamquark, ue k0plovg guvteleatés GTo €pyo toug Sebastien Fischman, Eduardo
Carvahlo Pinto kow Bazire Houssin.

Apykd, ToayuatoTtoicaue QUIUION TV VTTEQR-TTUQAUETQWY XENGLLOTTOLOVTOS
™ uédodo avacntnong mAgyuatog (grid search). Ilap’dAa avtd TTapatTneidnke 4T
dev vTTNEYE GNUAVTIKA UETAROAN LETAEY TV TU®WV TTOV GUUTTEQLANEONnKAV GTo grid
search set, €TTOUEVMOC OL TWWES TOV VITEQ-TTAQAUETEWY KABOQIGTNKAV KAl TTAQEUELVOLY
oTO0gEES KATA T SLdKeld TG EKTTALSEVONG MGTE VO TLEQLOELGTEL TO VITOAOYLGTIKO
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KOGTOG avd exkItaidevon yia To gUvolo Twv cuuuetexoviwv oto dataset (IIivokag
1.1). TéAog, AOyw Tng TTEOGINKNG TOv €ALyXOL TNG TTaQAUETEOV seed ylo ThV €K-
Taibevon tov Pytorch-TabNet yia AGyoug eTTavoANPUdTNTOS TOV ATTOTEAEGUAT®YV,
TEAYULOTOTTONONKAY SOKWES TOGO Ue GTafepn 6Go Tuyala TR Yo TNV TTOQAUETQO
QUTN.

ITivakag 1.1: Emleyuéves Twéc yio Tig viteQ-mapauéteovg tov TabNet.

Ymep-mtapdueteog ‘ ‘ Twn
Ng 8

Ny 8

Nsteps 1

batch_size 64
virtual_batch_size 32

gamma 1.3 (default)
Nindependent 2

Nshared 2
lamda_sparse le 3 (default)
learning rate 0.01

scheduler_params

fstep_size : 10;gamma : 0:9q

patience

40

1.3.3 Efaywyn teov weopAipemv

TOVU UovtéAov

To TabNet €xel tn duvatdTnto vo e£dyel AITOTEAEGULATA Yo TRV TASvouncn tdGo
Ge duvadikn 6Go kow TrBavoTki woeen. Ilpokewévou va avgnbel tn Gtabepdtnta
KOL TNV OELOTILGTIOL TOU UWOVTEAOV, ATTOPAGIGOUE VO TTQOYULATOTTOGOUVUE TEYVIKIL
soft voting xenGLoITOLOVTAS TG TTEOPALWELS TTOAVOTAT®Y aTtd TOuS ensemble TOEL-
VOUNTEG KAL GTN GUVEYELOL VO UETOTREWPOUUE TO ATTOTEAEGUA GE SLASIKN LOQETL.

TéAog, axkolovdovtag tn uédodo TTOUL YENGLWOTTOElTOL GUXVA GTNV £QEVVO. YO
TV Togvéuncon atouwv e vylels kol vogouvteg pe IIdpkiveov uéca agtd nynTikég
KOTAYQAMES PWVAG, vIToAoylcaue pio TEoPAewn avd cuuuetéyovta pue pdcn tnv
mAelopneio (majority voting) Tov LoV detyudtov Tov TTaQEl)E.

1.4 AgstoteAécuata

1.4.1 Tag&vdéunon ue yenon tov TabNet

Y& avutn tnv evétnto JToQovcldcovtar ta attoteAdécuata tov TabNet yio tnv
Tagwvouncn acbevav ue Idpkiveov kor vyewwv detyudtov. o kdde Telpapa Tou
TEAyULoTOTTOMONKE, VITOAOyloaUue TIC €TAEYUEVES UETEKES Yo kAde Selyua wg
avegdeTnTn SOKWAGTIKA TTepimTmaon. AkoAovBdvtag tn uédodo Tov Yenotwotolel-
Tl GUYVA G TTOEOUOLES €pevveg GTn PLBALOYEAPia, TIEOYLOTOTTONGALE ETTIGNG Y-
ool katd TTAstoYnEia TV TELOV Stbéciumv detyudtowv ylo va KAVOUUE Lol
TEMKA TTEOPAeYn ylo kKdde cuuueTéyovta apol kdde ATolo TTov TTREE UEQEOS GTn
ueAétn Taeiye Tl SLOUPOPETIKES NYNTIKES KOTAYQAPES POVAG.
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1.4.1.1 BéATioTO aItoTeEALoUATA TAELVOUNGNG

H Ewkdva 1.5 mtapouvctdiel To KAAUTEQO QITOTEAEGUATO TIOU JTROEKVPAV OAITO
v agoAdynon tng ikavotntag yevikevong tov TabNet ue tn uédodo LOSO cross-
validation. ITio cuykekQwéva, To LovtéAo oplotnke pe Bdon TiC eTMAEYUEVES VIT-
eomapaustoouvs (Ilivakac 1.1) ue to puéyebog tov validation cet {Go pue to 10% Twv
GUVOMK®V Setyudtov exkTtaidevong kdde ensemble Tagvounti.

0.992 0.997

J 0.989
104 (g5 0-972 0.980 0.956 0:973 0.043 0:969 0.968 0.981
0.8 4

0.6 4

0.4 4

Predictions
B samples
[0 subjects

0.2 4

0.0 -

o
&

Ewdva 1.5: AmroteAéouato tagivéunong touv TabNet yio kdde cuguetéyovra otnv €pevva,
GuvuTtoAoyitovtag To TEla delylata NYNTKOV KOTAYEAE®Y @®VAS TIOU TTAQElXE.

Confusion Matrix
HS PD

HS 181 11

Actuals

PD 25 539

Predictions

Ewdva 1.6: ITivakag gvyyxvong (confusion matrix) tov oIToTEAEGUATOV TOEWVOUNGNGS YLl
kade Selyua.

To TabNet moayuatomoince tagvouncn ue akpifeia 95.24% ywo ta Selyuata
kot 97.22% ywo to dtoua cguvumoloyitovtag ko to Tela delyuotd tovg. ‘Ocov
a@od Tis VITOAOLTTES UeTEWES Tou TabNet, Ta agtoTEAEGUATA TOV TIEOPAEWE®Y OVA
dtouo nitav 98.92% precision, 97.34% recall, 96.88% specificity, 98.12% F1-score
ko 92.83% MCC, ue Tic avticToueg TWES va elval eAa@EMS XaunAdTtepes ylo tTnv
TEQITTTOON TOV Uewovouévey Setyudtov. ATd ta 64 dtouo otnv oudda eAEyyou,
2 tagwounbnkav AavBacuéva wg acbevels ue IIdpkivoov, eved 5 dtoua TTOUL Soy-
vaooTnkav ue véco tou Ildekiveov aitd Toug ylateovgs Tagvoundnkov AavBacuéva
wgs vyin (Ewkdéva 1.7).
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Confusion Matrix
HS PD

HS 62 2

Actuals

PD 5 183

Predictions

Ewdéva 1.7: ITivakag cvyxvong (confusion matrix) Towv amotedecudtov tagvéuncng yo
kdde cuuuetéyovta guvuTtoloyitovtag Ta Teia Tov defyuata.

1.4.1.2 EmAoyn viteQ-mwaQauiTomv

Yug Ewkoveg 1.8 kar 1.9 gaivetor n petafoin otn uéon aimodoon Tou QOV-
TEAOU VIO TIG EVOEIKTIKES TTEQLITTWGELS OTTOV Y ENGULOTTOLELTOL ORYLTEKTOVIKA €VOG
Kow TELWV decision steps. ZUU@wva Ue To agtoteAécuata, n xenon wag Badvtepng
QEYLTEKTOVIKNG (ue TElo decision steps) e€lye wg ATTOTEAEGUOL ULOL WKEN TTTWGN GTLS
uetekés Ttov TabNet. To yeyovdg avtd da umopoice va elval GuvéTtelo Tov €€-
AEETIKA WKEOV GUVOAOL Sedouévmv Tov dratiBevtor ylo Tnv ekTaidevon Tov Lov-
TéAOV, KABWGS Ta ueyoAvtepa LovTEAQ ypeldcovtol ueyddo dyko Sedouévmv yia vo
eRTTAUSEVTOVV eTTaEK®DS. To (8o amotédlecua TTapatnendnke otav alldgoue Tig
VITEQTTARAUETEOVG TTROKEWEVOL va. Snyutovgyncouvue €va o gUvheto pwovtédo. Ta
TO AOY0 OUTO SLTNENGOUE TNV ORYLTEKTOVIKA TV WOVTEA®YV OGO TO Suvatdv TTLo
aTtAn, pe €va decision step, SVo avegdptnto ko SVo Kowvd emiTTedQ ATSPAGNS YLOL
Tov Feature transformer kou uiked batch sizes.

ITpokewévou va dtacpaMatel 4Tl To U€yeBog TV GET TTOV XENGYOTTONONKAV Yo
To validation Sev emtnpéace TNy €IAOYA TOV VITEQ-TIAQAUETEWY, GUUITEQLAAPALE GE
OUTES TO TTOGOGTS Twv SetyudTmv Tov xenowottoinge to TabNet yia to validation.
To wovtélo dokwdotnke pe ueyédn yio to validation set (ca we to 10%, 20% wou
30% Twv GUVOMK®V SelyudTwv ektaldevong kdde ensemble Tagvountri. MikES oA~
AOYES GTIG TTARAUETEOVS OBNYNGAV GE EAAPEMS VYNAOGTEQES N XOUNAITEQES UETOLKES
GXETKA Ue Tnv wavotnta yevikevong tov TabNet. Q61660, 0TTWGS avamEpdnke TTQO-
nyovuévme, aTo@acicale vo unv yenowotomcovue grid search yio tnv emAoyn
TV VTEQ-TLOQAUETEMWV KAl oplicaue €€ aEXNS TIC TWES £TGL WGTE VO UELWGOVUE TLS
VTTOAOYLGTIKEG OVAYKES TG eKTTALdELGNG.

Mo kdde cuvdvaoud Twv VITEETTAEAUETEWY GTo grid search, erravaldfaue tnv
LOSO cross-validation ekitaidevon T€GGEELS N TEQLGGATEQRES POEES, TTQOKEWEVOU
va €xouvue wa yevikotepn ektiuncn tng amdédoong tov TabNet. Xtic Ewkdveg 1.10,
111 ;wapovaidcovtal Ta box plots Twv ATOTEAEGUATOV TALWVOUNGNS XENGLLOTIOLMV-
TOG OQXLTEKTOVIKI €vAS Kal TELWV decision steps. H avénon tng moAvitAokdtntog
TOU UOVTEAOU elye w¢ amoTéAecua AydTeQo €VEMGTOVGS TAEWOUNTES UE WKQEOTEQES
U€oeg TWES KAl LEYOAVTEQES SLOKVUAVGELS GTIS UETELKES UETAEY TV LOVTEAWMV TTOV
ekTTaUdeVTNRAV UE TIS (BlEC TTAQAUETQOVG.
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Ewoéva 1.8: AmoteAéoupata tng tagwouncng tov TabNet ue éva decision step kot Siopoee-

Tikd ueyédn validation set.
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Ewkéva 1.9: AmroteAéopata tng tagvéuncng tov TabNet ue tpla decision

Tikd peyédn validation set.

34

steps kot Stopope-



I
1.00 Validation ratio |
E L — 0.1
i _ ik
L — 0.3
= =2
=
0.95 % - EE;
1 - L
0.90 — J
0.85 —l
0.80 aE
- i
S
Q@d ‘z&o %oo& @QG '@0&\ @0& . %é’ié
& < & * &
> M) K

Ewova 1.10: AmoteAéouata tng Ttagvéuncng tov TabNet e wopen box plots ye €va decision
step ko SiapoeTikd ueyédn validation set.
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Ewova 1.11: AmoteAéouata tng tagvouncng tov TabNet ge popen box plots pe tpla decision
steps kol dtapoeTikd peyédn validation set.

1.4.1.3 M£9060¢ agkottoinong tov TabNet

'Ontwg avaeéednke srponyouvuévmwg, n vAomoincen tov Pytorch-TabNet srepuiayt-
Bdver Tov xelporivnto KABoELGUO TG TOQAUETEOV seed Yol TRV OQXKOTIOMGN TOU
UOVTEAOV, TTROKEWEVOL VO SLAGEAMGTEL N ETTAVOANYUOTNTA T®V ATTOTEAEGUATMV.
AauBdvovtag véywny 6Tl To GUVOAO Twv dedouévav yweitetal Tuxola e eTTWEQOVS
dataset yia Toug ensemble Tagvountéc kou uetémerta ce validation ko test Get,
TTEOYULOTOTTONGAUE OQLGUEVES ETTLTTAEOV SOKIWES WGTE VAL EKTWNGOUUE TNV €ITidpacn
TNG €IMAOYNGS TwV SelyudToVv Tou aTtapticovv To validation set gtnv amdédoon Tou
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TabNet. To uéyeBog tou validation set opiotnke 6to 10% Twv deryudtwv kdde
ensemble tagwountin. Ta Selyuata kdde validation set emiAéydnkav tuyala, Oi-
ac@aMzovTag GTL VITREXE TTAvTa (Gog aEOudg aTtd vy dtopa kot acbevelc ue
[Tdekwoov. H Ewkdéva 1.12 wepidappdvel ta aroTteAéoUaTa TAEVOUNGNS TV Teop-
AMypewv tov TabNet ue gtabepd kot Tuxala emAeyuéva seed ylo Tnv aQykoItoingn
kdVe povtédov tng LOSO cross-validation. To amotedéouata vITodetkviouv OTL
To validation GeT TTOU €TMAEYETOL £TTNEEALEL TNV IKAVOTNTA TOEWVOUNGNS TOU UOV-
TéAov, Aaupdvovtag vtéyn 6Tt To TabNet SraBéter TAREN eTTAVAANPUSTRTO YLOL
GUYKEKQWEVIL T TNG TToQAUeETEov seed.

‘Otav n wopdueteog seed emiAéyetan tuyaia yia kdde povtédo katd tny LOSO
cross-validation ekgaidevon, n amddoon Touv LOVTEAOL GGOV APOEA TNV eVEWGTIO
KO TNV akeifela Tov TeoPAéwemv TTotkiAAeL onuavtikd. Iia wapddetyua, n akpifeto
(accuracy) kvpaiveton uetagd 91,4% ko 94.31%, evdd oL TWES AAADV UETENGEWV GTTOG
T0 MCC Swapépovv €mg kar 6.85%.

constant seed

0.975 é % random seed

0.950 = é

0.875 1
0.850 1 :
0.825 1

0.800 A

0.775 - T T T T T T T
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Ewkdva 1.12: Box plots Twv TteoPAéywemv yio Ta delyuata ye grodepn kor tuyxala emieyuévn
Taedueto seed yio tnv agykottoingn tov TabNet. To uéyedog tou validation set opigtnke
oto 10% twv Seryudtov kdde ensemble tagivountn. Ta delypoato Jrov Trepuiaupdvovtav
oe kdde validation set emAéydnkav tuyaia, ue thv TTEOUTGVeon Tl LTTAQEYXE TTAvVTA {GOg
apuuds agtd vy dtoua ko acdevels ue IdoKrivoov.

1.4.1.4 Feature reduction

O Sakar kar ot cuvepydteg tov [3] Snutovpyncav To ueyaAlTeQo €wS AUTR
™ oTyun gUvolo Sedopévwv yia tnv tagvéuncn tov Parkinson agtd nyntikég
KOTOYQOPES PWVAS TOGO ™S TTEOS TOV 0QLOUd TwV GUUUETEXOVT®WV OGO KoL TMOV
XOQOKTNELGTIK®OV, Ue To dAAa Swabécua dataset va TreQiéxouv Aydtepa atd S50
XOQOKTNELGTIKA. XTO TeAevtalo U€EOS OUTAC TNG TToAyEdEov, TreQAaupdveton
n diepevivnon tng emidpacng Touv aykol aQLOLoV YOEAKTNOLGTIK®V UETAEY TwV
ommoiwv To TabNet kaleltar vo eIAEEEL TA TO GNUAVTIKA MOGTE VA TO YQENOL-
UWOTTONGEL Yo Tnv Tagvouncn. o to Adyo avtd, uetwcaue Tov adud Twv YoQoK-
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TNELGTIKWY aItd 753 ce 40 rar 18. Kou GTig¢ dVo TrepuirTcelg, magaleipoue To
UEYOAUTEQO TTOGOGTO TWV YOQEOKTNELGTIK®V, Ol0TnQ®VTAS Wovo ekelva to ottoia
ATov Kowd petagy tov dataset [3] kow dV0 dAAwV, GUYVA XENGYOITTOLOVUEV®V GTN
BipMoypapia, dataset.

To dataset [25] mwepuhaufdver GuvoAkd 195 delyuata ye 18 yapakTnEoTKA ATTd
23 acdeveic ue IIdprivoov kar 8 vy dtoua kol To dataset [26] asoteleltanr At
40 xapartnolotikd agtd 40 acdeveic ue PD kar 40 dtoua ogtnv opdda eAéyyov.
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Ewdva 1.13: Méon T Tov LETEIKOV AgLOAdYNong tng tkavotntag yevikevong tov TabNet
JIOU TIEOEKVYAV OATTO TIS TEOPAEWeLS o Ta Selypato katd tn uelwon Towv agykd Sio-
FEoWmV YOEAKTNELGTIKAOV Tov dataset.
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Ewoéva 1.14: Méon Tiun tov UeTEK®V aEloAdyncng tng tkavdtntog yevikevong tov TabNet
JTOU TTEOEKLWPOV AITO TIS TROPAEWELS Yoo kKGTe cuuueTéxovta KATd Tn peloon Twv aQykd
Stadéciumv xopaKTnEIGTIKOV Tou dataset.

O Ewdveg 1.13 ko 1.14 510,000GLALOUVV TRV GRUAVTIKA TTTOGN TTOU TTOQATNEAINKE
Ge OAEC TIC UETELKES aAElOAOYyNGng tng wkavotntag yevikevong tov TabNet, ka-
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Yog uetdvetar o aEUds v aEykd Swabéoiuwv xaeakTnEloTikey. H axpifela
Towv TEOPAEYewv kdde Oelyuatog perdvetar amd 96% ce 89% otnv meplmTmon
Tov 18 yapoxktnootikdv. Katd tn Sidpkela avting tng @Adong, xenGULOTIOIMGOUE
Tuxoio agykomoincn yia To poviédo kar validation set ue uéyeboc tco ue to 10%
TOU GUVOAOL TwVv detyudtwv ekTtaldevong kdde ensemble tagvounti. Ouv vtep-
TOEAUETEOL 0QIGTNKAV GTIS TWES TTOV avagépovtal gtov [Iivaka 1.1.

1.4.2 Egpunvevcwotnta tov TabNet

To TabNet dnuovgyel katd Tn SidpKela TG ekTTAlSEVONG TOU Wa WAGKO ETTL-
AOYAG XOAKTNELOTIKGV Yoo Kdde decision step, n oroio kaboitel T O Ghuav-
TIKA XOEOAKTNELOTIKA Ta oTtola Ja GUUUETAGYOUV GTn AN AITOPAGE®Y GYETIKA UE
tnv togvéuncn. To poviéAo TTEAyLaTOTIOEl ETILAOYI XOQAKTNELGTIK®OY avd delyuol,
TEAYUO TTOL chnuaivel 6Tl n WAoKO ETNAEYEL TOV KOAVTEQO GUVEVOGUS XAQAKTNQLG-
TIKOV Yo kdde uepovouévo detypa oe avtiBeon ue Tic meELocdTeRes AANES TEXVIKES
uelwong dtactdoewv TTOV AAUPAVOUV AITTOPEAGELS GUVUTTOAOYICOVTAS TO YOQOKTNOLG-
TIKA SA®V TV Slufécmy detyudtwv. Ot udokeg Tov TEOKVITTOUV Ge Kdde decision
step etvan Stabéoes 6To TEAOG Tng ekTaldevong, SIvovtag GTO WOVTEAO TOITIKA
eounvevowotnta.  ABpoltovtags Olec Tig udokeg twv decision steps, to TabNet
dnuovgyel wa LATEA ITTOV GUVOWICeEL Tov PabUd GLUUETOXNS KADE XOQAKTNELGTIKOV
oTnv JTEOPAEYn Touv UoviéAov yia kdde Eexwelotd Selyua. EmmAdov, n guvolki
EQUNVEVGLLOTNTO TOU WOVTEAOV ETTUYXAVETOL UWEGH YEOUWKOU GUVEVAGULOU OA®V
Towv wack®dv. To TabNet stoGotikogTolel TN GUVOMKIL GNUAGIOL TOV XOEAKTNELGTIKWY
otnv Tagwouncn Aaupdvoviag vméwnv Tn GYETIKA cnpaciao kdde PALOTOS GTOV
TeEMKN aTTd@AGN.

[a va stagovcldcouye Ta arotedéouato tng epunvevowdtntag tov TabNet,
ETMALEQUE WO AEXLTERTOVIKI V0 GTAdiwv aIrd@acng Ue g TWES TwV VITOAOLTTOV
vITER-TTaAUETEWY va elvon ot tdieg ue Ttewv (ITivakag 1.1). EmiA&ydnkav Tuxaio 6o
dtoua, éva Stayveoouévo pe voco tou Ildpkiveov (dtopo pe ID 100) kon éva aiwd
Tnv oudda eAéyyov (dtouo pe ID 251). Emiong, mapovcidcovue To astoTeAEGUOTO
oty JrepiTToon 18 aQKOV YOQAKTNELGTIKWY TTROKEWEVOU VoL SLOTNENGOVUE TO
yoaopnuata svavdyvwota. Ov Ewdveg 1.15, 1.16 kow 1.19 apopovv tov cuuuetéxovia
No0.100 kot ot Ewkdveg 1.17, 1.18 kar 1.20 tov cupuetéyovta No.251.

Efvar onuovtikd va onuetwBel 61t To TabNet emmiAéyel StapoeTikd XaQaKTNOLG-
TIKA ue Pdon ta validation sets JTOU XENGLLOTTOLOVVTOL YldL TRV eKITALdELON TOV
ensemble Tagvountv. EmatAéov, n GuvelGpoed Twv YOQOKTNELGTIKOV GTNV TEAMKNA
TEORAEYN TTOKIAAEL GnUAvTIKA, avdAoya Le To av To delyuato e.6d80u aVAKOUV GE
vylég dtouo N oe acbevi pe Idpkivoov. ‘OAa to Selyuata amd avtd Ta dvo dtoua
Tagvoundnkav cwotd amd to TabNet.
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Ewdva 1.15: Mdokeg €TMAOYAG YOQAKTNELGTIKMOV YO TOV GUUUETEXOVTO TOU VOGel aTtd
IIdoxivoov (ID:100).

Ewdva 1.16: MATeo emeEnynctdtntag yio Tov Guuuetéxovia tov vooel agtd Idprivaov
(ID:100).
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Ewéva 1.17: MAokeg eTMAOYAG YOQROKTRELGTIKOV yid Tov vy cuyuetéyovta (ID:251).

Ewkdva 1.18: Mntpa emeEnyncudtntag yio Tov vy cuuuetéyxovto (ID:251).
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Ewoéva 1.19: XuvtedeGTéc GnUOVTIKOTNTAC/GUUULETOXAS TWV XOQUKTNEIGTIKOV GTNV TOE-
wouncn yio Tov Gugpetéxovto sov vooel amd Idekivoov (ID:100).

Ewoéva 1.20: XuvtedeGTéC GNUOVTIKOTNTOC/GUUUETOXNG TV YOQOKTNELGTIKWV GTNV TOE-
wounon yio Tov vy guuuetéyovta (ID:251).
1.5 Xvtntnon

Ytnv BipAtoyeapia tepiiaupdvovtor srolvdobues uedéteg (Ilivaxkag 1.2) oxetikd
ue tnv tagwéuncn acbevodv ue I1derkiveov kol vyeldv atéumy ue BAcn Ta xoQaK-

TNELGTIKA TTOU €EAYOVTAL OTTO TIG NYNTIKES KATAYQEAPES P®VAG. XUUE®VO (e T
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agroteAéouata Twv peletwv, ol uédodol Touv Jda xencipoitotnfovv yio tnv eTmAOYI
TOV KUELOEYX®WV YOQEAKTNELGTIK®V KAl Tnv ekTtaideuon twv WoviEéAmv Gxeticovtol
dueca ue tnv axkeifela kow TV agloTmotio Twv TeoTtevdueveov cuatnudtowv. To
dataset [3], OV xEnGWOTONONKE YLO. TOUS GKOTTOVGS TNG TTAROVGAS OLITAMUOTIKAG
epyaoiog, agrotelel To ueyalitepo eAevBepa TTEOGRAGWO GUVOAO Sedouévwv €mg
ouTn v otyun. AAAa Guyvd xenctuogtorovueva Kot Stabéciia givola Sedouévmv
efvar 1o [25] mov TepAaupdver cGuvolkd 195 delyuata ewviac amd 23 acbevelg
ue Idprkwoov kow 8 vywi dtoua, to [27] mwov amoteleltan amd 20 acBevelc ue
[Tdprwvoov kaw 20 vy dtoua ko To [26] ue 40 acBbeveic kouw 40 vyieic.[3]

OpLouéveg BIBAOYQAPIKES UEAETES £XOUV TTAROVGLAGEL LOVTEAD TOEWVOUNGNGS TTOV
ETMTUYXAVOUV GWOTA Sldyvwon Ge TocoGTd Tou Trpoceyyicovvy to 100%.[3]. O
Tuncer kar oL GuveEYdTeS TOU TAQOVGLAGAV €va VEO GUGTRUOL £E0VWYNG YOLQOK-
TNELGTIKWVY Paciouévo atn uédodo multiple pooling. Xencuyotoingav TOAAOUGS TOE-
WOUNTES Yo Vol AELOAOYRGOUV TNV IKAVOTRTO SLAKELONG TV VYLV OTOU®V aItd
Toug acbeveic ue IIdprwvoov, @tdvovtag akpifela 97.62% xENOWOTTOLOVTOS TOV
Tagvountin evog stAncléatepov yeltova (INN).[28] O Olivares kow ov GuveQydTeg
Tov yencwodttoincav tnv uédodo Bat Algorithmin ce Extreme Learning Machine
(BA-ELM), ue agtotédecua puéytatn akeifeia meopfAédwewv cto 96.7%.[29] Xe wa
AAAn uedétn yonowottoteitar n texvikn SMOTE (Synthetic Minority Over-sampling
Technique) kat o tagvounting Random Forest emmituyydvovtag 94.9% akpifeia atnv
Ta&wouncon.[30] O tagwountng AdaBoost yonoyottombnke ue grid search hyperpa-
rameter tuning Kol TEO-eMEEEQYAGIO TOV YAQAKTNEIGTIKWV ue Standard Scaler, ue
tnv vypnAdtepn axkeifeta gto 94%.[31] TéAog, atn BipMoypapia avapépetor emiong
Tagwvéuncn ue Wrappers feature subset selection gtov eiye axkeifeia 94.7% ue tov
Tagwounti SVM(RBF).[32].

Q01660, TAEOAO TTOV QUTES Ol UEAETEG, UETAEY AAAwV, avépepav TTOAD LYnAd
TOGOOTA TOagvéuncng, ot texvikég cross-validation mou yenowottoidnkoav aIrd
TOVS Guyyeapeic odnyolv Ge agrtoteAéguota JTov dev elvor aueOANITTA, £PAGOV
vmdeyovv delynata amd to (Sto dtouo Tavtdyedva Gto train, to validation kot to
test oet. H trgnon touv evdedetyuévou TQOTTOU XWELGUOU TV SelyLdTmV Yoo Thv
exkmaidevon (Leave-One-Subject-Out cross-validation) €xelr asoderydel dtL uelwvel
SaUATIKA TIC IKAVOTNTES TAEVOUNGNGS TV UWOVTEA®V.[33]

Optouéveg dnpoactevpéveg uedéteg akoAovBouv Tig KATAAANAES ueBddoug, KaTa-
OKEVALOVTOG €TOL €va aueEOANITTO UWOVTEAD TOGO Yia Ta GTASLOL ThG ekTTaldevong
0G0 kol TNG agloAdyncng tov woviélov ato test cet.[3] H xorion Gradient Boosted
Tree (GBT) ue PBdpog (co i ueyadvtepo amd 9, odnynce ce 92% accuracy, 94%
Fl-score koau 78% MCC.[34] O Sakar kow ot Guvepydteg Tov ypenaiuoTtoingav emiong
LOSO cross-validation yio tnv agloAdyncn Tng kavOTNTAS YEVIKEUGNGS TOU WOV-
TéAOoV TOvg, eTiTVYYAvovtag 86% accuracy, 84% Fl-score kouw 59% MCC ue tov
tagwvounti SVM(RBF) kar tov adyoptBuo mRMR yia tnv emmdoyn towv RaAAVTEQWV
50 xaparktnEeTikwv.[3] TéAog, o H. Gunduz Snutovgynce €va CNN 9 emigtédwv
emrtuyxdvovtog 86.9% accuracy, 91.7% Fl-score kar 63.2% MCC.[35]

Efvow onpavtikd va onueinbdel mwg, dedouévou o1t kdde vitokeipuevo tng ueAétng
Topelxe telo Selypata, ov TeQLoadTepes ueAétes mov yonoyottoovv LOSO cross-
validation avagpépovv aroteAécuata Paclouéva aTny TEEPAewn Tov LoVTEAOV TOUG
yio kdde ouuuetéxovia, n omola VITOAOYIGTNKE UEG® TIAELOWYNOIOS TV OITOTE-
Aeoudtov Tagvéunong yio to telo emuépoug delyuata kdde atduov. Avtd €xel wg
OTTOTEAEGUOL VO OVEAVOVTOL EAAPE®S Ol TWES TOV UETEIKMOV TIOU TTEQLYQAPOVV TIG
IKAVOTNTEG YEVIKEVGNGS TV UOVTEA®Y GE dyvwaTta Selyuarta.
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IMivarkag 1.2: Amotedéouata Tov TaQovatdcoviar otn PfAtoypapia yia tnv tagvéuncn
aodevav pe TIdeKrvoov kKol VYOV aTéuwv ue xenon tov dataset Sakar et al. (2019) [3] yia
Thy ekIraidevon kol Tnv afloAdYynon Tou eIAEYUELOU LWOVTEAOU.

Author, Year Methods Train/test Best results
split
Sakar et al.(2019) [3] SVM(RBF) LOSO cv | Accuracy = 0.86
F1 score = 0.84
MCC = 0.59
Solana-Lavalle et al. || SVMRBF) with Wrappers feature | 10-fold cv | Accuracy = 0.95
(2020) [32] subset selection
Tuncer et al.(2019) [28] INN classifier with octopus-based fea- | 10-fold cv | Accuracy = 0.98
ture extraction network F1 score = 0.98
Olivares et al.(2020) [29] || Bat Algorithm in the Extreme Learn- | 80 - 20 Accuracy = 0.96
ing Machine (BA-ELM)
Polat(2019) [30] SMOTE (Synthetic Minority Over- | 10-fold cv | Accuracy = 0.95
sampling Technique) and Random F1 score = 0.95
Forest
Anisha et al.(2020) [31] AdaBoost with grid search hyper- | 10-fold cv | Accuracy = 0.94
parameter tuning and preprocessing F1 score = 0.94
with Standard Scaler
Wijaya et al.(2019) [34] Gradient Boosted Tree (GBT) LOSO cv Accuracy = 0.92
F1 score = 094
MCC = 0.78
Gunduz(2019) [35] 9-layered CNN LOSO cv Accuracy = 0.87
F1 score = 0.82
MCC = 0.63
Xiong et al.(2020) [36] Adaptive Grey Wolf Optimization | 10-fold cv | Accuracy = 0.95
(GWO) with sparce autoencoder and
Linear Discriminant Analysis(LDA)
Ashour et al.(2020) [37] SVM(cubic), weighted-hybrid selected | 70-30 Accuracy = 0.94
features that
Yiicelbas(2020) [38] Simple Logistic hybrid system(SLGS) | 10-fold cv | Accuracy = 0.88
F1 score = 0.87
MCC = 0.63
Nissar et al.(2019) [39] XGBoost with Minimum Redundancy | not men- | Accuracy = 0.95
- Maximum Relevance (nRMR) fea- | tioned F1 score = 0.95
ture selection
Bchir(2020) [40] Gaussian mixture model (GMM) with | 10-fold cv | Accuracy = 0.95
mRMR feature selection MCC = 0.70
Proposed approach TabNet LOSO cv | Accuracy = 0.97

F1 score = 0.98
MCC = 0.93
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Yuewva ue To agtoTeAoUaTd TG TTaQoVcas SITTAWUATIKAG gpyaciag, To Tab-
Net vrtepioyvel Twv uedodwv Tou Tepuiaupdvovtor atn PypAloypapia, ue uéon Kot
uéylotn okeifela yioo tnv tagvéuncn kdde Selypatog va @ddver to 94.54% kou
95.24%, avtictolya, dtav xenouomolovvtal OAd To SLoB€clLa YOUQOKTNELGTIKA aITd
670 gUVvoAo Sedouévav [3] kat LOSO cross-validation. O uéceg Kol UEYIGTES TWES
yia Tic uetekés Fl-score kaw MCC ritav 96.31%, 96.77% wow 85.97%, 87.83%, avtic-
ToYa. XTnv TEQITTTmwon TTEoPALYemy Yo kdde cuuuetéxovia, o UEGOS 6QOS KL N
uéyliotn Twn JTtov JTEogrvye ntav 95.93% ko 97.22% accuracy, 97.26% wkar 98.12
% Fl-score, 89.43% rar 92.83% MCC. EmmAdov, n duvatotnto tov TabNet va
ETAEYEL E0OTEPIKA TAL KAAVTEQO XORAKTNELGTIKA Yol Ty Tagvéuncn kdde delyupo-
TOG TEOGUETEL EQUNVEVGLUOTNTO GTO LOVTEAO, WOLOTNTO n oJtola elvor avaykaio yio
TO WOVTEAQ TEXVNTAG vonuocouvng t8taitepa GTov Topéa Tng vyelog ko Sev JTeQLi-
auBAvVETOL GTOVUGS TOELVOUNTES TTOV AVAPEQOVTOL GThV BAtoyeaia.

1.6 XVvoyn kol LEAAOVTIKEGS ETTEKTAGELS

1.6.1 ZXZdvoyn

Yto Aalclo Tng TTaovGas SIITAWUATIKNIG gpyaciac Siepevvinnke n duvatdtnto
XENONG AEXLTEKTOVIKWV Babids uddnong yia thy Sidyvwon tng acdévetag touv IIdrv-
GOV OTtO YOAQOKTNELGTIKA Tou €xouv efaxBel amd nynTikéS KATAYQAPES QWVNAGC.
To Pytorch-TabNet, to omofo ekmraudevtnke ue to Swabéciua dedopdva Kol Tnv
texvikn LOSO cross-validation, cnueiwce kaAlTepeg emdOGeIS ATTO OGOUG TOEL-
vountég avageépovtor gtnv PiAoypapio koar akoAovBncav Tic eviedetyuéves uebo-
dovug ekTtaidsvong.

1.6.2 MeALNOVTIKEG ETEKTAGELS

"Eva amd to onpavtikdtepd CNTALOTO TTou SueyeQalvouv Ty avAITTUENn GUGTN-
uwdtov unyavikng uddnong ywa tnv didyvwon tng acdévelos tov Ildpriveov eivar n
EMeryn dedouévav ekgraidevong, ue To ueyaAtepo Get dedouévwv Tou eivar Oi-
aféoo avti th otyun va sepuiaufdver Ayotepa agtd 800 delyuato Ttou €youv
An@Bel amd 252 dtopa. To yeyovog autd KabLGTA ATTOYOQEVTIKA TRV XENGN TTLO GUV-
YeTwV 0EYLTEKTOVIK®OV, £PAGOV QUTES aTtouTovv ueyaAtepo apud dedoudvwv yia
tnv ekmaidevon tovg. Ilpokewévou va yoncotonfovv UWOvTEAQ pe UeyaAVTEQES
duvatdtnteg elvon atapaitntn n GUAAOYN TEELGGOTEQWY dedouévmwv T6Go aTtd OG-
Yevelg mov mdoyxouv amd tnv acdévela tov IIdervGov 6Go kol aItd VYR GToua.

Ava@ogikd ue tnv puédodo exkrtaidevong tov TabNet, n e€ac@dAion Lo LGYLVEWV
UTTOAOYIGTIKOV GUGTRUAT®V elval amToQaitntn ®GTte vo evoouotodel n puduion
TV VIEQ-TTOQAUETEWV TOU LWOVTEAOU KATA Th Sudpkela Tng exktaidevong. Xonaot-
uwortolvtag tn uédodo grid search yio tnv emAoyn tov BEATIGTOV TWOV YO TIS
eTAeyuéveg vTeR-TToaueTEoVg Tov TabNet efvon TTBOVO var ITEOKVYWOUV KAAITEQN
agtotedécuata tagvounong. IMapdAAnAa eivar astapalitnto va diepgevvnbel n edti-
Spacn tng Tuyalag eTAOYAGS TG TAQAUETEOV seed Twv LovTéAwy dtav To validation
set Jrapauével aTafeEd Katd Ty StdEKela VoS TANQOUS KUKAOL ekTtaidevuong tou
ta&wountn ue LOSO cross-validation.

YIS UEANOVTIKEG ETTEKTAGELS TNG TTOQOVGAC €QEVVAS WITOQREL VO GUUITEQLAN(-
Pel o oyedaouds cuotinuatog Sidyvwong tng vocgou tou Ildpkiveov Baciouévou
Ge €va GUVOAO Sedouévwv aTtd SLOPOEETIKES TTNYES. AVAAUTIKOTEQO, TO XOQOK-
TNELGTIKA NYNTIKOV KOTOYEAMP®OV QP®OVAS WIT0QOUV va GuVLAGTOUV ue Sedouévo
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api ais htrec pou katagr'foun th b“dhsh twn upokeiménwn kaj,c kai ton

trimo kat™ thn ektélesh sugkekriménwn ergasi,n ,ste na prokOyei éna pio
genikeuméno sOsthma taxinimhshc Téloc, to TabNet mporeD na ekpaideuteD me
gronoseirec api biometrik® dedoména pou éqoun sugkentrwjeb api asjenebc me
Prkinson kat™ th di‘rkeia enic dedoménou gronikoO diast matoc . To montelo
baji"c m~hshc pou a prokOyei api aut” ta dedoména a mporeD na epek-

tebnei thn apl duadik taxinimhsh twn newn deigm“twn se ektbmhsh tou stadbou

pou brbskontai ta “toma pou taxinomoOntai wc asjeneBc na axiopoihjeD gia

thn katagraf kai thn parakoloO hsh thc exélixhc thc nisou (telemonitoring
device).
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Chapter 2

Parkinson's disease

2.1 Introduction

In neurology, neurodegenerative diseases are characterized by the progressive and
irreversible loss of neurons located in speci ¢ brain regions. According to studies,
aging is the leading cause of these disorders, with the main scienti cally proven
factors being damage to the nuclear DNA of neurons, increased oxidative stress, and
chronic neuroin ammation.[1] Parkinson's Disease (PD) was rst described by James
Parkinson in 1817 in his publication "Essay on the Shaking Palsy.".[2, 4] PD is a
progressive neurodegenerative disease caused by necrosis of dopaminergic neurons
in substantia nigra, a brain region responsible for synthesizing the neurotransmitter
dopamine.[1, 2] It's the second most common neurodegenerative disease in the elderly,
after Alzheimer's disease, a ecting men and women of all races and social classes.[1,
3]

2.2 Epidemiology

Incidence estimates of Parkinson's disease around the world range from 5 to >35
new cases per 100.000 individuals every year. The variance of the annual humber
of PD diagnoses may re ect the underlying di erences in the demographics of the
populations which participated in the studies or the study methods. Parkinson's
disease is rare in people under 50 years old, although the incidence increases 5¢10
fold from the sixth to the ninth decade of life.[2] The disease aicts nearly 1% of
the population above the age of 60.[9] Youngeonset PD is usually de ned by the age
of onset less than 45 years, and more than 10% of those individuals have a genetic
basis. Additionally, the proportion of genetically de ned cases increase to >40%
when the rst appearance of the symptoms occurs before 30 years of age. The global
prevalence is conservatively estimated at 0.3% overall, and it increases to >3% in
older people (with age above 80 years).[2]

Mortality due to Parkinson's is not increased in the rst decade after the disease
onset. Following the mentioned period, the mortality increases and eventually doubles
compared to the general statistics. The improvement of the health care system has led
to prolonged survival, and therefore the increase of prevalence of Parkinson's disease
over time in a 20+year study. The number of people living with PD is expected to
double between 2005 and 2030.[2, 4] In the two decades between 1990 and 2010, the
years lived with disability and disabilitysadjusted life years due to PD increased. As
a result, as the world population ages, the personal, societal and economic burden
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associated with Parkinson's disease is expected to progressively increase.[2, 4]

In the majority of populations, Parkinson's disease is twice as common in men
as in women, except for few populations, including one study from Japan, where
no di erence or a slight female excess was observed. The protective e ect of female
sex hormones, a sexesassociated genetic mechanism or sexsspeci ¢ di erences when a
person is exposed to environmental risk factors might explain the male preponderance
observed in PD. The incidence also varies within subgroups de ned by race, ethnicity,
genotype or environment. Heritable forms of Parkinson's disease are estimated to
be only 5¢10% of all cases.[2, 5] The interactions between environment and genes
modify the risk for sporadic PD.

The incidence of Parkinson's disease increases signi cantly in individuals exposed
to certain environmental factors, like pesticides and traumatic brain injury, and it is
lower in smokers or ca eine users.[2, 4, 5] Greater dietary intake of dairy products
has also been linked to a higher risk of Parkinson's disease, which might result
from the concentration of toxicants in milk.[5] On the contrary, physical activity and
healthy diets with high amounts of fruits, vegetables and grain are associated with a
lower risk of PD.[5]

2.3 Pathophysiology

The loss of pigmented dopaminergic neurons in speci ¢ areas of the substantia
nigra pars compacta (SNc) in the midbrain and the presence of Lewy bodies and
Lewy neurites in the remaining neurons are the main characteristic features of
Parkinson's disease.[2, 4, 6, 9] Even though these two neuropathologies are not
speci ¢ to PD, they are crucial for a de nite diagnosis of the disease.[2]

Lewy bodies and Lewy neurites are de ned as abnormal protein inclusions, mainly
composed of insoluble assynuclein brils that accumulate in neurons in PD.[2, 4, 8] In
comparison with classical Lewy bodies found in the remaining dopaminergic neurons
of the SNc that are described as intraneuronal, round, eosinophilic inclusions with a
hyaline core and a pale peripheral halo that are always positive for aesynuclein and
ubiquitin, Lewy neurites are abnormal neurites that contain granular material and
assynuclein laments, similar to those found in Lewy bodies.[4] The Lewy pathology
at rst appears in cholinergic and monoaminergic brainstem neurons and neurons in
the olfactory system.[2, 41] During the disease's progression, it can also be found in
limbic and neocortical brain regions.[2] Lewy bodies seem to have a greater impact
on cellular physiology since they appear in later stages of PD.[4] Lewy neurites may
disrupt axonal transport and other vital cellular processes and therefore compromise
neural function and survival.[4]

At the early stages of PD, the loss of dopaminergic neurons is mainly restricted
to the ventrolateral substantia nigra, but becomes more widespread by endestage
disease.[2, 9] According to several recent clinicopathological studies, the loss of
dopaminergic neurons at the early stages of the disease suggests that the degradation
in this region of the brain begins before the onset of motor symptoms.[2]

Mitochondrial dysfunction appears to be essential in the pathogenesis of Parkine
son's disease.[2, 9] The cellular changes observed together in degenerating neurons
in PD could be explained by the existence of a vicious cycle in which mitochondrial
dysfunction and aesynuclein aggregation exacerbate each other.[2] Mitochondrial
dysfunction results in an increase of oxidative stress in the brain of PD patients,
even though it's still debatable whether it occurs early or late during the necrosis of
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neurons.[2] According to research, nigral dopaminergic neurons are vulnerable to
metabolic and oxidative stress for several reasons, including their long, unmyelinated
axons and their autonomous pacemaking activity.[2]

Neuroin ammation is also a salient feature of PD, which may not be the initial
trigger of the disease but is considered a vital contributor to pathogenesis.[2]

2.4 Diagnosis

Parkinsonism is the result of decreased dopaminergic transmission in the motor
region of the striatum with opposing e ects on the direct and indirect pathways.[2]
Clinically, Parkinson's disease is de ned by the presence of bradykinesia and at least
one more cardinal motor feature (rigidity, rest tremor), with additional supporting and
exclusionary criteria.[2] Motor symptoms also include lowerslimb sti ness, weakness
and heaviness with a gait pattern characterized by small, shu ing steps and therefore
reduced velocity. As the disease progresses, gait becomes frequently interrupted by
start hesitation and freezing, especially when encountering doorways or obstacles.[6]
The symptoms are typically unilateral at the beginning of motor dysfunction, and
the asymmetry persists during the disease.[2]

Except for cardinal motor features, most PD patients also experience nonemotor
symptoms, which involve a variety of functions, including sleep disorders (sleep wake
cycle regulation), cognitive impairment (frontal executive dysfunction, memory ree
trieval de cits, dementia, hallucinosis), disorders of mood and a ect, autonomic
dysfunction (orthostatic hypotension, urogenital dysfunction, constipation, hypere
hidrosis), sensory symptoms (hyposmia) and pain.[2] Some nonemotor symptoms
appear years or even decades before the onset of classic motor ones.[2]

In a longsterm study with subjects that had been diagnosed with Parkinson's
disease over 20 years ago, dementia was present in 83%, hallucinosis in 74%,
symptomatic orthostatic hypotension in 48%, constipation in 40%, and urinary
incontinence in 71% of those patients.[2] At later stages of the disease, PD features
included treatmenteresistant motor symptoms, such as freezing of gait (81%), postural
instability and falling (87%, with fractures in 35%) and choking (48%).[2]

Although the clinical diagnosis of patients with classic motor features of Parkine
son's disease is relatively straightforward, error rates for the clinical diagnosis
approach 20% at an early stage of the disease, even in specialized centers.[2] Clinical
trials and observational studies mainly focus on the progression of motor impaire
ment as classi ed by the Uni ed Parkinson's Disease Rating Scale (UPDRS), which
is the most common scale for monitoring motor disability associated with PD.[2]
The accuracy of clinical diagnoses of PD can be improved by the strict use of
standard clinical criteria, such as the UK Parkinson's Disease Society Brain Bank
(UKPDSBB).[2] Available diagnostic tests that can be used for PD diagnosis include
imaging (visualization of striatal dopamine depletion with PET, SPECT or MRI
techniques), genetic tests, and cerebrospinal uid and blood tests.[2]

2.4.1 Vocal disorder based diagnosis

The vocal disorders associated with Parkinson's disease are considered critical
since they usually precede motor symptoms in 90% of PD patients at the early stages
of the disease. The most common vocal disorders include dysphonia (defective voice),
hypophonia (reduced volume), monotone (reduced pitch) and dysarthria (di culty
with articulation).[3, 32] Vocal features are often used for speechebased telediagnosis
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of PD using machine learning and signal processing techniques, because the method
is noneinvasive, low in cost and su ciently accurate.[32] The most common ones are
vocal features known as baseline features that include jitter, shimmer, fundamental
frequency parameters, harmonicity parameters, recurrence period density entropy
(RPDE), detrended uctuation analysis (FDA) and pitch period entropy (PPE).[3, 32]

2.5 Management

As mentioned before, the loss of dopaminergic neurons in the substantia nigra
pars compacta that results in striatal dopamine depletion is the primary mechanism
underlying the cardinal motor features of PD.[2] At the moment, there are not any
available neuroprotective or diseasesmodifying therapies for Parkinson's disease.[8]
Therefore, the main treatment for Parkinson's disease aims to substitute striatal
dopamine loss with systemic administration of the dopamine precursor amino acid
LeDOPA or dopamine agonists.[2, 9] It is believed that if the treatment begin as
early as possible, interventions that aim to slow or stop neurodegeneration will be
more e ective.[8] According to clinical observations, postural instability and gait
disorder in earlysmid PD can be e ciently treated with dopaminergic therapy.[6]
Some additional drugs are also prescribed to reverse the side e ects of LeDOPA,
such as dyskinesia.[2]

In some PD patients, a variety of nonemotor symptoms (pain, anxiety, panic,
depression, restlessness) appear to uctuate due to dopaminergic therapy and therefore
be equally or even more disabling than motor symptoms.[2] Nonemotor issues like
cognitive dysfunction, depression and autonomic failure are treated with antipsychotic
and antidepressant medications, such as clozapine.[2] Even though surgical treatments
are considered e ective in reducing motor uctuations, dyskinesia, tremor and
rigidity, the improvement in gait and postural stability varies and is also less
durable.[6] Since 1993, Deep Brain Stimulation (DBS) is also used as a treatment
for PD. Highefrequency electrical stimulation is used in speci c brain targets. The
treatment also involves the implantation of an electrode in brain tissue.[2]

Most patients with Parkinson's disease have to deal with residual motor disabilities
that a ect gate, mobility, postural control, balance, speech and swallowing functions,
which are usually insu ciently responsive to drugs and DBS.[2] These symptoms
seem to improve with various exercisesbased strategies.[2, 6]
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Chapter 3

Deep Learning

3.1 Introduction

Al has been one of the oldest elds in computer science.[10] By de nition,
arti cial intelligence (Al) is a eld of science and engineering concerned with the
computational understanding of what is commonly called intelligent behavior, and
with the creation of artifacts that exhibit such behavior .[11, 12] Alan Turing is
considered one of the founders of modern computer science and Al, as he de ned
intelligent behavior in a computer as the ability to achieve humanelevel performance
in cognitive tasks, later referred to as the Turing test .[12]

Diagnosis, treatment, and predicting the outcome of various clinical situations
depend on a combination of many clinical, biological and pathological variables.
This fact has led to a growing need for using analytical tools in medicine.[12] For
over 50 years, researchers have been exploring the potential applications of Al in all
elds of medicine.[12] Medical arti cial intelligence is used to develop Al programs
to help clinicians formulate a diagnosis, make therapeutic decisions and predict
an outcome.[12] These systems, including Arti cial Neural Networks (ANNS), fuzzy
expert systems, evolutionary computation and hybrid intelligent systems, aim to
support healthcare workers in everyday tasks related to the manipulation of data
and knowledge.[12] Gunn was the rst who successively investigated the application
of Al in surgery. Speci cally, he attempted to diagnose acute abdominal pain with
computer analysis.[12] Furthermore, more than 100 studies have been published since
the outbreak of the SARS«Cove2 virus pandemic using Arti cial Intelligence to screen,
diagnose and make a prognosis on the coronavirus disease. [42]

3.2 Arti cial Neural Networks

ANNs are computational analytical tools, the concept of which was based on
the human biological nervous system and the structure of the brain.[12, 13] Neural
Networks are nowadays used in a wide variety of problems like pattern recognition,
classi cation, regression, clustering, dimensionality reduction, computer vision,
natural language processing (NLP) and predictive analysis.[13] The prototype of the
now known as neural networks was created in 1957 by Frank Rosenblatt, and it was
named perceptron.[13]
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Figure 3.1: Arti cial neural network architecture.[43]

ANNSs are built by networks of highly interconnected processing units, known
as neurons.[12, 13] Neurons can perform parallel computations related to data
processing and knowledge representation.[12] These processing units are organized in
input, hidden, and output layers, while every neuron is connected to other neurons
in adjacent layers via a corresponding weight value.[13] The sum is then transformed
as it passes through a selected activation function, which usually is a sigmoid, tan
hyperbolic, or recti ed linear unit (ReLU) function.[13] The aforementioned functions
are easily di erentiable. This property makes them ideal for easy calculation of
partial derivatives of the error delta with respect to individual weights.[13] Activation
functions transform the input value into a narrow output range, usually [0,1] or
[*1,1].[13] The output of every activation function is then passed as input to the
subsequent unit in the following layer.[13] The output of the last layer (output layer)
is considered as the solution to the initial problem.[13]

The abilities of ANNs, such as learning from historical examples, analyzing
nonelinear data, generalizing, classifying and recognizing patterns, have made them
an alluring analytical tool in medicine.[12] ANNs have been successfully applied in
clinical diagnosis, image analysis in radiology and histopathology, data interpres
tation in intensive care setting,diagnosis of carotid atherosclerosis and waveform
analysis.[12, 14, 15, 16]

3.3 Deep Neural Networks

Deep Neural Networks (DNNSs) are a type of multilayer perceptrons (MLP), meaning
that they consist of a higher or deeper number of processing layers.[13] DNNs are
trained with algorithms to learn representations from input data without the need for
any manual design of feature extractors, which happened in earlier machine learning
techniques.[13] The advent of DNNs made it possible to map complex, nonelinear
functions which shallow neural networks could not e ciently map.[13]

The most signi cant breakthrough of DNNs happened in the 1970s with the
invention of the backpropagation learning algorithm, although the method was not
widely used nor understood until the mide1980s.[13] The evolution of DNNs was also
signi cantly supported by the proliferation of cheaper processing units, like generale
purpose graphic processing unit (GPGPU), and the availability of large training data
sets (big data).[13]
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In recent times, deep learning has been among the most signi cant developments
in computer science.[13] Deep learning has already surpassed humanelevel capability
and performance in many elds, including predicting movie ratings, decisions related
to approving loan applications, time taken by car delivery, etc.[13] It also seems
to have the ability to improve human lives, providing more accurate diagnosis
of diseases like cancer, discovering new drugs, or predicting natural disasters.[13]
Esteva et al. reported that a deep neural network had the ability to learn from
129.450 images of 2.032 di erent diseases and diagnosed at the same level as 21
boardecerti ed dermatologists.[17] Additionally, Google Al managed to exceed the
average accuracy of US boardscerti ed general pathologists in grading prostate cancer
by 9%.[18]

3.4 TabNet

In 2019, S. Arik and T. P ster from Google Cloud Al proposed a new canonical
DNN architecture for tabular data that can be used for classi cation or regression,
called TabNet. TabNet inputs raw tabular data without any previous preprocessing
and it's trained using gradient descentebased optimization and endestoeend learning.
TabNet's design uses DNN building blocks to implement Decision Tree e like output
manifold.[19]

The model uses sequential attention and performs soft feature selection to obtain
decision boundaries in hyperplane form. More speci cally, the output is a linear
combination of the input features with coe cients that determine the proportion of
each feature in the nal result. TabNet uses sparse instanceswise feature selection,
with controlled sparsity learned from data, and constructs a sequential architecture
with one or more steps that jointly determine the nal decision and mimic ensembling.
In this way, the model selects the best features for every individual input, unlike
many other methods.[19]

With instanceswise feature selection, the model enables interpretability and the
learning capacity of the model is improved by the nonelinear processing of the
selected features. The model uses the raw numerical features (in tabular form)
without any previous preprocessing and includes mapping of categorical features
with trainable embeddings. It also performs only batch normalization (BN) and not
global feature normalization.[19]

TabNet uses Xavier Initialization to initialize all of its weights so that the variance
of the activations is thej same across every layer, using the uniform distribution
in the interval ~ #; #= , where n is the size of the previous layer. This constant
variance helps prevent the gradient from exploding or vanishing.[20]

3.4.1 TabNet Encoder architecture

As mentioned before, TabNet is based on sequential multiestep processing. The
encoder consists of Ngiepsdecision steps where the jth step decides the salient features
that should be used in the decision, with information from the (i 1)™" step, and
produces a processed feature representation that is later aggregated into the nal
output. The sequential form of topedown attention is inspired by similar applications
applied in visual and text data and reinforcement learning while searching for subsets
of relevant information in bigger datasets.[19]
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TabNet's encoder mainly consists of a Feature transformer, an Attentive transe
former and a trainable feature Mask at each decision step. Every decision step inputs
the same B D feature matrix, where B is the batch size and D is the dimension of
the features.[19]

Figure 3.2: TabNet Encoder architecture.

Every batch X RB P of the input feature matrix, given as input to TabNet is
multiplied with the Mask M][i] of the current decision step and then passed to the
Feature transformer for the necessary processing, denoted as f;. The output tensor
of the Feature transformer is sent to the Split module, where it is divided into two
separate tensors which contain a di erent representation of the initial features. The
rst part, d[i] RB ™, is passed through a ReLU (or another activation function) and
then is given as the output of the current decision step. The second one, a[i] R® ™,
is used as input to the Attentive transformer of the following decision step (i + 1) to
construct its Mask, M[i + 1].[19]

[dli];afi]] = fi(M[i] X) (3.1)

The output tensor of the encoder, which is the aggregation of the outputs of
the decision steps, contains the processed features that will determine the overall
decision, following the logic of the Decision Trees.[19]

"{teps
dout = ReLU(d[i]) (3.2)

i=1

Finally, a linear mapping Wysinaidout is applied with a Fully Connected layer in order
to get the nal output of TabNet. Several layers can be added in the output, creating
a neural network with any number of hidden layers based on the requirements of
the problem to be solved.[19]
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3.4.1.1 Feature processing

As shown in Figure 3.3, the Feature transformer block consists of layers. In order
to achieve robust learning with high capacity and parameteree ciency, the Feature
transformer compromises one or more layers that are shared across all decision steps,
since every decision step inputs the same feature matrix, and decision stepsdependent
layers. Each layer is composed of a fully connected (FC) layer, a batch normalization
(BN) layer and a Gated Linear Unit (GLU) layer. Every layer is also Cﬁn_nected to a
normalized residual connection with normalization with the factor 0:5 that helps
in stabilizing the learning process and ensuring that the variance throughout the
network doesn't change signi cantly. For faster training, a large batch size is used.
Additionally, except for the BN applied to the input features, TabNet uses ghost batch
normalization, using a virtual batch size By and momentum mg.[19]

Figure 3.3: Topological structure of the Feature transformer block.

In the rst shared layer of the Feature transformer, the FC layer maps, with a
trainable linear transformation, the input tensor X RB P to a new tensor X RE a*na)
that is passed to the BN layer for the normalization and then to the GLU layer.
Inside the GLU layer (eq. 3.3), the second half of the tensor acts as a gate that
controls (by elementewise multiplication) the information passed from its rst half to
the output, X RB® (W*M) that is given as input to the following layers that function
in the same way. All the fully connected layers of the Feature transformer except
the rst one, as expected, have (ng + ny) inputs and 2(ng + N,) outputs.[19]

GLUMX) = X551 (g + na)] (X[ (Na + 1a) 2]) (3.3)
Gated Linear Units reduce the vanishing gradient problem that occurs when
implementing deep architectures with other models, like LSTMs, by having linear
units coupled to the gates. Unlike other recurrent neural networks, GLUs have no
temporal dependencies, so they simplify parallelization. The gradient of the gated
linear unit (eq. 3.4) has a path r X  (X) without downscaling for the activated
gating units in  (X), which can be interpreted as a multiplicative skip connection
that helps gradients ow through the sequential layers.[21]

rX (X)]=rX X+X  qX)rXx (3.4)

3.4.1.2 Feature selection

The selection of the salient features at each step is realized by its Mask, M[i].
The Attentive transformer of the i decision step selects the best features by leaning
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a mask. More speci cally, the tensor a[i 1] from the Split module of the (i 1) step
that is given as input to the Attentive transformer, is passed through the h; layer,
representing a fullysconnected layer and a BN layer. The h; layer makes a linear
combination of the previously processed features by mapping a[i 1] RB ™ to a new
higheredimensional and sparser tensor with dimensions B D. The output of the
h; layer is multiplied by the Prior scale, P[i 1], of the previous decision step. The
Prior scale is a representation of the usage of every feature in the preceding steps.
The desired mask, M[i], is generated with the Sparsemax) function. Equation 3.5

represents the mentioned procedure.[19]

M[i] = SparsemaxXP[i 1 hi(a[i 1)) (3.5)

Sparsemax maps the Euclidean projection into the probabilistic simplex. This
easily evaluated and cheaply dierentiable function can return sparse posterior
distributions, which means it can assign precisely zero probability to some of its
output variables. This property makes Sparsemax suitable for use as a Iter to predict
multiple labels or as a component to determine a group of variables or features that
may be relevant to a decision, resulting in a more interpretable model. Sparsemax can
also be used as a loss function.[22] Sparsemax generates weights forFeach feature,j,
for each sample, b, and makes the weights for each sample sum to 1, J-Dzl Mp;[i] = 1,
thus realizing instanceewise feature selection of the most bene cial features for every
decision step. TabNet uses the sparse regular termLsparseto control the sparsity of
the selected features, given by the equation:

. NepsXB YO Mbj[|]|og(Mbj[|] + )
Lsparse_ NstepS B

(3.6)

i=1 b=1 j=1

where is a small number for numerical stability. The sparsity regularization is
added to the overall loss with a coe cient  sparse[19]

The prior scale term P[i] denotes the usage of each feature and is updated at
every decision step by equation 3.7, where is a relaxation parameter. Setting =1
enforces a feature to be used at precisely one decision step, while values greater than
one provide more exibility to the feature selection process. P[0] is initialized as all
ones.[19]

Yi
Plil= (M) (3.7)

=1

P[0]=1®P

The trained mask M][i] is multiplied with the input tensor X R® P in order to
obtain a sparse tensor with the selected features of the current decision step, which
is then inputted to the Feature transformer.[19]
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Figure 3.4: Topological structure of the Attentive transformer block.

3.4.2 Interpretability of the model

The feature selection mask of every decision step determines the most important
features that participate in the decisionemaking. The value of the weight My[i]
indicates the contribution of the | feature of the b™" sample, fy;, with the features
with zero weights being ignored. The nal trained mask of every decision step is
available, giving the model local interpretability. Due to the nonelinear processing
of the features in every decision step, an additional process is needed in order to
estimate the feature importance of fy;. The global interpretability of the model is
achieved by a linear combination of the masks of di erent steps. TabNet quanti es
an aggregate feature importance which weights the rlglatlve importance of each step
in the nal prediction using the coe cient bli] = 2, ReLUdy[i]) to denote the
aggregate decision contribution at the i decision step for the b" sample. When
dyc[i] has only negative values, no features at the i" decision step contribute to the
overall decision. The aggregate importance mask is derived from scaling the decision
mask at each step with tﬁe coecient  p[i] (eq. 3.8). Normalization for Magq b;j iS
also used to ensure that - D i Magg b;j = 1[19]

P : :

o ”if“f‘eps M )]

(3.8)

3.4.3 TabNet Decoder architecture

The encoded representation of the initial input matrix is the aggregated vector
of the encoder decision steps' outputs without the Fully Connected layer, and it's
used as the input of the Decoder. The Decoder uses the Feature transformer of each
decision step to reconstruct its representation vector into features and nally outputs
the reconstructed input matrix.[19]
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Figure 3.5: TabNet Decoder architecture.
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Chapter 4

Materials and methods

4.1 Data

The model was trained with data available in the UCI Machine Learning Repose
itory of the University of California Irvine.[23] The dataset consists of extracted
features from voice recordings from 188 patients with Parkinson's disease (107 men
and 81 women) with ages between 33 to 87 (65.% 10.9), gathered at the Department
of Neurology in Cerrahpa3a Faculty of Medicine, Istanbul University. Furthermore,
64 healthy individuals (23 men and 41 women) aged 41 to 82 years (61.1 8.9) were
included in the control group.

Table 4.1: Extracted features from spectograms of speech signals.[3, 32]

Feature set Description Total
features
Baseline features Jitter and shimmer variants. Mean, median, standard deviation, 32

minimum and maximum values of the vocal fold vibration
frequencies. Harmonicity parameters. Recurrence period dene
sity entropy, detrended uctuation analysis, and pitch period

entropy.

Timesfrequency feae || Mean, minimum and maximum speech signal power in dB. | 11

tures First four formant frequencies in the vocal tract. First four
bandwidths of formant frequencies.

MFCCs Mean and standard deviation of the original 13 MFCCs and 84
their rstesecond derivatives. Loge energy of the signal.

Wavelet transform Discrete wavelet transform extracted at ten levels. The Shane | 182

non's and the log energy entropy are computed. The Teas
ger Kaiser energy of the approximation and detailed coe cients
is computed.

Vocal fold features Periodicity of glottis movements. Glottal to Noise Excitation. 22
Amount of noise due to the pathological vocal fold vibration.
Empirical Mode Decomposition.

TQWT The TQWT algorithm relies on Q (Qefactor), r (redundancy) | 423
and J (number of levels) parameters. After decompositions with
the TQWT, energy/ entropy values of each level were computed.
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Every subject was initially examined by a physician, and then the sustained
phonation of the vowel /a/ was collected with three repetitions. During the data
collection process, the microphone was set to 44.1 kHz. All subjects who participated
in the study were informed about the data collection process, signed informed
consent, and attended the test voluntarily, according to the approval of the Clinical
Research Ethics Committee of Bahcesehir University.[3]

As shown in Table 4.1, the dataset includes baseline features, time frequency
features, MelsFrequency Cepstral Coe cients (MFCCs), vocal fold features, and
additional features extracted with the tunable Q<factor wavelet transform (TQWT)
related with the fundamental frequency, proposed by Sakar et. al.[3] After the feature
extraction, the obtained feature vectors were standardized so that every feature has
a zero mean and unit variance.[3]

4.2 Training method

We used leavesoneessubjecteout (LOSO) crossevalidation for the training of the
model. At every iteration, the three samples of one individual were left out of
the training set and used to test the classi er's generalization ability. In order to
eliminate the problem of the unbalanced dataset used for the training of the model,
we performed ensemble classi cation. More speci cally, after the selection of the
test samples, the remaining dataset was divided into two subedatasets. The control
samples were common in both subedatasets, while the samples of the PD patients
were randomly split, including half samples at each subedataset. The emerging
subedatasets still had more PD samples than control, but splitting in more than two
resulted in incomplete training due to the small training data size.

Following the split into the ensemble subedatasets, each of them was further
divided into training and validation sets. The validation set consisted of randomly
selected samples, ensuring that no subject's samples were included in the validation
and training sets simultaneously, keeping the model unbiased. Furthermore, it was
always balanced and its size was a speci ¢ percentage of the total samples. The
remaining samples were used for the training of the model. The validation set was
also used for the hyperparameter tuning and the early stopping in the training of
TabNet. This method of splitting data into train and validation sets ensures that the
ensemble classi ers have validation sets consisting of di erent samples, which could
otherwise add bias to the model.

4.3 Model

This research uses the PyTorch implementation of Google Al's TabNet, available
at [24]. PytorcheTabNet is an openesource library that provides a scikitelike interface
for training a TabNetClassi er or TabNetRegressor. The project was created by
Dreamquark, with the main contributors being Sebastien Fischman, Eduardo Carvahlo
Pinto, and Bazire Houssin.

After some rst experiments with the dataset for Parkinson's classi cation, we
observed that the training stopped by the early stopping method during the rst few
epochs before the model started tting. This fact may result from the small validation
set's size since the model can accidentally achieve a slightly higher Area Under the
ROC Curve (AUC) score at one or more epochs during the rst epochs and trigger
the early stopping rules. To avoid this issue, we modify TabNet's code to ignore a
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speci ¢ number of epochs from the beginning of training. We chose the number of
these epochs to be the double of the early stopping's patience.

4.4 Hyperparameter tuning

Initially, we performed hyperparameter tuning using the grid search method. We
created a grid of possible values for some basic parameters that included:

the width of the decision prediction layer ( Nng)

the width of the attention embedding of each mask ( ny)

the number of steps in the architecture (Ngepd

Number of samples per batch patchsize

Size of the mini batches used for Ghost Batch Normalization ( virtual batch size
the coe cient of feature reusage in the masks ( gamma

the number of independent GLU layers at each step (Nindependent

the number of shared GLU layers at each step (Nshared

the sparsity loss coe cient of the generated masks ( lamdasparse

the initial learning rate used for training with Adam ( learning rate)

the parameters of the Pytorch's Scheduler that change the learning rates during
training ( schedulerparams

Number of consecutive epochs without improvement before performing early
stopping (patiencé

However, after some trials, we noticed no signi cant variation in the selected
parameters from the grid search. Thus, we decided to set the hyperparameters
manually based on the observations from the grid search results to reduce the
computational needs of training the models. Table 4.2 shows the selected values.

In PytorcheTabNet's implementation, the seed for the model's initialization is
manually set in order to add reproducibility. We decided to test TabNet's performance,
stability and accuracy by training the model multiple times with both constant and
randomly selected seed.
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Table 4.2: Selected hyperparameters and training parameters for TabNet.

Hyperparameter Value
Ny 8
Ny 8
nsteps 1
batchsize 64
virtual_batch size 32
gamma 1.3 (default)
nindependent 2
Nshared 2
lamdasparse le 3 (default)
learning rate 0.01
schedulerparams fstepsize: 10,gamma: 0:99
patience 40

4.5 Classi cation predictions

TabNet has the ability to output both binary and probabilityelike predictions. To
increase the stability and reliability of the model, we decided to use soft voting of
the probability predictions from the ensemble classi ers and then binarize the result
to classify every sample. Finally, following the method often used in research for
Parkinson's disease classi cation, we perform majority voting of the samples to make
a nal prediction of every subject since every person who participated in the study
provided three recording samples.

4.6 Evaluation metrics

The generalization ability of the trained classi ers in unseen data is estimated by
the most common evaluation metrics. After the LOSO crossevalidation is completed,
we create the confusion matrix from the predictions in both sample and subject
classi cation cases. The row of the table represents the predicted class, while the
column represents the actual class. The parameters tp and tn denote the number of
positive and negative instances that are correctly classi ed. In contrast, fp and fn
denote the number of misclassi ed negative and positive instances, respectively.

We also compute the accuracy, auc (area under the ROC curve), speci city,
precision, recall, Flescore, and MCC (Matthews correlation coe cient) as shown in
Table 4.3.
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Table 4.3: Evaluation metrics.[44]

Metric H Formula ‘ Evaluation focus

accuracy The accuracy metric measures the ratio of
tp+tn -

- correct predictions over the total number
tp+ fp+tn+ fn of instances evaluated.

Speci city n This metric is used to measure the frace
- tion of negative patterns that are correctly
fp+1tn classi ed.

precision t Precision is used to measure the positive

P patterns that are correctly predicted from
tp+ fp the total predicted patterns in a positive
class.

recall t Recall is used to measure the fraction of
P positive patterns that are correctly classie
tp+ fn ed.

Flescore . This metric represents the harmonic mean

2 prgc!smn recall between recall and precision values.
precision+ recall

Area Under || area under the ROC curve (true posie | AUC is a performance measurement for

the ROC || tive rate (recall) against false positive | the classication problems at various

Curve (auc)

rate (1 speci city) at various threshold
settings)

threshold settings and represents the des
gree of separability between classes.

Matthews
correlation
coe cient
(MCC)

R tp tn fp fn
"ltp+ fp)p+ fn)n+ fp)(tn+ n)

The MCC is a correlation coe cient bee

tween the observed and predicted binary
classi cations with range between 1 and

+1.
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Chapter 5

Experimental Results

5.1 Classi cation performance of TabNet

This section presents the results obtained by training TabNet with the dataset for
Parkinson's classi cation. For every experiment, we calculated the selected metrics
for each sample as an independent test case. Following the method often used in
research for Parkinson's disease classi cation, we also performed majority voting of
the three available samples to make a nal prediction for every subject since every
person who participated in the study provided three recording samples.

5.1.1 Best results

Figure 5.1 present the best results that we obtained with TabNet from the inference
of the trained models during the LOSO crossevalidation. More precisely, the model
was set with the selected hyperparameters (Table 4.2) and validation set's size equal
to 10% of the total training samples of every ensemble classi er. TabNet realized
the accuracy of 95.24% for samples' predictions and 97.22% for subjects' predictions.
TabNet reached maximum scores of 98.92% for precision, 97.34% for recall, 96.88%
for speci city, 98.12% for Flescore and 92.83% for MCC when classifying all the

Figure 5.1: Best results obtained with TabNet in the cases of Parkinson's disease classi cation
for every individual sample and each subject using its three provided voice recordings.
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subjects using the three samples that they provided, with the metrics being slightly
lower when treating every sample as an individual classi cation case. From the 64
individuals in the control group, 2 were wrongly predicted as PD patients, while
5 subjects diagnosed with Parkinson's disease by the physicians were mistakenly
classi ed as healthy (Figure 5.3).

Figure 5.2: Confusion matrix that presents the correct and incorrect classi cation results for
every sample from the iteration that achieved the highest accuracy score.

Figure 5.3: Confusion matrix that presents the correct and incorrect classi cation results for
every subject from the iteration that achieved the highest accuracy score.

5.1.2 Hyperparameter tuning

As mentioned in Section 4.4, we performed hyperparameter tuning to achieve
the best possible results for the classi cation with the dataset used. Figures 5.4,
5.5 show the change in the average performance of the model in the indicative
cases of using a singleestep and a threeestep architecture. According to the obtained
predictions, setting the number of steps equal to three and thus using a deeper
architecture resulted in a slight drop in the metrics. This may be a consequence of
the extremely small datasets currently available for Parkinson's disease classi cation
since bigger models need a large amount of data to train adequately. The same
e ect was observed when we changed the hyperparameters in order to create a more
complex model. For that reason, we kept the architecture of the models as simple as
possible, with singlesstep architecture, a couple of independent and shared decision
steps for the feature transformer, small batch sizes and widths for both the decision
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prediction layer and the attention embedding of each mask.

In order to ensure that the size of the subedatasets used for validation did not
a ect the hyperparameterstuning phase, we included the proportion of the samples
that TabNet used for validation in the grid search. The model's performance was
tested with validation sets' sizes equal to 10%, 20%, and 30% of the total training
samples of every ensemble classi er. Minor changes in the parameters resulted in
slightly higher or lower classi cation scores. However, as mentioned before, we
decided not to use grid search for hyperparameter tuning and manually set the values
so that we could reduce the computational needs of the training.

Figure 5.4: TabNet's classi cation results with singlesstep architecture and di erent validation
sets' sizes. The model's performance was tested with validation sets' sizes equal to 10%, 20%,
and 30% of the total training samples of every ensemble classi er.

Figure 5.5: TabNet's classi cation results with threeestep architecture and di erent validation
sets' sizes. The model's performance was tested with validation sets' sizes equal to 10%, 20%,
and 30% of the total training samples of every ensemble classi er.
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For every combination of the hyperparameters in the grid search, we repeated the
LOSO crossevalidation training four or more times in order to obtain a more general
estimation of TabNet's performance. In Figures 5.6, 5.7 we present the box plots from
the classi cation results using singlesstep and threeestep architecture. The deepening
of the model results in a less stable classi er with worse average metrics and more
considerable variations between the trained models with the same parameters.

Figure 5.6: TabNet's classi cation box plots with singleestep architecture and dierent
validation sets' sizes. The model's performance was tested with validation sets' sizes equal to
10%, 20%, and 30% of the total training samples of every ensemble classi er.
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Figure 5.7: TabNet's classi cation box plots with threeestep architecture and di erent validas
tion sets' sizes. The model's performance was tested with validation sets' sizes equal to 10%,
20%, and 30% of the total training samples of every ensemble classi er.

5.1.3 TabNet's initialization method

As mentioned before, PytorcheTabNet's implementation includes setting the seed
for the model's initialization manually in order to ensure reproducibility. Considering
that the dataset was randomly split into two subedatasets for the ensemble classi ers
and later into train and validation sets, we tested the e ect of the validation sets'
selection in TabNet's performance. The validation set's size was set to 10% of the
samples of every ensemble classier. The samples of every validation set were
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randomly chosen, ensuring that it was always balanced. Figure 5.8 includes the
box plots of TabNet's predictions for the test samples with constant and randomly
selected seeds for every model's initialization. The results indicate that the validation
set a ects the classi cation ability of the model, considering that TabNet's outputs
are set to be entirely reproducible for a speci ¢ seed.

When the seed is randomly selected for every single model during the LOSO
crossevalidation, the model's performance in terms of stability and accuracy varies
signi cantly. For example, the accuracy varies between 91.4% and 94.31%, while the
values of other metrics such as MCC di er up to 6.85%.

Figure 5.8: Box plots of TabNet's predictions for the test samples with constant and randomly
selected seeds for every model's initialization. The validation set's size was set to 10% of
the samples of every ensemble classi er. The samples of every validation set were randomly
chosen, ensuring that it was always balanced.

5.1.4 Feature reduction

Sakar et al. [3] created the currently biggest dataset for Parkinson's classi cation
in both samples and features, with the other available datasets containing less than
50 features. In the nal part of this section, we tried to investigate the e ect of the
initial number of features that TabNet must choose from in order to select the salient
ones for the classi cation. For that reason, we reduced the number of features
from 753 to 40 and 18. In both cases, we eliminated most features, keeping only
the common ones between dataset [3] and two other frequently used and available
datasets in the bibliography.

Dataset [25] includes a total of 195 voice samples with 18 features from 23 PD
patients and 8 healthy individuals, and dataset [26] consists of 40 features from 40
PD patients and 40 people in the control group.

Figures 5.9, 5.10 show a signi cant drop in all the evaluation metrics as the
number of the initially available features reduces, with the accuracy of the predictions
for subjects decreasing from 96% to 89% for 18 features. During this phase, we used
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random initialization and validation sets' size equal to 10% of the total training
samples of every ensemble classi er. The hyperparameters were set to the values
mentioned in Table 4.2.

Figure 5.9: Average TabNet's evaluation metrics for classi cation of individual samples
during feature reduction.

Figure 5.10: Average TabNet's evaluation metrics for classi cation of subjects during feature
reduction.
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5.2 Interpretability of the model

TabNet creates a feature selection mask for every decision step, which determines
the salient features that will participate in the decisionemaking. The model realizes
instanceewise feature selection, meaning that the masks select the best combination
of features for every individual sample in contrast with most other dimensionality
reduction techniques. The nal masks of every decision step for every sample are
available at the end of the training, giving the model local interpretability. By
aggregating all the masks, TabNet creates an explain matrix that summarizes the
feature selection of the model. Furthermore, the global interpretability of the model
is achieved by a linear combination of the masks of di erent steps. TabNet quanti es
the aggregate feature importance, which is weighted by the relative importance of
each step in the nal decision.

In order to present TabNet's interpretability results, a twoestep architecture was
selected, with the rest of the hyperparameters being the same as before (Table 4.2). We
extracted the masks, explain matrices and feature importances of the two ensemble
classi ers for two randomly selected subjects, one diagnosed with Parkinson's disease
(subject with ID 100) and one from the control group (subject with ID 251). We
present the results in the case of 18 initial features in order to keep the graphs legible.

Figures 5.11, 5.12 and 5.15 belong to subject No.100 and Figures 5.13, 5.14 and
5.16 to subject No.251. It is important to note that TabNet selects di erent features
based on the validation sets used to train the ensemble classi ers. Additionally,
the features' contribution to the nal prediction varies considerably when the input
samples belong to a healthy subject or a PD patient. All the samples from these two
subjects were classi ed correctly.

Figure 5.11: Masks for the samples of a subject with Parkinson's disease (1D:100).
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Figure 5.12: Explain matrices for the samples of a subject with Parkinson's disease (ID:100).

Figure 5.13: Masks for the samples of a subject from the control group (ID:251).
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Figure 5.14: Explain matrices for the samples of a subject from the control group (ID:251).

Figure 5.15: Feature importances for the samples of a subject with Parkinson's disease
(ID:100).
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Figure 5.16: Feature importances for the samples of a subject from the control group (ID:251).
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Chapter 6

Discussion

There have been numerous studies in the literature (Table 6.1) about PD classi ¢
cation based on features extracted from voice records. According to the results of
PD telemedicine studies, the choice of feature extraction and learning algorithms
is directly related to the accuracy and reliability of the proposed systems.[3] Many
studies dedicated to distinguishing healthy subjects from PD patients use the dataset
[3], that is also used in this study, which is the bigger publicly available dataset
at the time. Other commonly used and available datasets are [25] that includes
a total of 195 voice samples from 23 PD patients and 8 healthy individuals, [27]
consisting of multiple speech recordings of 20 PD and 20 healthy subjects, and
[26] with 40 PD patients and 40 people in the control group. All datasets have
similar features including vocal fundamental frequency, measures of variation in
fundamental frequency, measures of variation in amplitude, measures of the ratio of
noise to tonal components, nonlinear dynamical complexity measures, and nonlinear
measures of fundamental frequency variation.[3]

Some literature studies propose classi ers that achieve accuracy scores of nearly
100% on the [3] dataset. Tuncer et al. presented a novel octopusebased feature
extraction network (multiple pooling method). They used many classi ers in order to
evaluate the ability to distinguish healthy control from PD patients, reaching 97.62%
using a 1 Nearest Neighbor (1NN) classi er.[28] Olivares et al. used the Bat Algorithm
in the Extreme Learning Machine (BA*ELM), resulting in a 96.7% maximum accue
racy.[29] Another study uses SMOTE (Synthetic Minority Overssampling Technique)
and Random Forest achieving 94.9% accuracy.[30] In another study, the AdaBoost
classi er was used with grid search hyperparameter tuning and preprocessing with
Standard Scaler, with the highest accuracy of 94%.[31] SolanasLavalle et al. proposed
PD classi cation with Wrappers feature subset selection that showed an accuracy of
94.7% with the SVM classi er with RBF kernel.[32].

However, even though these studies, among others, reported very high classi cae
tion rates, the crossevalidation techniques used by the authors cause biased results.
This is caused by the fact that every subject has multiple recordings, and both training
and test sets used to train the models included voice samples of the same subject.|[3,
33] Properly splitting the dataset into training/test (or training/validation/test) sets
using the Leave*OnesSubjectsOut crossevalidation technique results in a dramatic
drop in the evaluation metrics.[3, 33]

Some published studies follow the proper methods for creating the train/test sets,
thus construct an unbiased model for both train and inference stages.[3] Wijaya et al.
used Gradient Boosted Tree (GBT) with the weight threshold equal to or bigger than
9, resulting in 92% accuracy, 94% Flescore and 78% MCC scores.[34] Sakar et al.
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used the LOSO crossevalidation to validate the generalization ability of the model,
achieving 86% accuracy, 84% Fl1escore and 59% MCC with the SVM (RBF) classi er
and the mRMR feature selection algorithm to select the tope50 features from all
feature subsets.[3] Gunduz created a 9elayered CNN (1 input layer, 6 convolution
layers (each of two convolution layers followed by maxepooling operation), 1 fullye
connected (dense) layer, and 1 output layer) with 86.9% accuracy, 91.7% Flescore,
and 63.2% MCC.[35]

Similar results were published in studies that used the other datasets with both
kefold and LOSO crossevalidation. For example, Gurller et al. created a classi cation
system by combining kemeans clusteringebased feature weighting and Complex Valued
Arti cial Neural Network (CVANN), with which they reached an accuracy of 99.5%
with 10<fold crossevalidation with the [27] dataset.[45]

It is important to note that, since every subject of the study provided three
recording samples, most studies that use LOSO crossevalidation perform majority
voting to make a nal prediction of every individual. This results in slightly higher
metrics during the inference of the model.

According to our results, TabNet outperforms the classi ers in literature with
average and maximum accuracy for every sample reaching 94.54% and 95.24%,
respectively, when using all the available features in the dataset [3] and LOSO
crossevalidation. The average and maximum values for Flescore and MCC were
96.31%, 96.77%, and 85.97%, 87.83%, respectively. In the case of predictions for
every subject, the average and maximum observed results were 95.93% and 97.22%
for accuracy, 97.26% and 98.12% for Flescore, 89.43% and 92.83% for MCC metric.
Furthermore, TabNet internally selects the best features for the classi cation of every
subject, realizing interpretability (global and local) in contrast to the studies in the
bibliography.
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Table 6.1: Parkinson's disease classi cation results in the literature. All the included studies
use the Sakar et al. (2019) [3] dataset to train and inference the proposed models.

Author, Year Methods Train/test Best results
split
Sakar et al.(2019) [3] SVM(RBF) LOSO cv | Accuracy = 0.86
F1 score = 0.84
MCC = 0.59
SolanasLavalle et al. || SVM(RBF) with Wrappers feature | 10efold cv | Accuracy = 0.95
(2020) [32] subset selection
Tuncer et al.(2019) [28] 1NN classi er with octopusebased feae | 10<fold cv | Accuracy = 0.98
ture extraction network F1 score = 0.98
Olivares et al.(2020) [29] || Bat Algorithm in the Extreme Learne 80 20 Accuracy = 0.96
ing Machine (BA<ELM)
Polat(2019) [30] SMOTE (Synthetic Minority Overe | 10efold cv | Accuracy = 0.95
sampling Technique) and Random F1 score = 0.95
Forest
Anisha et al.(2020) [31] AdaBoost with grid search hypere | 10<fold cv | Accuracy = 0.94
parameter tuning and preprocessing F1 score = 0.94
with Standard Scaler
Wijaya et al.(2019) [34] Gradient Boosted Tree (GBT) LOSO cv | Accuracy = 0.92
F1 score = 0.94
MCC = 0.78
Gunduz(2019) [35] 9elayered CNN LOSO cv | Accuracy = 0.87
F1 score = 0.82
MCC = 0.63
Xiong et al.(2020) [36] Adaptive Grey Wolf Optimization 10<fold cv | Accuracy = 0.95
(GWO) with sparce autoencoder and
Linear Discriminant Analysis(LDA)
Ashour et al.(2020) [37] SVM(cubic), weightedehybrid selected | 7030 Accuracy = 0.94
features that
Yucelba3(2020) [38] Simple Logistic hybrid system(SLGS) | 10efold cv | Accuracy = 0.88
F1 score = 0.87
MCC = 0.63
Nissar et al.(2019) [39] XGBoost with Minimum Redundancy not mene | Accuracy = 0.95
¢ Maximum Relevance (MRMR) feae | tioned F1 score = 0.95
ture selection
Bchir(2020) [40] Gaussian mixture model (GMM) with 10efold cv | Accuracy = 0.95
mRMR feature selection MCC = 0.70
Proposed approach TabNet LOSO cv | Accuracy = 0.97
F1 score = 0.98
MCC = 0.93
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Chapter 7

Conclusion and future work

7.1 Summary

This thesis investigated the potential of using deep learning in Parkinson's disease
classi cation from features extracted from voice recordings. PytorcheTabNet, the
selected DNN model, outperformed the other classi ers in the literature using the
leaveeonessubjecteout crossevalidation technique. Unlike all the available models,
PytorcheTabNet provides local and global interpretability of the predictions.

7.2 Future work

One of the most signi cant drawbacks in Parkinson's disease classi cation using
machine learning and neural networks is the small size of the available datasets.
The largest publicly available dataset includes less than 800 samples belonging to
252 individuals. This fact limits the possibilities of using deeper architectures that
need signi cantly more training data. As a result, collecting more data from patients
with PD and healthy subjects is vital for more extensive research with models of
higher capabilities.

Considering the methods used to train TabNet, hyperparameter tuning should
be performed during the LOSO crossevalidation training if more computational
resources are available. Using the grid search method to nd the best parameters for
every model might lead to better results. More extended research can also be done
on the e ects of the samples that constitute the validation set. The validation set
should be kept constant while randomly setting the classi ers' seed parameters to
inspect the performance of the trained models.

A more complex Parkinson's disease classi cation system can be developed in the
future, following a multimodal approach. Along with features extracted from voice
recordings, other motor symptoms such as gait characteristics and resting tremor
can also be considered in the classi cation process, using a single model or multiple
classi ers with ensemble learning. Additionally, a time series of biomedical data
gathered from people with Parkinson's disease over a prede ned period can be used
to train TabNet. The resulting deep learning architecture could estimate the stage
of new subjects su ering from PD or be used as a telemonitoring device for remote
symptom progression monitoring.
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