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ATTayopeUeTal N avTtiypa®r, amobikeuon Kal diavour Tng TTapoucag £pyaciog, €§
OAOKAAPOU 1) MEPOUG QUTAG, VIO EUTTOPIKO 1] KEPDOOOKOTTIKO OKOTTO. ETITpETTETAI N
avaTuTTwon, amoBrikeuon Kail diavour yia OKOTTO Jn KEPOOOKOTTIKO, EKTTAIOEUTIKNG i
EPEUVNTIKAG QUONG, UTTO TNV TTPoUTTé0e0n va ava@épeTal N TNy TTPOEAEUONG Kal va
dlaTnpeiTal To TTapPOV UVUNa.

EpwTtruara Tou agopouv Tn Xpron tng £pyaciag yia EYTTOPIKO-KEPOOOKOTTIKO OKOTTO
TIPETTEI VA ATTEUBUVOVTAI ATTOKAEIOTIKG OTOUG OUYYPOQEIG.

O1 amméyeIg Kal Ta CUPTTEPACUATA TTOU TTEPIEXOVTAI O€ AUTHV TNV £pyacia ekppalouv
TOUG OUYYPA®EIC Kal Oev TTPETTEI va EPUNVEUBEI OTI AVTITTIPOOWTTEUOUV ETTIONMES
Béoeig Tou EBvikou MetoofBiou [lMoAutexveiou OUPTTEPIAAUPBAVOUEVWY  ZXOAWV,
Touéwv kai Movadwyv auTtou.



MepiAnyn

2€ AUTAV TNV €pyaoia, TTAPOUCIAZETAI Uia YeVIKOU OKOTTOU, YPAYopn, AKPIBNAG KAl CUVETTAG
MEBOBOG KATATUNONG I1ATPIKWY E€IKOVWY, Baciopévn oTtn d1adpacTiK WNXaviki paenon
(Interactive Machine Learning - IML).

H péBodog xpnoiuotrolei oUvTopa oOX£DIA TOU XPrOTN Kal TTPOCAPHOOTIKOUG XAPTEG
YEWOAITIKAG OTTO0TACNG VYIa va ekTTaideloel éva oUvoAo amd Mnyavég Alavuoudtwy
YmooTtpiEng (Support Vector Machines), Trapéxoviag €101 éva POVTEAO TTPOCAPHOCHEVO
oTtov ekKAoTOoTE QaCOevr), TO OTOI0 €QPAPMOCETAl YyIO TN KATATUNON Twv EIKOVWY TNng
QTTEIKOVIOTIKNG €¢€Taong. MNa tnv emkUpwaon TnG HEBSSoU, XpNOoIUoTToINBnNKav avadpopIKES
MeAETEG TTou TTepieAGuBavay 20 aoBeveic pe yAolofAGoTwua, 50 aoBeveic Pe Kapkivo Tou
HooTou kal 50 aoBeveig he Kapkivo Tou TTveUpova, KAaBwe Kal 20 TONOYPAPIKES ATTEIKOVIOEIG
OTANVOG. TNa KAGBe OTTEIKOVIOTIKA €EETaon NTav SIABECIUN OXETIK KATATUNON Qva@opdag
(ground truth segmentation). Na kaBe peAéTn, Xpnoipotroidnkav dUo €IBIKOI AKTIVOAOYOI
TTOU TTpayuaroTroinoav Karartunon Ouo @opég pe TNV péBodo IML kar dUo @opég peE
Xelpokivnto TpoTTo. H agloAdynon trepieAdupave ouykpion Twv dU0 TTPOCEYYIoEWY WG TTPOG
TNV TOX0TNTA, TN XWEIKA €mMKAAUWPn Kal Tn OUuvETTEld Twv OUo Trpooeyyioewyv. H
onMavTIKOTNTA Twv dla@opwy afloAoyndnke pe xprion tou un TapaueTpikou Wilcoxon teoT
TIPOCNHACHEVWY TAGEWV KAl CUOXETIOPEVWV DEIYHATWV.

H pébodog IML Atav TaxuTtepn amod Tn XElpokivntn KATATUNon yia OAeg TIG OOUEG, KATA
53,1%, katd péoco 6po. BpéBnke oTaTIOTIKA onuavTikr (p<0,007) dia@opd OTNV XWPEIKN
EMKAAUYN o€ Ox€an pe Ta dedopéva avapopdg yia omrAnva (Dice,, /Dicey, ,,mo,=0,91/0,87),
kapkivo  Tou  paotou  (Dicey,/Dicey, om0,=0,84/0,82)  kal  TIveupovikoug  6Goug
(Dicey,/Dicey, pouivmo,~0,78/0,83).  Ocov  agopd Tnv OUVETTEID  PETAEU  DIAPOPETIKWY
emavaAiyewyv Tou idlou €1dIkoU (intra-rater), PpéBnke oTaTioTIKA onuavTik (p=0,003)
dlagopd poévo yia Tov omAiva (Dice,, /Dicey, .m0,=0,91/0,89), TTou ATav euvoikn yia Tn
pMéBoSO IML. Ocov agopd Tnv OUVETTEID TNG KATATHNONG atrod OIaQOPETIKOUG EIOIKOUG
(inter-rater), PBpéBnkav oTATIOTIKA ONUAVTIKEG OlaPopES  (p<0,045) yia Tov OTTARva
(Dice,,/Dicey, oivmo,=0-91/0.87), Tov paotd (Dice,, /Dicey,  oim0,~0-86/0.81), Tov Tveupova
(Dicey,/Dicey, oo, =0-85/0.89), TO TTEPIOXIKA PN-EVIOXUUEVO TUAPA TOU YAOIOBAQOTWHATOG
(Dicey,/Dicey, oo, =0-79/0.67) Kai TO TTEPIOXIKA EVIOXUHEVO TUNHA TOU YAOIOBAQOTWHATOG
(Dice,,/Dicey, oxivmo,=0-79/0.84), amoteAécpaTa TTou aTTOdEIKVUOUV GUVOAIKN UTTEPOXN TNG
pEBOSoU IML o€ oxéon Pe TNV XEIPOKivNTN KATATUNOT.

H moootikf afloAdynon wg Tpog TV TaxUuTNTa, Tn XWPEIKA ETIKAAUYN Kal TN OUVETTEId,
avedel&e TNV OUVOAIKN UTTEPOXNA TNG TTPOTEIVOPEVNG HEBOOOU O OUYKPION ME XEIPOKIVNTN
KATaTunon, yia éva onuavTikd e0pog KAIVIKWY e@apuoywyv. H uAotroinon g pebddou IML
gival avoikToU kwdIka kail diatiBetal péow Tou Cancer Imaging Phenomics Toolkit (CaPTk -
https://www.cbica.upenn.edu/captk) kai wg mpdéoBeTo yia 10 Medical Imaging Interaction
Toolkit (MITK - https://github.com/CBICA/InteractiveSegmentation).

AEgeig KAe1dia

Mnxavikr) yaenon, Mnxavég diavuoudtwy uttooTipiEng, C++, Katdtunon eikévag, latpikn
eIkOva, MayvnTikiy Topoypagia, YTroAoyioTikh Topoypagia, MolofAdoTwpa, Kapkivog Tou
MaoToU, Kapkivog Tou TrveUpova, Katdtunon otrAnvog
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Abstract

In this thesis, a fast, accurate, and consistent method for general-purpose medical image
segmentation is presented. The method is based on interactive machine learning (IML).

Utilizing brief user training annotations and the adaptive geodesic distance transform, an
ensemble of Support Vector Machines (SVMs) is trained, providing a patient-specific model
applied to the whole image. To validate the method, retrospective cohorts were identified
comprising 20 brain, 50 breast, and 50 lung cancer patients, as well as 20 spleen scans.
Corresponding ground truth annotations were available for each scan. Two experts were
recruited to segment each cohort twice with the IML method and twice manually. Evaluation
endpoints included speed, spatial overlap, and consistency. Statistical significance was
evaluated through the Wilcoxon signed-rank non-parametric test.

The IML method was faster than manual annotation in all structures, by 53.1% on average.
A significant (p<0.001) overlap difference was found for spleen (Dice,,/Dice,,,,, .=0.91/0.87),
breast tumors (Dice,,/Dice,,,,,.~0.84/0.82), and lung nodules (Dice,,/Dice,,,,, .~0.78/0.83).
For intra-rater consistency, a significant (p=0.003) and favorable difference was found only
for spleen (Dice,,/Dice,,,,.,~0.91/0.89). For inter-rater consistency significant (p<0.045)
differences were found  for  spleen (Dice,,, /Dice,,,,,.=0.91/0.87), breast
(Dice,, /Dice,,,,,.=0.86/0.81), lung (Dice,,/Dice,,,, .~0.85/0.89), the non-enhancing brain
tumor sub-region (Dice,,/Dice,,,,.~0.79/0.67), and the enhancing brain tumor sub-region
(Dice,, /Dice =0.79/0.84), which in aggregation favored the IML algorithm.

Manual

The quantitative evaluation for speed, spatial overlap, and consistency, revealed the benefits
of the proposed IML method when compared with manual annotation, for several clinically
relevant problems. The IML method is publicly released through the Cancer Imaging
Phenomics Toolkit (CaPTk - https://www.cbica.upenn.edu/captk) and as an MITK plugin
(https://github.com/CBICA/InteractiveSegmentation).

Keywords

Machine learning, Support Vector Machines, C++, Image segmentation, Medical imaging,
Magnetic Resonance Imaging, Computational tomography, Glioblastoma, breast cancer,
lung cancer, Spleen segmentation
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EuxapioTieg

Oa nBeda va euxapioTAow Ta AToua TTOU OuvéEBaAAaQv OTnv €KTTOvVNON Tng TTapoucag
OITAWUATIKAG €pyaaiag, 1B1aitepa TNV Kabnyntpia Kwvotavtiva NikAta kai Tov KaBnynth
Xprioto Ntapardiko, TTou pou £dwaoav TV gukaipia va acxoAnbw pe éva Bépa tTou Bprka
eCalpeTikG evdiapépov. Me BoriBnoav va euBabuvw oT1o Béua autd kKal va AGBw TTOAUTIUN
EUTTEIPIO yIa TO TTWG A&ITOUPYEI O akadnuaikdg xwpog. ETriong, ekTiyw TTOAU TO 6T pou
000nkKe n eukalpia va {Row £E1I PAVEG OTO £CWTEPIKO KAl VO EPYACTW YE ATOPA ATTO BIAPOPES
XWPES, AOYyw TngG cuvepyaaiag auTng.

Euxapiotwy 1TOAU OAoug pe TOug OTToioug ouvepydotnka oTo epyacTtipio CBICA Tou
University of Pennsylvania katé tn diapovr pou oTig HIMA. To kAipa oT1o gpyacTipio Atav
dpioTo Kal ol AvBpwTrol TTou gpyadovTal eKEi ATav €CAIPETIKOI, TOOO OTO TTAYYEAUATIKG, OGO
Kal oto @IAIKG eTiTredo. Méow Tou €pyacTnpiou autou, KATAPEPA VO QATTOKTHOW TNV
ATTOPAITNTN YVWOT, EUTTEIPI KAI UTTOCTHPIEN YIA VA EKTTOVAOW T SITTAWMATIKN auTh, KaBWwg
Kal va Tn mapoucidocw oT1o ouvédpio RSNA 2019 oto Chicago.

TéNoG, BEAW akdua va €uxXopIOTACW TNV OIKOYEVEIQ PJOU KAl TOUG QIAOUG JOU TTOU [ou
oupTTapacTadnkav Kai ye foribnoav oTnv atrdéKTNON TOU SITTAWMPATOG Hou.
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Eupetpio oxnuatwyv

> IxAua 1: Eikéveg yAoloBAACTWHATOG TIOU  ATTOKTABNKAV  XPNOIMOTIOIWVTAG
O1a@OopeTIKA TTPWTOKOAAa atrékTnong (FLAIR, T1, T1CE kai ED). H ET Trepioxn €xel
peydAn évraon oto T1CE. H NE Trepioxn eival n okoUpa TTeEpIOXN TToU TTEPIKAEIETAl
amo v ET oto T1CE. H ED mrepioyn civai 6Aa 1a voxels 1rou dev avrikouv o€ NE kai
ED, evw £xouv uypnAn évtaon o1o TpwTOKoAAo FLAIR. 2eAida 25.

> XxAMa 2: MNveupovikdg 6Jog TTou KaTaAauBAvel TNV TTEPIOXT] TTOU €ival ETTICNPOCUEVN
WG KOKKIVN aTa Be€Id, a€ €IKOVA AEOVIKNG ToPoypaiag. 2eAida 26.

> ZxAMa 3: H pIkpA TTepIoXn ME UWNAR évTacn oTo KEVTPO ATTOTEAE OYKO TOU PaoToU.
2¢ehida 27.

> ZxAMa 4: ACovikry Topoypagia TTou atTelkoviel oTTAAva (emionuacuévn TTepIoxn).
Sehida 28.

> XxAMa 5: To ypaiko TepIBdAlov Tou CaPTk. 2eAida 44.

> IxAMa 6: To ypagikd TepIBaAAov Tou MITK Workbench, padi ye tov mmpodoBeTto
pMnxavioud Tou aAyopiBuou TTOU avaTTuxOnke OTO TTAQICIO QUTNG TNG €PYAOIAG.
2¢ehida 45.

> ZxAMa 7: Mapdderyua mou deixvel TO aTTOTEAETHA va BEATILOVETAI WG CUVAPTNON TOU
emevOUPévou XpoOvou. ZTnv TTpwTn emavaAnwn (iteration), o xpAoTng oxedialel
ypriyopa mavw atrd TIG OIAPOPEG TTEPIOXEG. TN deUTEPN €TTAVAANWN, O XPROTNG
TOTTOBETEl  €MITTAéOV €TIKETEG YIa TN OI16pOWON AVTITIPOCWTTEUTIKWY E0QOAPEVWV
TTEPIOXWYV, Ol OTTOIEG OTN CUVEXEID XPNOCIYOTTOIOUVTAI YIA ThV ETTAVEKTTAIOEUCN TOU
MOVTEAOU pNXaVIKAG padnong. Até apiotepd Tmpog T1a Oe€id: (i) apxikn eikéva (ii)
ox£dla Tou xpAoTn (iii) kKatdTunon TTou TTapdyel n PEBodoG (iv) KATaTuNon avagopdg.
Zehioda 50.

> IxApa 8: Mapddeiypa xaptwv AGD. O 1m0 OKOTEIVEG TINEG Oeixvouv XaunAdTEPN
Tpoocapuocpévn yewdaiTik ammdéotaon (Adaptive Geodesic Distance - AGD) atmo Ta
ox€dla Tou Xpnotn. Z10 yAoloBAdoTwpa, 10 6pio NE kair ET eival cagéotepo o€
T1CE, evwy 10 6pio petatu ED kar utmofdBpou civar cagéatepo ato FLAIR. Amd
aploTepd TPog Ta Oegid: (i) apxikh €ikova (i) oxédia Tou xpnoTn (iii) xadptng AGD yia
TIG €TIKETEG yIa NE (To TTEPIOXIKA PN-evIOXUPEVO TUAMG Tou yAoloBAaoTwuaTog) (iv)
xapTnGg AGD vyia ET (10 TTEPIOXIKA €VIOXUMEVO TURMA TOU YAOIOBAQCTWUATOG) (V)
Xaptng AGD yia ED (to trepieoTiokd oidnua) eTIkETES (vi) XapTng AGD yia 1o @oOvTO.
2eNida 51.
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> XxApa 9: ZuvrteheoTAg Dice, o€ OUYKPION ME TIG KOTATUAOEIG ava@opdag, yida TIG
TTEPITITWOEIG OTTOU: (i) ETTINEPOUG ETIKETEG TTOU AVTITIPOOWTTEUOUV BIAQOPETIKEG
TEPIOXEG TNG OOPNG uTtroloyifovial wg pia, (i) MEMOVWMEVES UTTOTTEPIOKEG TOU
YAOIOBAAOTWHATOG (VIO TIGC AANEG DOUEG DEV UTTAPXOUV UTTOTTEPIOXEG). 2eAida 55.

> XxAua 10: Scatterplots ota otoia Ta PTTAE onueia gival Ta {eyn TWV YEWUETPIKWY
Oykwv Twv KataTunoewv Tng IML peBodou Kal Twv YEWMETPIKWY OYKWY TwV
KATOTPUACEWV avagopds. Mapdpola, Ta KOKKIVA onpeia gival eiyn Twv OyKwVY Twv
XEIPOKIVATWY  KATATUACEWY KAl  KATOTUACEWY ava@opds. H  paupn  ypapun
AVTITTPOCWTTEUEI TOUG OYKOUG TWV KATATUACEWV avagopdg. Ta oxediaypduuara
avAkouv o€ (i) OI0QOPETIKEG PEAETEG OTTOU OAEG OI ETIKETEG, TTOU AVTITIPOCWTTEUOUV
OIAPOPETIKEG UTTOTTEPIOXES TNG DOUAG, uTToAoyiCovTal wg pia Kai (i) UTTOTTEPIOXEG TOU
yAoloBAacTwpaTog. 2eAida 56.

> IxApa 11: XuvreAeotig Dice, yia atrotiynon tng cuvétreiag avdueca oe OUO0
TPooTTdBeleg Tou idlou  €dikou: (i) yia OTav Ol ETMPEPOUG  ETIKETEG TTOU
QVTITTPOOWTTEUOUV BIAPOPETIKEG TTEPIOXEG TNG OO uttoAoyifovTal wg wia, (ii) yia
MEMOVWUEVEG TTEPIOXEG TOU YAOIOBAACTWHOTOS (yIa TIG GAAEG doPEG dev UTIPXAV
UTTOTTEPIOXEG). 2eAida 58.

> ExAMa 12: Zuvrteheotig Dice, yia ammoTignon ouvémelag PETACU KATATUACEWV
OlapopeTIKWY €I0IKWV: (i) yia OTav Ol ETTIPEPOUG ETIKETEC TTOU QVTITTPOCWTTEUOUV
OIAPOPETIKESG TTEPIOXEG TNG BOUNAG UTTOAOYiICovTal WG Mid, (ii) yia TIG UTTOTTEPIOXEG TOU

yAoloBAaoTwpPaTOG (01 GAAEG SOpEG Bev gixav UTTOTTEPIOXEG). ZeAida 59.

12



EupeTipio TIVAKWYV

> Mivakag 1: ZuvoTimikr TrepIypa®n Twyv OedOUEVWY TTOU XPNOIMOTToOINONKav oTnv
epyaaoia. ZeAida 49.

> Mivakag 2: AmmoteAéopara (p-TiINéEG) Tou Wilcoxon test pe cuoxetiopéva deiyuara, yia
KABe €101kO, OuyKpivovTag Ta atroteAéopaTa Tou cuvteAeoTr Dice Twv S1a@opeTIKWV
mpooeyyioewv (IML kai X€lpokivnTnG KOTATUNONG) O Oxéon Me Ta Oedouéva
avagopdg. H diagopd Bswpeital onuavtik étav p <0,05. Sedida 57.

> Mivakag 3: AmoTteAéopata Kai yia Ta Tpia meipduarta. Meipapa 1: H amdédoon tou
aAyopiBuou utroAoyileTal wg N €TMKAAUWN, TTOU UTTOAOYIETAI HECW TOU OUVTEAEDTN
Dice, Twv KATOTUACEWV PE TIG KATATUNAOEIG ava@opdg. O1 TIEG p cival aTTOTEAEOUA
ouleuyhévwyv ouykpiogwv peTagl Twv IML Kal XEIPOKiVNTWY KOTATUACEWY TTOU
TTapoucdiacav uwnAoTepn emKAAUWN yia kGOt €1dIkd kal yia kaBe acBevry. O
OUVTEAEOTAG OCUOXETIONG UTTOAOYICETOl  PETOEU TWV  YEWMETPIKWY OYKWV TToU
uttoAoyiovTal yia TIG SUO TTPOCEYYIOEIS Kal TwV OYKWY ava@opds. “ZuvT. Zuoy.” ival
0 ouvTteAeaTrig cuoxétiong. lMeipapa 2: O1 TiPég deixvouv emKAAUWN METAEU TNG
TPWTNG Kal TNG deUTEPNG TTPOCTTABEIOG KABE €181KOU, yia KABe TTpocéyyion. Meipaua
3: O1 migég Seixvouv emMKAAUYWN METAEU KOTATUAOEWY OIAQOPETIKWY  EIBIKWV.
Sehioa 60.
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1. Elcaywyn

H katdrunon 1atpikwyv €ikévwy, dnAadh n “cApavon” TTepIoXwy evaiaQEéPOVTog, OTTWGS TNG
TEPIOXNG TTou KaTaAauBdvel évag Oykog, atmoTeAei pia onuavTikr) O1adIKagia g€ KAIVIKO Kal
epeUVNTIKO TTEPIBAAANOV [1]-[5], KaBWG dlcukoAUvVEl TTOKOAOUBEG UTTOAOYIOTIKEG AVAAUCEIG Ol
OTTOiEG €€apTwvTal aTTd TNV AKPIEIa TNG KATATUNONG TTou TTapéxeTal wg eicodog [6]-[8]. H
XEIPOKIiVNTN KATATUNON TIPOTIUATAl yia TéToleG dIadikaoieg, TTapOAO TTou Teivel va gival
XPOVoBOpa Kal WE TTEPIOPIoUEVN avaTTapaywyioigotnTa [3], [9]. H xepokivntn KatdTunon
MIOG OTTEIKOVIOTIKAG €&ETaoNG MpTTopEl va OlopKETEl TTOAEG WPEG yIa €IKOVEG PE MEYAAN

avaAuon n yia TTEPITTAOKEG avaToieg, akdua kal Je 1n BorBeia katdAANAwyv epyalciwy [4].

‘Exel TpotaBei gl mANBwpa  peBOdwY  TTAAPWS  AUTOPOTOTTOINUEVNG  KATATUNONG,
Baociopévwy oTn unxaviky puddnon (machine learning), ol oTToieg PTTOPOUV va ETMITUXOUV
eCalpeTikG ammoteAéopaTa. Opwg, autég ol péBodol, avTIPeETwTTICouv onPavTIKA TTPoRARKaTA
[10] Trou eptrodiCouv TNV UIOBETNON TOUG OTNV KAIVIKA TTPAEN. Zuykekpipéva, n dUoKoAia
yevikeuong oe AyvwoTa dedopéva Kal n o atToudia evog PNXAVIOUOU YIO EKTETOUEVEG
Ol0pBwaelg Kal BEATIWOEIG TOU JOVTEAOU Kal TOU ATTOTEAEGUATOC atrd Toug XproTeg [4], [11],

ATTOTEAOUV TIG KUPIOTEPEG TIPOKANTEIG.

H diadpaoTikr) pnxavik padnon (Interactive Machine Learning - IML) KaAUTITEl TO KEVO
avAUEDa O€ XEIPOKivNTn KAl TTAAPWG QUTOMATOTTOINMEVN KATATUNGOT, EMITPETTOVIOG OTOV
XPAOTN va eKTTaIOEUTEl €va JOVTEAO EOTIOONEVO OTOV EKAOTOTE ACBEVT]. ZUYKEKPIPEVA, HECW
yPNYopwv Kal adpwv oXediwv, 0 XPAOTNG MUTTOoPEl va ekTTaIdeUoel éva POVTEAO WOTE va
avayvwpilel TIGC OIAPOPES TIEPIOXEG TNG OVOTOMIAG. ZTn OUVEXEID, TO MOVTEAO auTO
XPNOIUOTIOIEITAI VIO VO TTPAYHUATOTTOINCEl KATATUNGN OAGKANPNG TNG ATTEIKOVIOTIKAG £6£TAONG
[5], [12]-[14]. 'Eva onuavTikd TTAEOVEKTNMO TwV dIAdPACTIKWY TTPOCEYYICEWY €ival TTwG

TTAPEXOUV TNV dUVATOTNTA YIO TAXEIEG BEATIWOEIG O€ TTEPITITWON COAAUATWY, CUVHBWG HECW
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agloTroinong VEwV oXediwV Tou XpRoTn TTAVW OTIC E0QAAUEVEG TTEPIOXEG. Me auTo Tov TPOTTO,
N TeAIK KATATUNON TEiVEl va TTANCIACEl TO BEATIOTO ATTOTEAECUO WG OUVAPTNON TOU XPOVOU
TToU a@iepwveTal oTn Oladikaoia. AUo OnuUOQIAN epyaAeia TTOU TTPOCQPEPOUV  TETOIO

AeiroupyikétnTta gival 1o ITK-SNAP [11] kai To 3D Slicer [15].

& auTthv Tnv epyacia, TpoteiveTal pia IML péBodog TTou XpNOIWOTIOIEl TTPOCAPHOCTIKOUG
XAapTeG yewdauTikAg atréoTaong (Adaptive Geodesic Distance - AGD) [16] pali pe éva
ouvolo ammd Mnxavég Alavuopdtwy YTmoothpigng (MAY), woTe va TTpayuatoTToInoel
O1adPaCTIKN KATATUNON 10TPIKWV €IKOVWY. H péBodog dev e€aptaTal amd Ttov TUTTO Kal TIG
OIA0TACEIC TWV EIKOVWY, EVW TTOAUTTAPAUETPIKES EIKOVEG ITTOPOUV VA XPNOIKOTTOINBoUV WG
gioodog. Emiong, uye tn PonBeia €1dikwy, TTPAYMOTOTIOIEITAI CUCTNMATIKA afioAdynon Tng
amoédoong TNG TIPOTEIVOUEVNG MEBODOU £vavTtl XelpokivnTng KaTATNoNng, Yia OIAQOopPES
OVOTOMIEG KOl OTTEIKOVIOTIKEG TEXVIKEG. H agloAdynon atmmookoTrei oTn oUyKPIoN WG TTPOG TV
TaXUTNTA, TN XWPEIKA ETTIKAAUYN KOl Trp CUVETTEIQ TWV TTOPAYOUEVWY KATATUAOEWY PETAEU

OIAPOPETIKWY XPOVIKWVY CNUEIWVY KOl XpNOTWV.
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2. ElocaywyIkég évvolgg

2.1. AKTivoAoyia

H akTivoAhoyia eival pia SIEMOTNUOVIKA 1ATPIKN €I0IKOTNTA TTOU €0TIAlEl OTNV avAAuon
IATPIKWV EIKOVWY yia Tn d1dyvwaon Kal Tn Bepatreia aoBeveiwv [17]. Ta Tnv amokTtnon Twv
IATPIKWY EIKOVWY XPNOILOTTOIOUVTAl DIAPOPESG TEXVOAOYIEG OTTWG N HAYVNTIKA Touoypagia
(MRI - Magnetic Resonance Imaging), n agovikrj Topoypagia (CT - Computed Tomography),
n Todoypagia ekTmouTig Troditpoviwv (PET - Positron Emission Tomography), n
aKTIVOypa®ia kal o utrépnxog. Emeidr) n aktivoAoyia cival évag eupug KAAOOG TTou
QvaTITUOOETAl OUVEXWG, TTOANOI aKTIVOAGYOI £E€1BIKEUOVTAI O€ éva PHEPOG TOU cwuaTtog [18],

WOoTG00 UTTAPXOUV KAl YEVIKOI AKTIVOASGYOI.

H diayvwoTikr) akTivoAoyia eival pia utroeidIKOTATA TNG OKTIVOAOYIOG, TTOU ETTIKEVTPWVETAI
oTnNVv XPAON 10TPIKWY EIKOVWY HPE OKOTTO TN OIAYVWON TNG QITIOG TWV CUPTITWHATWY £VOG
aoBevoug, Tov éAeyxo yia dId@opeg aoBEéveleg Kal TV TTApaAKoAouBnaon TG atrokpiong evog
aoBevoug o€ pia Bepatreia [19]. H diayvwaoTiKA akTivoAoyia gival évag onUavTIKOg TONEAG TNG
IaTPIKAG, KABWG gival évag ao@aAAg Kal un TEURATIKOG TPOTTOG yId TNV EKTIUNON TNG UYEiag.
H emeufarikr akTivoAoyia eMIKEVTPpWVETAl TNV UTTORoRBnaon kal kaBodrynon Bepatreiwy ol
OTTOiEG €ival eAAXIOTA ETTEUPRATIKEG, TTEPIOPICOVTAG TNV AVAYKN YIO XEIPOUPYIKN eTTéuBacn. H
TIPOKTIKA XPNOIYOTTOIEITAl aTTd YIOTPOUC YIa ETTEUPRATIKEG BladIKaaieg OTTWG N el0aywyr £vog
kKaBethpa oTIg PAEBeS [19] ) didvoitn piag aptnpeiag [20]. AN TTapadeiyhaTa eTTEUPRATIKAG
aKkTIvoAoyiag atroTteAouv n Bioyia opyavwy, 0 eUROAICUOS yIa ToV EAeyX0 TNG algoppayiag Kai

n ayyeloypaegia.

2.2. laTpikn arreikévion

laTpik aTtreikévion €ival n pn €mepBatikh diadikaoia TTapaywyns EIKOVWY TOU ECWTEPIKOU

TOU OWMPATOG YIa KAIVIKOUG OKOTTOUG. OI 1aTPIKEG EIKOVEG €ival OUVABWGS AoTTPOPAUPES Kal
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E€Xouv KATToleg 1IB16TNTEG TTOU TIG BIAQOPOTIOIOUV aTTd TIG €IKOVEG TTOU KaTaypd@ovTal atro

PWTOYPAPIKEG KAUEPEG.

‘Eva  onuavTtikd XapaktnpIioTIKO TwV 1ATPIKWV  EIKOVWY  €ival OTI UTTAPXOUV TTOAAEG
OIAPOPETIKEG TEXVOAOYIEG TTOU XPNOIYOTTOIOUVTAI YIO TNV QTTOKTNON OQUTWV TWV EIKOVWY,
YVWOTEG WG aTTEIKOVIOTIKEG HEB0DOI (modalities). KaBe ameikovioTiKy péBodog Trapdyel
QTTOTEAETUATA TTOU £XOUV JIAPOPETIKA OWn atrd TIG UTTOAOITTEG Kal KABE YEBODOG eEUTINPETEI
O1aQOPETIKOUG OKOTTOUG. AUO dNUOPIAEIG ATTEIKOVIOTIKEG WEBODOI, TTOU XPNOIUOTTOIoUVTAIl KAl
oTta TEIpdPaTa autriig TNG €pyaciag, civar n payvntiky touoypagia (MRI - Magnetic
Resonance Imaging) kai n a&ovikr) Topoypagia (CT - Computed Tomography). O1 €ikdveg
MayvNTIKAG TOPOYPOQIOg TTApAYoVTal XPNOIMOTTOIWVTOG PADIOKUMATA KOl HUTTOPOUV VA
EMTUXOUV UWNAG emmiTredo  Aetrropépeiag. AT Tnv  AGAAN, O 0&OVIKOi TOPOYPAaQOl
XPNOIYJOTTOIOUV QKTIVEG X, KOOTICOUV AlYOTEPO KAl TTPOTIMWVTAI VIO TNV ATTEIKOVION OpYyAvWwY

KOl OOTWV.

Ymdapxel éva  TARBOG TTPWTOKOAWY atmoékTnong (acquisition protocols) yia  kd&6e
QTTEIKOVIOTIKN JEB0DO, Ta OTToIa £X0UV DIAPOPETIKEG KAIVIKEG EQAPUOYEG. EIKOvES atrd Tnv idia
QTTEIKOVIOTIKI] HEBOBO OAAG pE BIOPOPETIKO TTPWTOKOAAO aTTOKTNONG MTTOPOUV va AngBouv
Kata Tnv idia egétaon Tou aocBevolg, XPNOIYOTIOIWVTAG TO D10 unxavnua. MNa Tapddeyua,
oTa TEIpdPaTa  aTTEIKOvVIoNG acBevwv Pe yAoloBAGCTwUA, XPNOIMOTIOINBNKav TEooepa
TTPWTOKOAAQ aTTOKTNONG PAYVNTIKAG Topoypagiag: T1 kar T2, Ta oTtroia eival Ta Bacikd
TTPWTOKOAAQ TTOU deixvouv Kupiwg AITTog Kal peuaTd, avTioToixa, T1CE (T1Gd) 1Tou TrepIExel
TTANPOPOPIEG OXETIKA HE TNV AYYEIOYEVEDHN KAl TNV AKEPAIOTNTA TOU QINOTOEYKEPAAIKOU
Ppayhou oTov OYKO KOl aTTaITeEl Tn Xoprnynon €&vog aKTIVOOKIEPOU UAIKOU - TTapAyovTa
avTiBeong (contrast agent) otov aocBevi kai To TPWTOKOAAO FLAIR, TO o110i0 TOViC€El TOV OYKO
Kal TNV o1dnuatwdn Tepioxr yupw Tou [6], [21]. O1 eikdveg TTou AaupdavovTal e SIaPOpETIKA

TIPWTOKOAAQ ATTOKTNONG MTTOPOUV va €UBUypauUIoTOUV, OUTWG WOTE VA ava@épovTal oTo
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idl0 ocuoTNUA CUVTETaYUEVWY, PEOCW KATAAANANG Sladikaociag suBuypdupiong (registration).
Q¢ atmoTéAeopa, auTéG O EUBUYPANMIOUEVES EIKOVEG UTTOPOUV VA UTTOOTOUV ETTEEEPYOTIA WG
Mia eikova pe TTOANG kKavaAia, 0TTwg cupPBaivel ouviBwg ue Ta kavaAdia R/G/B Twv KavoviKwv
EYXPWHWY EIKOVWY, ETTITPETTOVTAG £TOI TNV €QAPUOYH dIa@opwy KoV PeBodoAoyIwy Tou

mediou TNG 6pACNG UTTOAOYICTWV.

Mia 1atpIkn €IkOva €xel cuvhnBwg 2 1 3 diaoTtdoelg. O1 TpeIg KUPIEC KATEUBUVOEIG-01a0TATEIG,
NG TPICBIACTATNG €IKOVAG, opifouv avd OUO TOUG KUPIOUG TTPOCAVATOAICUOUG ETTITTEOWV
ToMNG (eykapaio, ofeAiaio, aTe@aviaio). XpnoIMOTToIWVTAG dIoBIACTATEG TOMEG TTOU GVIKOUV
o¢ éva atrd Tou TPEIG AuTOoUG TTPOCOAVATOAIOUOUG, WTTOPEI va TTPAYMOTOTTOINBEI OTITIKA
€MBewpPNon Twv TPICOIACTATWY EIKOVWY o€ 086vn dUo dlaoTacewv. Ol 10TPIKEG EIKOVES
MTTOpOUV £TTioNg va £€xouv 4 diacTtdoelg, O0TTou n TéTapTn didoTaon eival o Xpévog. Or1 4D
€IKOVEG €ival OUCIAOTIKA dia oglpd TPIoOIGOTATWY EIKOVWY TTOU OTTOKTABNKAV o€ éva HIKPO
XPOVIKO S1a0Tnua Kal €ival KAIVIKA XPAOIYES yia TNV TTapakoAouBnon Tng Asitoupyiag evog
BioAoyikoU pnxaviopou, O0TTwg n por Tou aiyatog f n ofuydvwoer). O1 TETpadIdoTaTEG EIKOVEG
HTTOPOUV va €TMOewpnBoUV OTITIKA PE TOV idI0 TPOTTO WE TIG TPIOBIACTATEG, APKEI VA UTTAPXE!
eMTPO0BETA €vag PnXaviouog, OTmwg éva ypagikd widget oAioBnong, yia evaAiayr) Tou

XPOVIKOU OnEiou TToU €TTIBEWPEITA.

O1 kKaTaTunoEIg gival YIa €1I0IKA TTEPITITWON IATPIKWY EIKOVWY, TTOU XPNOIYOTTOIOUVTAl VIO TN
onpavon  TTEPIOXWY  evOIAQEPOVTOG O€  dia  atrelikovioTik  €&étaon. Eivar  Tummiké
EUBUYPAUUICUEVES [E TIG EIKOVEG TTOU TTEPIYPAPOUV, VW Ta pixels/voxels Toug £xouv Tiun 0
TTavToU, eKTOG aTTd T pixels/voxels TTou KAAUTITOUV TTEPIOXEG EVOIAPEPOVTOG, TA OTTOIA £XOUV

Mia SI0QOPETIKN aKEéPaIa TIUA YIa KABE TTEPIOXN.

Mia akOun onPAvTIK TITUXH TWV IATPIKWY EIKOVWYV €ival TTwG N QUOIKN attéoTacn PHETAEU TwV
voxels, TTou ouvnBwg avaépeTal W “spacing”, YTTopei va TToIkiAAEl o€ KABe didoTaon. Autd

oupBaivel emeIdA n ameikévion Aappaveral wg pia oeipd atrd diodiaoTaTeg eIkOveg (slices), ol
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OTTOIEG OTn OUVEXEID Ouyxwveuovtal o€ pia TpiodidoTtarn. H amdotaon MeTagU Twv
QTTOKTNOEIOWY TOPWY OUVABWG €ival dIAQOPETIKA atrd Tn QUOIKA aTmOCoTOaCN METALU TWV
voxels TG ToNG. MNa TNV AvTIMETWTTION TwV TTPORBANUATWY TTOU TTPOKUTITOUV, Ol aAydpiBuol
ouvnRBwg PeTaoxnuaTifouv TIG €IKOVEG, WOTE VO €XOUV TV idIa QUOIKH attdéoTacn o€ OAEG TIG
d1a0Ta0€Ig. MeTG TNV UTTOAOYIOTIKA avAAuCH, O AAyOpIBUOI ETTAVAQPEPOUV TO ATTOTEAETUATO
oToV apyXIKO Xwpo. H diadikacia TTou XpNOIKMOTTOIEITAl YIA TOV HETAOXNUATIONO TOU HEYEBOUG
Kal TNG QUOIKAG atrdéoTacng ava didotacn piag €IKOVOG OVOUACZeTal ETTAVODEIYHATOANYIO

(resampling).

2.3. Texvoloyieg amroBnKeuong Kal HETAPOPAS IOTPIKWYV EIKOVWV
2.3.1. NIfTI

Ta NIfTI-1 kai NIfTI-2 (.nii A .nii.gz) ival TTPOTUTTA KAl JOP@PEG aTTOBKEUONG OEQOUEVWY TTOU
XPNOIMOTTOIOUVTAI YIO TNV ATTOBNKEUCT IATPIKWY €IKOVWY. Eival ammAd TpdTuTTa e auoTnpoug
KAvOVeG Kal auto €xel CUPPBAAEl oTnv uwnAnR Toug uloBEéTnon o€¢ gpeuvnTIKA TTEPIBAGAAOVTA.
Qot600, o1 eikdveg TOU amoBnkevovtal PE  aQuTOvV  TOV  TPOTTIO  Oev  TTEPIEXOUV
METO-TTANPOQOpPIES, KATI TTOU eUTTOdICEI TNV UIOBETNOT TOUG KAIVIKA.

2.3.2. DICOM

To DICOM (Digital Imaging and Communications in Medicine - Wnelakn ameikévion Kai
ETTIKOIVWVIa oTnVv 1aTpIKA) [22] gival éva TTPOTUTTO yIa TV ATTOBAKEUCT IATPIKWY EIKOVWY Kal
METO-TTANPOQOPIWYV OXETIKA ME auTéG. XpnoldoTtroleital €€  OAOKANPOU OTa  KAIVIKA
TTEPIBAAAOVTO Kal UIOBETEITAI OAO Kal TTEPIOCOTEPO OTNV E£peuva. Ta TTEPICCOTEPA IATPIKA
punxavAuata Trapdyouv Ta atmoteAéopatd Toug oe popery DICOM. O1 peta-TrAnpogopieg
MTTOpOUV va  atroBnkeutouv péoa otnv  Ke@aAida (header) Tou apyeiou o€ Ceuyn
KA€IBIOU/TINAG, TTou ovopalovTal €TIKETA/XapakTnpIoTIKG (tag/attribute). MNa mapddeyua, n
ATTEIKOVIOTIKI) pEB0dOG atmmobnkeveTtal otnv eTikéTa "(0008,0060)". AAeg TTANpOQYOpPiEG TTOU

MTTOpOUV va ammoBnkeuTtoUv eival To Ovopa Tou acBevolg, n nUEPOMNVia ammokTnong, To
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ovopa TNG PEAETNG OTNV OTToia avAKEl N €IKGVA Kal TO TTPWTOKOAAO atTokTnong. O1 €IKOVEG
TTou gival ammobnkeupéveg o pop@pr) DICOM ptropouv va gival €€ oAokAfpou o€ éva apyeio
Holpaopéveg o€ TTOAAG, OTTOU TO KOBEva TTEPIEXEl JOVO Wia Tour. H TeAeuTtaia TTpooéyyion
ATav 1m0 XPNOoIUN oTo TTapeABdVY, KABWG ETTETPETTE TO SIAUOIPACHO MIOG PEYAANG E€IKOVAG
XPNOIMOTTOIWVTAG TTOAAATTAEG OUuOKeUEG ammobrikeuong, 6TTwg Ta DVD. Mpétrel emiong va
onpeIwBEei 6T TTOAAEG aTTd TIG TTANPOPOpieg aTnVv kKe@aAida atroteAolv PHI (Protected Health
Information - MpooTaTeudpeveg TTANPOPOPIES UYEIOG) KAl TTPETTEI VO UTTOOTOUV £TTEEEPYaTia
yld va avwvupoTtroinBolv Otav XENOIYOTTOIOUVTal YIO €PEUVNTIKOUG OKOTTOUG. TEAOG, TO
DICOM o&éxetal KpITIKA €TTEION OV €ival auaTnpod TTPOTUTTO, KaBWG OUO £TAIPEiEG EVOEXETAI VO
ammobnkelouv dedopéva e BIaopPeTIKO Kal acUuBaTto TpoTo, TTapdAou TTou Kai o1 duo
atmmoBnkevouv Ta dedopéva oe DICOM. Qg atrotéAeaua, TTOAAEC epapuoyEg, OTTwg To MITK
[23], éxouv é€va ouvolo dlagopeTikwy reader (avayvwoTwy) DICOM, atd Sia@opeTIKOUG

opyaviguoug Kal TTpocTTabouy va XenoIUoTToloUV auTOUATA TOV TTI0 oUuBaTo.

2.3.3. PACS

To PACS (Picture Archiving and Communication System - 200Tnua apxelo8£Tnong eiIkévwyv
Kal ETTIKOIVWVIAG) €ival pia TeEXVOAoyia TToUu XENOIYOTIOIEITAI yIa TNV ATToBriKeuan Kai
avakTNon 1aTPIKWY EIKOVWY 0€ VOOOKOMEIOKO TTEPIBAAAOV, ue Bdon To TTPWTOKOAAO DICOM.
AtroteAeital amd évav Kevipikd “OlakouioT)” (server) oTov oTroio atrobnkevuovial 6Aa Ta
oedopéva kal didopoug “TreAdTeS” (clients), dnAadry TTpoypduPaTA, TTOU TPEXOUV OTOUG
UTTOAOYIOTEG TwV yiaTpwy. Me autd Tov TPOTTO, OI EIKOVEG Oev XPEIAZETAl VA PETAPEPOVTAI
€VTOG TOU VOOOKOUEIOU XPNOIUOTTOIVTOG QUOIKEG OUOKEUEG, AANG PETA@EPOVTAl HECW TOU
OIKTUoOU. Kd&Be yiatpdg, tou dikaioUutal TTpooBacn o€ kdtoia dedouéva, UTTopEl va Ta
e€etdoel yéow Tou Trpoypdupatog-reAdTn PACS. ‘Eva PACS €xel ettiong Tn duvatdétnta va
EUQaviCel 1aTPIKEG EIKOVEG, XWPIG va UTTApXEl N avdykn Xpnong €SwTtePIKOU AOYIOUIKOU.
EmmAéov, pe Tn BonBeia TexvoAoylwv atmmouakpuapévng mmpoéoBaocng, 6w 10 VPN, éva

PACS utropei va emiTpéyel TV a0QaAf TTPOCBACN OTIG I0TPIKESG EIKOVEG O€ yIATPoUG OTavV dev
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BpiokovTal eVTOG TOU VOOOKOMEIOKOU XWpou. H ac@dAeia Tou DIKTUOU Kal TG UTTODOURG Eival
eCaIpeTIKA onuavTikh, O10TI TO CUCTNPAO TTEPIEXElI TTPOCWTTIKEG TTANPOPOPIEG TOU a0BevOoUC.
Etriong, dedopévou OTI gival éva TTOAU autopartotroinpévo ouotnua, éva PACS ptropei va

MEIWOEI ONUAVTIKA TO KOOTOG diaxeipiong dedopévwy.

Ta TeAeuTaia Xpovia, €xouv augnBei ol eTaipeieg TTOU €1I8IKEUOVTAI OTAV AVATTTUEN AOYIOUIKWV
PACS Trou amoBnkelouv TIG I1ATPIKEC €IKOVEG OTO cloud TnG eTaipeiag, avti yia évav
OIOKOMIOTH] €viOG TOU VOOOKOUEIOKOU Xwpou. AUTEG oI eTalpegieg @povTiouv €TTiong TO
Aoyiouiké “TreAdTn” (client) TTou Tpéxel 0TO OTABUO £pyaciag Twv yiIaTpwy. XpnOILOTTOIWVTAG
éva PACS tou Bacietar oto cloud, To voookoueio dev XpelddeTal va atmaoXoAesi €181ké
TIPOCWTTIKO KOl va OuvIinpei Tov KEVTPIKO OIOKOMIOTH, KaBWG TETOIOU €idoug eTaIpEieg
HTTOPOUV va TTAPEXOUV AUTEG TIG UTTNPECIEG yia pia TTepIodikA auolfr. Auti n kivnon 6a
MTTOpoUCE €TTionNg va aufAoel Tnv ac@aAela Twv OedouEvVwy, ETTEION MIO E€TAIPEIQ TTOU
e1dIkeveTal oTnv avattuén PACS 81a6£Tel TTpOoypaupaTIOTEG TTOU €1I8IKEUOVTAI OTNV ao@AALIa,

TToU ouvhBwg dev cuuBaivel o€ €va VOOOKOWEIO.

2.4. ZroIxeia avaTopIKAG Kal I0TOAoyiag

e auty TNV gpyacia, TTpaydatoTroinenkav  TEoOEPIG  UEAETEG, TIOU  agopoucav

yAoI0BAGOTWA, TTVEUPOVIKOUG 6J0UG, OYKOUG TOU HAOTOU KAl EIKOVEG OTTANVAG.

2.4.1. Kapkivog

O «kapkivog eival éva oUvoAo acBeveldv TIOU  OXETICOVTAl HPE TOV  QVEGEAEYKTO
TTOAATTAQCIOONO PN QUOIOAOYIKWY KUTTApwY OTO OWHA. ZUJewva e 10 Maykdouio
Maparnpntfpio Kapkivou (Global Cancer Observatory) Tou AieBvoug Opyaviouou ‘Epeuvag
yla Tov Kapkivo (International Agency for Research on Cancer), utmpxav mavw atmé 18
EKATOPHUPIO VEEG BlayvWwOoElg Kapkivou To 2018 TTayKooMiwg, evw TTAvw atro 9 ekatoppupia

avBpwTrol £xacav Tn {wr Toug Adyw TnG vooou Tov idlo Xpdvo [24].
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O1 KUpleg aiTieg TTOU TTPOKAAOUV KOPKIVO €ival n Xprion KAtvou TToU QVTITIPOOWTTEUEl TO
25-30% Twv Bavatwv, n diatpo@r) TToUu avTipoowTrelel 10 30-35%, o1 AOINWEEIG TTOU
AVTITTPOCWTTEUOUV TO 15-20% Kal YEVETIKA TTPOPAAMATA TTOU QVTITIPOOWTTEUOUV TO 5-10%. Ol
UTTOAOITTEG TTEQITTTWOEIG atrodidovTal o€ GAAoUg TTapdyovTeg OTTWG N OKTIVOBOAIa, TO OTPEG,
N owuatikn dpacTtnpIdTNTa Kal o1 TTEPIBAAAOVTIKOI pUTTol [25]. Aedopévou OTI 0 TPOTTOG CWAG
Traiel 7600 onuavTikd péAo, TTOAAOI aTTé auToug Toug BavdaToug uTTopolV va TTPoANPBoUV e
TN OIOKOTIA TOU KATIVIOPATOG, TN PeATIwWOoN TNG dIaTPOPAG, TOV EUROAICCNO, TNV CWHATIKA
aoknaon Kai TV atroguyn dueong ékBeong oTtov NAIo. Ta €idn Tou Kapkivou gival EKaTOVTADEG,
MTTOpOUV OHWG va opadotroinBolv oTic 5 KUpleg katnyopieg [26] TTou TreplypdgovTal

TTOPOKATW.

To kapkivwua geKivagl oTa €MONAIGKA KUTTOPA, TA OTToia BpiokovTal 0To OEPUA ) o€ AeTITd
OTPWHATA OTA TOIXWHATA TWV aAIHOPOPWY ayyeiwv 1 oTo €EWTEPIKO TWV OPYAVWV.
KoAuTrTouv e1miong 10 OTABOG Kal T KOINIAKK) KOIANGTNTA. Ta TTEPIOTOTEPA KAPKIVWUATA
onuioupyoUlv cupTtrayeic oykoug [27]. O kKapkivog Twv TIVEUPOVWY, TOU POOToU Kal TOU
TIPOOTATN  AVAKOUV  OTa  KApKIivwpata. Eivar o mMo  Koivog  TUTTOG  KOpPKivou,

QVTITTPOOWTTEUOVTAG TTEPITTOU TO 85% TwV TTEPITTTWOEWV 0TO Hvwpévo BaaiAeio [26].

To odpkwua &eKivael o€ OUVOETIKOUG 1I0TOUG, OTTWG O0Td, vEUPQ Kal HUES TTOU UTTOOTNPICouV
Ta Opyava [27]. To OGpKwHPA AVTITIPOOWTTEUEI TTEPITTOU TO 1% TWV TTEPITITWOEWY [26].
YTrdpyxouv U0 UTTOKOTNYOPIEG CAPKWHATOG, TO OAPKWHA OOTWYV KAl TO CAPKWHA HAAAKWY

Mopiwv.

Acuxaiuia ovouAaZeTal 0 KAPKIVOG TWV AEUKWYV dlgoo@aipiwy. MNpokaAcital étav o HUEASS TwV
00TWV dnNUIOUPYEi Evav PeYAAO apIBUO BUCAEITOUPYIKWY AEUKWY aIJOCQaAIpiwy, Ta OTToia OTN
OUVEXEID OuoowpelovTal OTo aiya. H Asuxaipia avTimmpoowTrelel Trepimmou 170 3% Twv

TTEPITITWOEWY, AAAd gival O TTI0 KOIVOG KapKivog oTa TTaidid [26].
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To Aéupwua eival KAPKiVOg TTOU EekIvd 0€ KUTTAPA TOU QVOOOTIOINTIKOU CUCTANATOG,
OUYKEKPIYEVA OTa AEP@IKA KUTTapa. To Aep@ikd ouoTnua atroTeAei €va dikTuo ayyeiwv Kal
adévwy TTOU AEITOUpYEl WG QIATPO yIa TO CWHATIKA Uypd KAl KOTATTOAEPE POAUVOEIG.
AtroTeAeital atmd TOug Agp@adéveg, Ta Acu@ayyeia kal Tov oTmAfva. Ta OucAeIroupyikd
AepokUTTapa TTOAAATTAQCIACOVTAI YPHYOPa KAl JTTOPOUV VO CUCCWPEUTOUV OTO HUEAS TWV
OOTWV Kal OTOV OTTAVA Kal VO TTPOKAAECOUV OYKOUG. To AEQWPa avTITTIPOOWTTEUE! TTEPITTOU

10 5% TWV TTEPITTTWOEWV [26].

O1 kapkivol Tou eyke@pdAou Kai Tou vwriaiou pUEAOU Eekivouv o€ KUTTAPA TOU KEVTPIKOU
VEUPIKOU OUOTAUATOG. TO yAoiwpa, o Mo Kovég TUTTOG, a@opd OYKOUG TOU €YKEQAAOU TTOU
avatmrtuooovTal atmd Ta yAolakd KUTTapa. Or dykol Tou eyke@aAou gival 1IdiaiTepa €IKivOUVOI
€TTEION YTTOPOUV VO ETTNPEAOOUV PEPN TOU EYKEPAAOU TTOU €ival ONUAVTIKA yia Tn {wr Kal n
£€yKaipn avixveuor Toug €ival dUOKOAN. AuUToU Tou €idoug Ol KAPKivol avTITTPOCWITTEUOUV

TTEPITTOU TO 3% TWV TTEPITITWOEWY [26].

2.4.2. TAoioBAdoTWHA

To yAoloBAdoTWA gival pia katnyopia KakornBwyv 6ykwyv Tou eyke@alou. Katatdooetal wg
“‘BaBuou IV” otnv KAigaka Tagivéunong tou MNOY (Maykdopiou Opyaviopou Yyeiag) [28]. MNa
va TagivounBei wg “Babuou IV?, évag TUTTOG OYKOU TTPETTEI VA EPPAVICEI EKOECNUATUEVN
avatrAagia, auénuévn JITWTIKR dpacTneIdTNTA PE EVTOVO PIKpoayyelakd TTOAaTTAaciooud 1 /
Kal VEKpwan. To yAOIOBAGOTWHGO avaTTapayeTal YPHyopa Kal ETTEKTEIVETAI ETTIBETIKAG [28], [29].
ZUpowva Pe pia PeAETn otnv AyyAia, n omoia egétaoce 10.743 aoBeveig ye yAoloBAdoTwua
[30], n péon ouvoAiki emBiwon ATav 6,1 pAveg Kal ol acBeveig gixav mOavoTnTa 28,4%,

11,5% ka1 3,4% va empiwoouyv 1, 2 kai 5 xpdvia avrioToixa.

Ta yAoloBAacTwuata givar pgeyGAa kal €xouv ouvBetn doun. Xwpifovral ge dU0 KUPIES

UTTOTTEPIOXEG, TOV TTUpfiva Tou éykou (TC - Tumor core) kal To TrEPIECTIOKG oidnua (ED -
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ZxNua 1: Eikéveg yAOIOBAQCTWHATOG TTOU QTTOKTHONKAV XPENOIUOTTOIWVTAG OIAPOPETIKA
TPpwTOKOAa atoktnong (FLAIR, T1, T1CE kai ED). H ET mepioxn €xel yeydAn €vraon oTo
T1CE. H NE Trepioxn eival n okoupa treploxr trou trepikAgietal ammé Tnv ET oto T1CE. H ED
mepIoxn eival 0Aa Ta voxels mou dev aviikouv o€ NE kai ED, evw €xouv uwnAn évraon oTo
TTPWTOKOAAO FLAIR.

Peritumoral edema). O TTuprjvag Tou OyKou XWpPIiZeTal £TTIONG OTO TTEPIOXIKA PN-EVIOXUUEVO
TuAPa (NE - Non-enhancing tumor core) kai oto TrepioxIKG evioxuuévo Tunpa (ET -
Enhancing tumor core) [31], [32]. Ta uTtoTPAPATA TOU TTUPAVA TOU OYKOU Traipvouv Ta
ovouatd Toug atd To €dv eu@aviCouv uwnAn évracn oe eikdveg T1CE (T1Gd), perd n
xopnynon evéog mrapdyovia avtiBeong. YTApXOUV WOTOCO Kal UTTOKEINEVEG Bla@opés. To
MN-EVIOXUUEVO TUAMA QTTOTEAEITAI KUPIWG OTTO TTPO-VEKPWTIKOUG KAl VEKPWTIKOUG I0TOUG TOU
TTUpAvVa TOU OYKOU, €VW TO EVIOXUUEVO TURPO Bewpeital 6T gival o evepyd [32]. Opwg, 10
MN-evIOXUuEVOo TUAMa Bewpeital emmiong 611 gival dINBNTIkG o€ Ké&tolo Babuod [33]. TéAog, 1O
TTEPIEOTIAKO oidnua TTEPIBAAAEI TOV TTUPriva TOU OYKOU Kal £XEl UWPNAR €vTaoon o€ €IKOVEG
T2-FLAIR. Meprypdpel TIG TTEPIOXES 0IBNUATWOOUG AEUKNG ouaiag 0Tov QA0IO TOU EYKEPAAOU.
H trepioxn) tou oidiuarog (ED) utropei emiong va trepiéxel mpooReBAnuévoug 10Toug. H
mooéTNTa TNG dIEicduong KAPKIVIKWY KUTTApWY OTnV oidnuatwdn TTepIoX KupaiveTal
avaAoya Pe TNV amméoTaon VoG onpeiou atrd Tov TTupriva Tou éykou [6]. MNa autd 1o Adyo, o€
XEIPOUPYIKEG ETTEPPACEIC APAipECNG TOU TTUPHVA TOU OYKOU, A@AIPEiTal ETTIONG éva HEPOG TOU

TTEPIPEPIKOU 0IOAUATOG KOVTA OTOV TTUPAVA, WG TTPOQUAAEN.
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2.4.3. Nveupovikoi 6ol

O1 Trveupovikoi 6ol gival PIKpEG PAdeg TTou ep@avidovTal OTOUG TTVEUNOVEG Kal UTTOPED va
€ival KApKIVIKoi 1] KaAonBeIg. ZuvnBwg £xouv dIAUETpo HIKPSTEPN atTd 30mm Kai gival opaTtoi
0€ aoVIKEG TOPOYPOAWIES Kal akTivoypaieg [34], [35]. O evtotmoudg Kal n Tagivounon Toug o€
KApKIVIKOUG A KOAOABEIG cival pia atraitnTiky Sladikacia [36], AOyw Tou PIKpoU JeyEBoUg Toug
KAl TNG OMOoIOTNTAG WETAEU Twv duo TUTTWV. ETTiong, Adyw TOU PIKpoU peyéBoug Toug, AdBn
Kal avokpifBeleg oTnv  KATATUNon €mmnpedfouv  apvnTikd Tnv  Tagivounon kal  &AAeg
UTTOAOYIOTIKEG avaAUCEIG TTOU XPNOIUOTTOIoUV TNV KATAaTuNon wg €icodo [37], kabwg TéTola
A&Bn emTnpedlouv o€ peyaAo BaBuod Tov UTTOAOYICHS TOU YEWMETPIKOU OYKOU Kal TNV £§aywyn

XapakTtnpioTikwy (features).

2xNua 2: MNveupgovikdg 6Log TToU KATAAAUPBAVE! TV TTEPIOXN TTOU €ival ETTICNPOCPEVN WG
KOKKIVN OoTa O€€Id, O¢€ €IKOVA agOVIKAG TOPOoYpaPiag.

2.4.4. Kapkivog Tou paoTou

O kapkivog Tou paoTou cival pia aoBéveia TTou €TTNEEACEI JEYAAO TTOO0OTO TOU YUVAIKEIOU
TANBuopol. To 2019 otig HIMA, tepitrou 41.760 yuvaikeg TéBavav ammd auth Tnv acBéveia
Kal o€ Trepitrou 268.600 yuvaikeg o kapkivog Atav dinBnTikédg [38]. H TpdAnwn kai n éykaipn
avixveuon gival TTOAU OnNUAvTIKOi TTAPAYOVTEG OTAV KATATTOAEUNON TNG VOOOU. € QUTH TNV
epyacia, avaAubnkav  eikdéveg MRI  kakonBwv  TTEQITITWOEWY  OyKOU  pacTod.

Xpnaolyotroindnkav Tpeig €IkOveg ammd KABE QTTEIKOVIOTIKA €£ETAOT, €K TWV OTTOIWYV N dia
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QaTTOKTABNKE TTPIV aTTd TN Xoprynon mapdyovta avtiBeong kai ol dUo PETA.

2xAMa 3: H pikpn TepIoxA ME UWNAR €vTaon OTO KEVTPO aTTOoTEAE OYKO TOU PaoTOU.

2.4.5. Kardatunon omAnvog

H katdtunon omAnvég e€mIAEXONKE WG TTAPAdEIYHA KATATHNONG opyavwy, KABWwG TTOAAEG
EQAPPOYEG aTTAITOUV TNV KATATUNON cudTTaywyv opyavwy. EIdIKd yia OTTARVA, O YEWMETPIKOG
OYKoG Tou KaBWG Kal aAAayég oTo pEyeBOg Tou e TNV TTAPOdO Tou XPOVoU, UTTopolv va
ETTNPEACOUV TIC atToQdoelg Twv yiaTpwy [39], [40]. Mevikd, n Katdtunon opyavwy dIagEPEl
onPavTikd wg TPORANUa atrd TNV Katatunon Oykwy, €1Teldr] Ta opyava Teivouv va gival

MEYAAUTEPQ KOl VO £XOUV OUAAOTEPQ OpIQL.
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ZxAua 4: ACovikr) Togoypa@ia TTou aTTeIkoviCel OTTAAvVA (ETTIONUACHEVN TTEPIOXN).

2.5. Mnxavég Alavuopdtwy YTTooThpIgng

H péBodog TTou avatrtuxOnke o€ aQUTA TNV €pyacia xpnoigotrolei éva ouvoAlo [41] atrd
Mnxavég Alavuopdatwy YmooTtipiEng (MAY - Support Vector Machines) [42] yia va
mpayuatoTroifoel mpoBAEwelg. Ta MAY xpnoiyotrolouvtal yia Tagivounon (classification)
TTOMATTAWY ETIKETWY, OTTOU KABe pixel/voxel Bewpeital ave€dptnTo deiypa. Qotdéco, Ta MAY
MTTOpOUV va XpnoiyoTroinBouv kai yia TTaAivdépdéunon (regression), avTi yia Tagivounon, o€

GAAEG eQapuOYEG.

H Aemoupyia Twv MAY yivetal €ukoAOTEPa KatavonTtr yia Tagivounon Ociyudtwy o€ dUo
KAGoelig (katnyopieg). KdéBe O&eiyua xaptoypageitar wg éva onueio e €vav xwpo n
OlaoTAoEWY, OTTOU N 0 apIBudg Twv xapakTnploTiIkwy (features) Tou TpoBARuarog. Ta MAY
mpooTraBouv  va dlaxwpicouv Ta Ociypata  xpnoligotoiwviag  éva  (n-1)-didoTarto
UTTEPETTITTEDO, TUTTIKA ETTIAEYOVTAG £va UTTEPETTITTEDO TTOU dlaywpidel KOAUTEPA Ta SeBOMEVA
ekmraideuong o€ 2 kAdoeig. Kard tnv mapaywyr] Twv TTPpoBAéwewyv, Ta deiypata
XapToypagouvtal otov idlo n-d1doTaTO XWPO Kal dgiyyara TTou BpickovTal o avTiBeTeg

TIAEUPEG TOU UTTEPETTITTEOOU avaTiBevial oe dlapopeTikéG kKAAoelS. MNa mapddelyua, €av
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UTTApXouv OUO XapakTnpIoTIKG, TOTE TO n gival i00 PE 2 KAl CUVETTWG TO BIAXWPIOTIKO

UTTEPETTITTEDO Eival pIa euBeia ypauun.

O ypauMIKOG BIaxwpICKOG cival ypriyopog, aAAG Oev ptropei va TTpoo@épel BEATIOTA
atmoTteAégpaTa yia Ta TTEPIcOOTEPA TTPoBAAuaTa. To TrponyoUluevo Trapddeiyua eival
YPOUMIKOG dlaxwploudg, OTTou XpNOIKOTTOIEITAI JIa eUBEia yPAMN YA SIaXWPICHO BEIYUATWYV
ME dUO xapakTnpioTIKA. YTIApXEl, woTOO00, N avdykn yia XPron KAPTTUAWY avTi YPpauuwY,
onAadf avaykn yia PN YPOUMIKO dlaxwpiopd. lNa va avTINeETWTTIoTEl auTtd, 1o MAY
xpnoigotroiolv 10 “téxvacpa’ trupAva (kernel trick). Xpnoigyotroiwviag pn YPOUMIKES
ouvapThoelg TTUpAva, TTou Oev gival UTTEPPOAIKA aTTAITNTIKEG UTTOAOYIOTIKA, O XWPOG
XOPOKTNPICTIKWY PETATPETTETAI O £vav AANO XWpPo, uWwnAOTEPWY OIOOTACEWY. Z€ QUTO TOV
XWPO, TA ApXIKA XapakTNPIoTIKA hJeTaoxnuaTtiCovtal Kal ouvdudadovTal XpnoIJoTToOIVTaG ThV
ekdoToTe ouvdptnon Trupfva. Q¢ OTTOTEAECHA, O YPAUMIKOG TPOTTOG dlaxXwplouou, TTou
TEPIYPAPETAI OTNV TTPONYOUNEVN TTAPAYPAPO, UTTOPEI va XpnoIJoTToiNBei oTov VEO XWpPOo
XOPAKTNPIOTIKWY yia TNV €KTEAEON HN YPAPPIKOU dlaxwplopou. H emAoyn kai n

TTOPAMETPOTIOINON TG CUVAPTNONG TTUPHVA £EapTATAI TTO TNV EKACTOTE EQAPHOYH.

2.6. Emokomnon Twv peB6dwV KATATUNONG

‘Eva emTnpouuevo POVvTEAO PNXAVIKAG PABnong ekmaideveTtal o dcdopéva ic6dou, yia Ta
oTToia UTTAp)ouV dIaBEaIPEG o1 0pBEG onudAvoelg, Kal TTapdyel pia TTPORAswn (€60d0) yia véa
oedopéva xwpic onuavon. H un emmnpoluevn HABnon o&ev xpnolyotrolei dedouéva
ekTTaideuong pe onuavoelg, aAAd TpooTraBei va Ppel poTifa ota dedopéva Kal va Ta
opadotroifoel  avaAoywg. O1  nUI-ETITNPOUNEVEG TTPOOCEYYIOEIG XPNOIUOTIOIOUV  UEPIKA
Oedopéva €I0000U PE ONUAVOEIG JAdi PE MIO UWPNAR TTOOOTNTA PN ETTICNPOCPEVWY, KATI TTOU
gival xprioipgo étav uttdpyel peydAn moodtnta diaBéoipwy dedopévwy, aAAd Aiya atrd autd

gival emonuaocuéva Kal To KOoTog emiarjpavong eival uynAd. O TTepIcooTEPEG TUYXPOVES
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TTARPWGS autopateg péBodol BaaiovTal otn Pabid pddnon (deep learning). Autég ol péBodol

ouvnBwg xpeidlovtal peydAa ouvola dedopévwy e anUAvoElg.

‘Evag aAyopiBuog 1Tou xpenoIdoTToIEiTal £6W KAl APKETA XPOVIQ IO ETITNPOUMEVN KATATUNGN
gival o1 k-TrTAnoiéaTtepol yeitoveg (k-nearest neighbors). Acitoupyei pye Tnv TpoUTT60EON OTI
TTapopola  dsiyyata  Teivouv  va  Bpiokovtal Kovtd, OTav XapTtoypa@ouvTal Of €vav
TTOAUBIACTATO XWPO XapakTNPIoTIKWY. Eival évag apydc alyoépiBuog Tou atraitei amd Tov
XPAOoTN va emAEEEl TO Kk xelpokivnTa, HEow TTEIpapaTiodoU. Katd tnv Tagivounon, emAEyovTal
Ta TTANCIECTEPA, OTO deiyua DOKIUNG, OEiyMaTa EKTTAIOEUONG KAl WG ATTOTEAEOHA diveTal N
KAGON TTOU QVTITTIPOOWTTEUETAI OUXVOTEPA OTa K auTtd TTAnoIéoTepa deiypaTa ekTTaideuonc.

2UVIOTATAI N €TTIAOYA VOGS ovoU K yia TNV atToQuyr ICOTTAAIWY.

‘Evag dAAog TTapduolog aAyopiBuog TTou xpnoigoTroigital gival or MAY, TTou avaAubnkav o€
gexwpioty evotnta. Or MAY ptropoUv €TTiONG va TTPOCOPUOCTOUV YId VA eKTEAECOUV
NUI-EITNEOUKEVN Tagivounaon, Pe peBddoug 61Twe ol Transductive MAY (TSVM) [43], éTTou o
aAyOpIBUOG PTTOPET va XpNoIYoTToIfoel TG00 eTMONUAcuéva dedopéva eKTTaidEUONG 000 Kal

MN eTIoNUacpuéva yia Tn BeATiwon Tou PovTéAou.

O1 yéBodol ouvolwv/ouveévwong (ensemble methods) cuvdudlouv TTOANQTTAG JovTEéAQ Yia va
emMTUXOUV KaAUTEPA aTTOTEAéOHATA ATTO AUTA TTOU Trapdyel KABe povTéAo EexwploTd.
Zuvlwg, ol péBodol ouvoAwv ocuvdudlouv aduvauoug TagivounTeg, dnAadr pebddoug TTou
ouvnBwg éxouv uwnAn ToOAwon 1n dlakipavon, yia va OnuIoupyrjoouv évav 1oXupo
TagivounTr]. AOyw TnNG avtioTddpiong HETAtU TTOAwONG Kal SlakUPavong, Ta PJEPOVWHEVA
MoVvTEAQ pE XapnAn TTOAwON €xouv uywnAr diakUuavon Kal To QvTioTPo@o, OAAd PHECW TOU
ouvduaopoU PovTéAwV N emmidpaon eAaxioToTrolEiTal. YTTAPXouUv TPEIG BACIKOi TPOTTOI YIa
OUVOUOONO Twv atroTEAECUATWY TTOAAGTTAWY TagivounTtwy: bagging, boosting kai stacking.
2710 bagging, oI aduvapol TagIVOUNTEG eKTTAIBEUOVTAI AVEEAPTNTA KAl TO TEAIKO OTTOTEAEOUA

utToAOYiZeTal WG 0 PECOG 6pog GAWY TWV TagivounTwy, PEIWVOVTAG £T01 TN dlakUuuavon. MNa
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va ekTTaideutei 0 K&Be TagIvounTrG, ETIAéyovTal Tuxaia Ociypata amd Ta dedopéva
eKTTAi®dEUONG PE AVTIKATACTAON, TIPAYHA TTOU onuaivel 0TI dgiyuaTta TTou €TTIAEyovTal yia évav
TagivounTr] éxouv Tnv idla TOavoTNTa va ETIAEyoUv Kal yia évav aAAo. Ta Tuxaia ddon
(random forests) civalr pia dnUOPIARG TexVIKA bagging. Ze TeXvikég boosting, Ta &eiyuarta
£€xouv Bdapn, TTou onuaivelr OTI UTTAPXEl Pia PETABANT BavoTnTa va €TAEyoUV yia TNV
ektraideuon evog TagivounTtrh. Autd cupBaivel emeidn n ekraideuon o€ TeXVIKES boosting givai
Mo Sladoxikr dladikacia kair 01 TTapdAAnAn 6TTwg o€ bagging. Otav évag TagivounTtAg
ekTTaudeveTal, TA BEiypaTa TTOU TAEIVOUOUVTAl E0QOAREVA AauBdavouv uwnAdTepo Bdpog. Kat
QuTtév TOV TPOTIO, Ol TAEIVOUNTEG TTOU EeKTTAIOLUOVTAl OTn OUVEXEID, €XOouv uynAdTepn
meavoTNTa va eKTTAIOEUTOUV OTA OEiyUATA TTOU TTPONYOUNEVWG Tagivounenkav eoc@aAipéva.
AuTr n TeXVIKA deiwvel TRV TTOAwaon. H Texvikn stacking (oToifagn) Asitoupyei e eTepoyeveic
aduvapoug Tagivountég, dnAadh ouvduddel dIAQOPETIKOUG OAYyOpIOUOUG. & auTh TNV
TEPITITWON, ekTTadeveTal éva véo HovTéAo (meta-learner) Tou déxeTal wg €icodo Ta

atmroteAéopaTa dIa@OpwV adUVOPWY TASIVOUNTWV.

To Perceptron cival €vag aAyopiBuog yia dUadIKr ETTITNPOUUEVN Tagivounorn. Aéxetal
TTOAQTTAEG €10600UG, OTToU N KABe pia €xel éva Bdapog. O1 otaBuiouéveg eicodol abpoifovTal
Kal TTEpvoUV péoa ammd pia ouvaptnon evepyotroinong (activation function). Mtropei etmiong
va TTpooTeBEl TTOAWON TTOU CUPPBAAAEI OTN PETATOTTION TOU ABPOICUATOG KAl 6TNV aAAayr) Tou
aTTOTEAEOPATOG TNG oUVAPTNONG evepyoTToinong. H cuvdptnon evepyotroinong kabopilel eav
n €¢odog Tagivopeital wg 1 R 0. Yapyxouv dU0 TUTTOI TETOIWY CUVAPTACEWY, YPOUMIKES Kal
MN YPOUUIKES, ME TIG KN YPAMMIKES va €ival o cuvhBelg. MepiKEG dNUOQIAEIC TUVaPTATEIS
gival o1 Sigmoid, Tanh kai ReLU (Rectified Linear Unit), ye Tnv TeAeuTaia va eival eaipeTiké
ONUOYIAAG oTn Babid pabnon. H ektraideuon evog perceptron eival pia €TAVOANTITIKN
oladikacia kal TTPoOKeITal yia TTPORANUa BeATIoTOTTOINONG, OTTOU Ta BdApn Tou perceptron

EVNUEPWVOVTAI HE OTOXO TNV EAAXIOTOTTOINCN MIOG CUVAPTNONG OPAAUATOG.
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Ta 71exvntd veupwvikd Odiktua (Artificial Neural Networks) civar doupég pe Tpia
emmimeda/oTpwpata. To TPWTO oTpwua gival n €icodog, To TeAeuTaio n £€€080¢ Kal TO PeCaio
ovopdadetal Kpu@o. O1 veupwveg (KOUPBoI) OTO KPUPO OTPWHA KAl OTO OTPWHA £50doU tival
perceptrons, evw oI KOUBOI OTO OTPWHG €1I0600U TTEPIEXOUV TNV apIOUNTIK TIUAR KAOe
XOPoKTNPIOTIKOU Tou O¢tiypaTog. OAoI 01 VEUPWVEG OTO KPUPO OTPWHA £XOUV EI00O0UG aTTO
OAOUG TOUG VEUPWVEG TOU TTPWTOU OTPWHOTOG. EmiTAéov, 6AoI 01 vEUPpWVEG OTO KPUPO
oTpwua ouvdéovTal Je OAOUG TOuG eEEPXOPEVOUG VEUPWVEG. Aedouévou OTI uTTOpoUV va
uTTdpxOoUuV TTOANOI veupwiveg €€000U, gival TTAEoV duvaTh N TagIVOUNON PeE XPAoN TTOAAATTAWY
ETIKETWYV, KATI TTou Oev uTTopei va cuuPei oto perceptron. Ta Bdpn Twv VEUPWVWYV
gvnuepwvovTal Katé tnv ekmaideuon, O1Tou utroAoyideTal dia TIuA O@AAUATOG HEOW MIOG
ouvapTnong KOOTOUG, CUyKpivovTag Tnv €€000 TTOU TTOPAYEl TO VEUPWVIKO OIKTUO ME TNV
avapevouevn TIPA €€6dou yia To deiypa. Méow Tng otticBiag diadoong (back propagation)

TOoU o@AApaTog, Ta Bapn TpocapudlovTal yia va eAaxioTotroinBei n ouvapTnon KO6oToU .

Ta Babid veupwvikad OikTua eival TeXvNTa veupik& dikTua TTou €xouv dUo 1 TTepIcodTEPA
Kpupd oTpwpata. Ta PaBid diktua ouvABwg Oev  ammaitolv  €gaywyn/etmAoyn
XOPAKTNPIOTIKWY TIPIV EKTTAIOEUTOUV, KaBWG PTTopolv va pdbouv Ta uoTifa Twv dedopévwv
ONUIOUPYWVTAG OUCIACTIKA Ta OIKA TOUG XOPAKTNPIOTIKA OTA TTPWTA OTpwUATa Toug. H
XPRon Toug €xel au¢nBei paydaia TiG TeAeuTaieg dUO dekaeTieg, Adyw Twv e€eAiiewy oTnv

UTTOAOYIOTIKA 10XU, T 31aB€0INOTNTA O£OOUEVWY KAl TNV AVATITUEN VEWV TEXVIKWV.

Ta ouveAikTikKG veupwvika dikTua (Convolutional Neural Networks - CNNs) €ival xprioiua o€
Epyacieg avayvwpiong €IKOVag, TTeId ITTOPOUV va deXToUV OAGKANPN TNV €IKOVA WG £i0000.
O1 10TpIKEG €IKOVEG UTTOPED va atToTeAoUvTal atmd ekaToppupia pixels/voxels, aAAd Ta CNNs
KATaQEPVOUV va BIaXEIPIOTOUV TNV TTOAUTTAOKOTNTA TOu TTpoBAAuaTog. >uvhBwg éva CNN
£Xel Tpia oTpwuata: €va OUVEANIKTIKO, éva ouykévipwong (pooling) kair éva TTARpwS

OIa0UVOEDEPEVD. 2TO OUVEAIKTIKO OTPWHA, UTTOAOYIZeTal TO YIVOPEVO €VOG QPIATPOU KAl TWV
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HNTPWV OAWV TWV TUNPATWVY TNG €IKOVAG, PE OKOTTO TNV £gaywyr XAPOKTNPIOTIKWY. XTO
OTPWHA CUYKEVTPWONG MEIWVETAI N dIACTACN TOU TTVOKA XOPAKTNPIOTIKWY, ouvdudlovTag
YEITOVIK& oToIxeia Tou, ouvhBwg diatnpwvTag 1o uéyioTo (max pooling) 1 To pyéoo 6po
(average pooling). Metd ammd autd Ta dUO CTPWHATA, N KATPA XOPAKTNPIOTIKWY £XEI JEIWBEI
ONPAvTIKA Kal XpNOoIPOTToIEiTal £va TTAPWGS dIOCUVOEDEUEVO ETTITTEDO YIA VA EVTOTTIOTOUV Ol
OX£0€IG TWV dedoPévy, OTTWG CUKPAIVEI OTO KPUPO OTPWHA TWV TEXVNTWY VEUPIKWVY OIKTUO

TTOU avaAUBNKav TTPONYOUHEVWG.

Ta GUVENIKTIKA VEUPWVIKA SiKTUO TTOU TTEPIYPAPNKAV gival XpAoIua yia Taivounarn, aAAG oxi
Karatunon. MNa va mpocapuocTouv oe TpoPARuata katdrunong, 10 U-Net kai &AAeg
TTOPOUOIEG QPXITEKTOVIKEG €XOUV TTPOTAOE KAl XPNOIMOTTOINGEl ETMITUXWG OTNV IATPIKN
armreikévion. H diagopd cival 611 k106G a1rd TN dIadPOWr) CUCTOAAG TTOU UEIWVEI TO PEYEDBOG
Twv Oedopévwy, UTTApXEl €TTiong Mia dladpoun S1a0TOAAG TTou aufdvel TIS SI00TACEIS Kal
eTTava@Epel Ta OedOPEVA OTO aPXIKO PEYEBOG €IKOVAG (ECAIPOUPEVWV TwV KAVOAIWY). AuTo
oupBaivel €1TeIdr] OTNV KATATUNON TTPETTEI VA eKXWPNOE HIa €TIKETO O0€ KADE PEPOVWHEVO

pixel/voxel.

To transfer learning €ival pia TEXVIKA PNXavikAg PAGBNONG TToU XPNOIYOTTOIEITAI KUPIWG YIa
TIPOCAPUOYH HOVTEAWV 0€ VvEoug Topeig atmd autoUug TTou ekTTaIdeUTnKav apyikd. Ocov
a@opd TNV IATPIKN ATTEIKOVION, N TEXVIKNA €ival TTI0 XpNOIUN 0TH JayvNTIKI) TOPOYPaQia, ETTEIDN
ekei uTTApXEl uWNnAR SlakUPavon OTIG EVTACEIS Kal TNV avTiBeon TNG eIkévag [44]. Adyw auTwy
TwV OIOKUPAVOEWY, Ta MOVTEAQ HNXOVIKAG PABnong dev atrodidouv KaAd o€ €IKOVEG TTOU
ATTOKTABNKAV HUE OIGPOPETIKA PNXAVAMATA OTTO €KEiVa PE Ta OTTOIO EKTTAIOEUTNKAY. H KUpIa
10éa Tou transfer learning ival n xprion MeyGAwv CUVOAWY BEBOPEVWIV VIO VO EKTTAIOEUTOUV
IOXUP& POVTEAD Kal OTN CUVEXEIA N XPron €vog MIKPOU aplBPoU eTTICNPOCHEVWY EIKOVWV
ammd To vEO TOpEa yia TTpocapuoyr Tou povtédou. O1 Adaptive MAY kai to TrAdaBoost

(Transfer AdaBoost) atmodidouv KoAUTEpA ATTO TOUG KAVOVIKOUG Tagivountés MAY otnv
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KATATHNON 10TPIKWY EIKOVWY [45] akOun Kal oTav eKTTAIOEUOVTAl OE MIKPO ApPIOPO €IKOVWV
atrd Tov Touéa TTpoopicuou. MNMpooapuoyn o€ vEO TOUEQ UTTOPE va TTpayUATOTTOINGE £TTiIONG
kal o CNN [44] kai va €xel wg atmmoTéAeopa uwnAoTepn atrédoor. To transfer learning €xel
€TTIONG ETMTUXEI OTO VA TTPOCAPUOCEl ETTITUXH MOVTEAQ, TTOU €iXav apXIKA eKTTAIOEUTE yia [N

IATPIKOUG OKOTTOUG, WOTE VA TTPAYUATOTTOINCOUV IATPIKH KaTdTunon [46].

To BraTS (Brain Tumor Segmentation - Katdrunon eyke@aAikwyv oykwv) [32] eival évag
€TACIOG SIAYWVIOHOG atrd didgopa cuvepyaloueva 1I0pUhaTa, OTTOU YiveTal agloAdynon Kai
KataTagn TnG amodoong aAyopiBuwyv katarunong. MNapduolor diaywviauoi UTTapXouV Kal yia
GA\eg TmaBnoeig [47]-[49]. O1 autopartotroinuéveg PEBodoI TTou avTaywvifovral oto BraTS
£xouv eCalpeTIkr) ammédoon, aAAd e€akoAouBouv va egival AiydTepo akpIBEIS Kal CUVETTEIC aTTd
XEIPOKIVNTEG KATATUAOEIG YIOTPpWYV. QOTOCO, O dlopyavwTeG £D€1gav OTI av Yivel CUYXWVEUON
TWV OTTOTEAECUATWY Twv aAyopiBuwyv, Péow wnoogopiag yia kABe pixel/voxel, Ta

arroTeAéopaTa gival KAAUTEPA ATTO OAOUG TOUG ETTINEPOUG OAYOPIOOUG.

2.7. Zuothpara CAD

‘Eva ouoTnua AoyIOPIKOU Ogv UTTOPEI OKOUA VA QVTIKOTOOTACEl €vav OKTIVOAOYO OTIG
TEPIOOOTEPEG TTEPITITWOEIG. KATI TéTOIO Ba ammauitoloe €EQIPETIKA OTTOTEAEOUATIKOTNTA KAl
TIPOCAPUOCTIKOTNTA aTTd Tov aAyopiBuo. EmimmAéov, ol aoBeveig utropei va unv gival £1o1pol
yia pia 1000 Bepehindn aAAayh Kal OF aCQAAMIOTIKEG €TAIPEIEG PTTOPEI va SIOTACOUV vd
KaAUyouv TéTolEG BepaTreieg. ATTO Tnv AGAAN TTAcupd, n didyvwaon ammd yiaTpoUg UTTOKEITAI
eTTiong o€ AGBN. TE€Tol0 o@AAPATA UTTOPOUV Va TTPOKANBoUV atTd KOTTWOT, AyXog Kal GAAOUG
mapdyovteg [50], [51]. Q¢ ammoTéAeoua, £vag yiatpog Ba YTTopouce va eTTWPEANBEi atTd €va
UTTOAOYIOTIKO oUOTNUA TTou Oivel OCWOTA ATTOTEAEOUATA OTIG TTEPICCOTEPEG TTEPITITWOEIG,
KaBwg N aAyopIOuIK atré@acn UTTopEi va AEITOUpYACEl wg TTPOTACT 1 EVOAAQKTIKA yvWwun,

agrivovtag Tnv TeAIKN atrépacn o€ autov [52]-[55]. ‘Eva 1étoio ouoTtnua ovoualetar CAD,
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Kal evowpaTtwvel duo Tredia: (i) Tnv avixveuon pe Tn BorBeia utroAoyioTr) (CADe - Computer
Assisted Detection) kai (i) Tn &iayvwon pe 1n BonBeia uttohoyioti (CADx - Computer
Assisted Diagnosis) [56]. Ta cuotiuata CADe OTOXEUOUV OTNV QViXVEUON QOUVHBIOTWY
OOJWV OTO WA, 6TTwG o1 oykol. Ta cuoTtiuata CADx oTtoxelouv oTn AQWn ammoQacewy
OXETIKA PE TNV uyeia Tou aoBevolg, OTTWG N Tagivounon Twv OYKWV WG KAkonbwv A un.
MapoAo mou Ta CADe kal CADX ptropoUv va uttdpyouv EexwploTd, TToAAG cuoTtiuata CAD

EVOWUATWVOUV aTolxeia Kal atrd Ta duo.

O1 TTpwTeEG TIPOCTIABEIEG yIa Tn XPAON UTTOAOYIOTWY ME OKOTTO TNV ETTAUCH 1ATPIKWY
TTPORANUATWY TTpaypaTtoTToiBnkav otn dekaetia Tou 1950. ATTo Tn dekaeTia Tou 1970 €ixe
KATaoTEl oa@ég OTI dev €ival €UKOAO va emmAuUBel To TPORANUA PE TN XPAon amAwv
UTTOAOYIOTIKWYV TEXVIKWY Kal OTATIOTIKNAG [56]. Opwg, Ta TeAeutaia xpdvia, €geAifeic otnv
UTTOAOYIOTIKA 10XU Kal OTIG TEXVIKEG MNXAVIKAG HABNONG TTPOCPEPOUV VEEG BUVATOTNTES Kl

£X0UV TTUPOBOTAOEI EVTOVO EPEUVNTIKO EVOIAPEPOV EK VEOU.

2.7.1. ZuAAoyn dedopévwv

Edv éva olotnua CAD atraitei ekraideucn OTTwG aTTaITouv Ta TTEPICCOTEPA TToU BaacifovTal
OoTn UnNXoviki pdeénon, 161e Xpeidletal éva Peydho oUvoAlo dedopévwy. AuTd TO OUVOAO
TTPETTEl va TTEPIEXEI €IKOVEG TTOU AauBdvovTal atrd TTOAAGTTAG 10pUuaTa, dIaQOPETIKA 10TPIKA
MNXavAPaTa Kal OI0QOPETIKEG ouadeg aoBevwy. Autd Ta dedouéva TTPETTEI va eAeyxBouy,
woTe va egaipebolv aoBeveic yia Toug OTToIOUG AgiTTouv KATTOIEG OTTO TIG EIKOVEG TTOU
xpeladovtal. EVOANOKTIKG, Ol atmmouoeg €IKOVEG MUTTOPOUV va dnuioupynBolv pE TEXVIKEG
augnong Twv dedouévwy (data augmentation) [57].

2.7.2. BApa 1: MNpoetre€epyacia

210 TIPpWTO PBrpa evég CAD oucThpaTtog, Ta dedopéva TTPETTEI va KAVOVIKOTTOINBoUV Kal
eVOEXOMEVWG VO evApPHOVIOTOUV  €dv  éxouv  AngBei  XpnOoIPoTToIWVTAG  BIAQOPETIKA
pnxavAuarta [58] r dIaQopeTIKEG TEXVIKEG. H KAVOVIKOTTOINGN €AaXiCTOU-UEYIOTOU a®Oopa TNV
KAIHAKwon Twv dedopévwy o€ £va eUpog (O0TN uNXaviKh JaBnon ocuvhBwg XPnoIYoTToIEiTAl TO
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[0,1]). H kavovikoTToinon z-score a@opd TN PETATPOTTH TwV dEBOUEVWV XPNOIUOTTOIWVTAG TN
Méon TIUA Kal TNV TUTTIKA ATTOKAIOT Toug (OTn WNXavIKA paBnon ouviABwg xenoIdoTToIEiTal
MNOEVIKN PEON TIUA KAl TUTTIKY a1TOKAION ion pe éva). H evapuodvion dsdopévwy agopd Tnv
ehayioTotroinon Twv dIa@OopwV HETAEU €IKOVWVY TTOU  ATTOKTABNKAV atmd  OIaQOPETIKA
MNXAVAPATA, €101 WOTE TO JOVTEAO VA PTTOPET va ABEI TIG TTPAYUATIKEG DIAPOPEG PETAEU TWV
OcIyMATWY. AvAAoya WE TNV €QAPUOYH, PTTOPED €TTiong va TTpaypaToTroinBei emimrpooOeTn
emegepyaoia Twv dedopévwyv 0 auTd TO BriPa, OTTWG TEXVIKEG atroBopuoTroinong, YE OTOXO
TN OIEUKOAUVON TNG UETETTEITO €TTECEpyaOiag. MNa €QAPUOYEG OXETIKEG ME TOV EYKEQPAAO,
ouvnBwcg uttdpxel éva emmTTAéov BAua, OTTOU TO Kpavio agalpeital atrd TNV €IKOVA, APrvVovTag

MOVO TOV EYKEPAAO YIa £TTEEEPY ATl

2.7.3. BApa 2: Kardrunon

Mpokeiyévou va atmopovwBouv ol dopEC TTou TTPETTEN va avaAuBoulv, attaiTeital KATdTunon
TWV €IKéVWV. O aAyopIBuog KATATUNONG PTTOPE va gival autopaTtog i d1adpacTikOg, av Kal
£évag auTtépaTog aAyopiBuog eival TTPoTIUNTEOS, KABWG OAEG o1 UTTOAOITTEG DIadIKAGIEG TWV
CAD cuoTtnudatwy dgv atraitouv aAAnAeTidpaon Pe Tov XpRoTh.

2.7.4. Bipa 3: ESaywyn XapaKTNPIOTIKWYV

H kardtunon ouviRBwg akoAouBeital atrd Tnv e€aywyr] XapaKTnPIOTIKWY, Pia diadikagia TTou
OTOXEUEl OTN MPeEiwon Twv OeOONEVWV O€ KATTOIEG APIBUNTIKEG TIUEG (XOPAKTNPIOTIKA) TTOU

oxetiCovtal ye 1o TTPORANUa TTou avTigeTwTTieTan [52], [54], [59], [60].

Mia dnuo®IARG HEBODOG yia TNV €Eaywyn XOPOKTNEIOTIKWY IATPIKWY EIKOVWY ovoudleTal
radiomics. To "pyradiomics" [61], éva dnuo@IAéG python TTakéTo yia radiomics, diakpivel Ta
XOPAKTNPEIOTIKA TTou JTTopEl va egaydyel oTIG akOAouBeg katnyopieg: (i) XapakTnploTika
“mpwTtou BaBuou” (First Order) mou oxetiCovial Pe TNV KATAVOUN TWV EVTACEWV TWV
pixels/voxels otnv teploxn Tou KatatunOnke (i) XapaktnpioTikd “oxnuatog” (Shape) mmou
TEPIYPAPOUV TO OXAMA TNG TTEPIOXNG evdlapépovTog o€ 2D n 3D (iii) XapakTtnpioTikd "GLCM”
(Gray Level Co-occurrence Matrix) 1ou oxeTiCovtal pe TNV o1md KolvoUu ouvapTnon
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mlavoTnTag deuTepng TAENG TNG TTEPIOXNG eVOIOPEPOVTOG (iv) XapakTnploTikd “GLSZM”
(Gray Level Size Zone Matrix) mTou utroAoyifouv Tov apiBud Twv TTEPIOXWV TTOU €XOUV
pixels/voxels pe idla évraon (vi) XapoaktnpioTikd "NGTDM" (Neighboring Gray Tone
Difference Matrix) mou uttoAoyiouv Tn dla@opd PeTagl TnG €viaong evog pixel/voxel pe Tn
MéOn TIUR évioong Twv VYEITOVWVYV TOou O€ dia TTpokaBopiopévn amooTacn Kai (Vi)
xapaktnpioTikd "Gray Level Dependence Matrix" 1ou utmoAoyiCouv Tov apiBud Twv
pixels/voxels Tou "eEaptwvtal" ommd kabéva amd Ta pixels/voxels Tng eikévag. 'Eva
pixel/voxel Bewpeital 6T e€aptdral amd éva AANO €dv n ammOAuTn TIMA TNG METALU TOUG

dlapopdg £vtaong gival JIKPpOTEPN aTrd Jia TTpoKaBopIouEvn TIUA.

Mia A&AAN  ONUOQIANG TEXVIKN €EaywynAG XOPOAKTNEIOTIKWY €ival n  avdAuon KUpiwv
ouviotwowv (PCA - Principal Component Analysis). 210 TTAaiolo evog cuoTtrjuatog CAD, n
PCA xpnoigoTtroigital yia peiwon Twyv dlacTdoewy Twv  TTANPOQOPIWYV TNG TTEPIOXNAS
evola@épovTog. Apxikd, kataokeudletal €vag NxN cuppeTpikdg TTivakag ouvdlakupavong,
omou N eivar o apiBudg Twv pixels/voxels, emeid ammaiteital pia Ty yia KaBe Celyog
pixel/voxel. K&Be Tyl otov Tivaka avTITTPOOWTTEUEl TN OUVOIAKUUOVON TOU QVTIOTOIXOU
Ceuyoug. EdQv pia Tyl eivanl BeTikn, TOTE UTTAPXEI BETIKA OUCXETION Kal o dUO WETAPRANTEG
au&avovtal/peiovovtal padi, v To avtioTpo@o 1oxUel yia TIG apvnTikég Tinég. H PCA
KATOOKEUALEl vEEG UETABANTEG, TTOU ovopalovTal KUPIEG OUVIOTWOEG, TTOU eV oUCXETICovTal
METACU Toug [62] kai eival ioeg o€ aplBud pe TG PETABANTEG €10000u. QaTtdoo, n PCA
TepIKAEiel 600 TO SuvaTdv TTEPICOOTEPN TTANPOQOPIa OTIGC TTPWTEG KUPIEG OUVIOTWOEG,
onAadn peyioTotroiei T dlakUyavon o€ autég. Q¢ aTTOTEAECHA, ETTIAEYOVTAG WG
XOPAKTNPEIOTIKA évav UIKPO apiBud ammod TIG TTPWTEG KUPIEG OUVIOTWOEG, dlaTnpeital uywnAd
TTO000TO TNG TTANPOPOPIag evw ol OIOGTACEIS Tou TTPORANAMaATOC pelwvovTal. H avdAuon
ave¢dptnTwy ouvioTwowv (ICA - Independent Component Analysis) €ival pia mapéuoia
TEXVIKA TTOU XPNOIKOTTOIEITAl YIa TO SlaXWPIoHO £vOC ONUATOG OTIGC UTTOKEINEVES aveEAPTNTES

OUVIOTWOEG TOU. Agv ETTIKEVTPWVETAI OUWG OTN PEYIOTOTTOINON TNG SIOKUPAVONG OTIG TIPWTEG
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ouvIOTWOEG, aAG €oTIddel oTnv avegaptnoia Twv ocuvioTwowyv. Mia GAAn TeXVIKA yia va
emTeuxOei peiwon Twv SlaoTtdoewy Tou TTPOoRAAUOTOG PBacifetar oTn XpAon TexvnTou
veupwvikou OikTuou (ANN - Artificial Neural Network) pe pn emotreuduevo (unsupervised)
TPOTTO eKTTaideuong (autoencoder). ‘Exoviag upia oup@opnon (bottleneck) oto kpu@d
emmiTTed0, o1 TTANPOYOPIEG TNG EIKOVOG €10600U cuuTTiECovTal, TTEION TO BiKTUO TTPOCTTAOEI Va

MABEI TIGC CUOXETIOEIG TWV E1I0OOWV.

2.7.5. BAua 4: ETiAoyn XApAKTNPICTIKWYV

H "katdpa Twv ToAAwv dlactdoewv" (dimensionality curse) gival évag 6pog TTou TTePIyPAPEl
nTAMaTa TTou oxeTiCovTal pE TNV Xprion 0edouévwy peydAwv diaoTtdoswy. O KUPIoG AOYOg
gival 6t Ta dedopéva uPnAwv dIOCTACEWY TEiVOUV va gival apald Kal TTNEEACOUV apvnTIKA
TO ATTOTEAETUATA OAYOPIBUWY TTOU aTTaiToUV OTATIOTIKA onuavTikoTnTa. Ta cuothuara CAD
QVTIMETWTTICOUV TETOIO TTPORARUATA KAl WG €K TOUTOU N ETMIAOYH XAPAKTNPICTIKWY AKOAOUBEI
ouvnBwg TNV ggaywyn xapaktnpioTikwy [53], [57]. KaT autdv Tov TpOTTO, £TTIAEYOVTAl TA TTIO
ONMAvTIKA XapaKTNPIOTIKA atTd TO XWPEO TWV XAPAKTNPICTIKWY KAl XPNoIMOTToIoUvVTal yia TV
ektraideuon ToUu povTéAou. Me Tnv €TMAOYA XOAPAKTNPIOTIKWY, O XPOVOG EKTTAIdEUCNG
MEIVETAI Kal UTTapXel XapnAdtepn mlavotnTa utrepekTTaideuong (overfitting). Ymdpyouv
TPEIG KUPIEG KATNYOPIEG TEXVIKWYV ETTIAOYAG XOPOKTNEIOTIKWY, Ol OTIOIEG TTEPIYPAPOVTAI

TTAPAKATW [63].

TNV TTPWTN KAThyopia avikouv Ta @iATpa. Texvikég autol Tou TUTTOU Ogv aAANAETISpOUV JE
ToV TagivounTA, TTou OEXETAI OTTAWG Ta ETTIAEYUEVA XOAPAKTNPIOTIKA WG €icodo. Ta @iATpa
XPNOIUOTTOIOUV OTATIOTIKEG HEBGOOUG TTOU €ival avegdpTnNTEG ATTO TNV £QAPHOYH, YIO va
KATNYOPIOTTOINCOUV Ta XapakTnpioTIKd. MtropoUv va diaipeBouv Trepaitépw o€ QIATPA HIAG 1
TTOAWV peTaBAnTwy. Ta @iATpa pyiag ueTapANTAG €V XPNOIKOTTOIOUV TIG £6APTHOEIS AVANETST
OTA XOPOKTNPIOTIKA OTOUG UTTOAOYIOHOUG TOUG, KATI TTOU UTTOPEI va odnynRoel oTnv €TTIAOYI

TTOPOUOIWY XAPAKTNPIOTIKWY, VW TA QIATPA TTOAAQTTAWY PeTABANTWY, AauBAavouy utrdoywn Tig
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eCOPTACEIG QUTEG, PE KOOTOG OTNnV Taxutnta £Tmegepyaciag. Ta 1o ouvnBiopéva @iATpa

BacoiovTtal og cuoxeTIon6 Pearson TTOAATTAWY PETABANTWV.

Mia &GAAN kaTnyopia cival n evowuarwuévn (embedded) €mAoyr XapaKTNPIOTIKWY. AUTEG Ol
MEBODBOI €ival €IBIKES yIa TNV EKACTOTE TEXVIKI MNXAVIKAG JABNONG TTOU XPNOIKOTIOIEITAl KOl
ETTIAEYOUV XOAPOKTNPIOTIKA KATA TNV ekTTaideuon Tou MovTéAou, OnAadry utTopolv va
Bewpnbolv wg pépog Tou Tagivountr]. ‘Eva mrapddeiypa  €TMAOYNAG EVOWHATWHEVWY
XOPAKTNPIOTIKWY  €ival N avadpouiKh  €EAAEIYn  XOPOKTNPEIOTIKWY (recursive feature

elimination) yia pnxavég diavuoudaTwy UTTOOTAPIENG.

H TteAeutaia kartnyopia civar o1 uéBodor mepitudiyuaroc (wrapper). Autég ol péBodol
XPNOIYOTTOIOUV TNV atrédoon Tou TAgIVvOUNTH yia va agloAoyrjoouv TV KATAAANAGTNTA TWV
XOPAKTNPEIoTIKWYV. MpoKeITal yia pia eTTavaAnTiTikn diadikagia TTou Teivel va gival o apyr] Kal
AydTEPO ETTEKTACIMN ATTO TIG AAAEG DUO, OAAG PTTOPET VO TTapaydyel KAOAA aTToTeAéoUaTA VIO

TEXVIKEG UNXAVIKAG HABNONG TTOU OEV EVOWPATWVOUV ETTIAOYT XAPOKTNPIOTIKWY.

2.7.6. BAua 5: AvdAuon

To TeAIKO Brua civar ouvABwg o KUpIog aAyopiBuog Tou CAD TTou ekTeEAEl piIa gpyaaia
Tagivéunong n maAivopoéunong. Autoi ol aAyopiBuol €xouv éva aTTOTEAECUA TTOU PTTOPEI va
epUNVEUBEi atTd TOV YIOTPO, TTOU OTTOTEAEI dia ammé@aon yia Tnv uyeia Tou acBevolg i TNV
UTTapén avwpuoAiwy oTo ocwpa. Agicel va onuelwBei 611 opiopuévol ahyopiBuol Babidg paénong
(deep learning) ytTopoUv va eKTTAIBEUTOUV XPNCIUOTTOIVTAG OAGKANPN TNV €IKOVA WG £i0000

Kal dev aTTaITOUV EEXWPIOTA KATATHNON KAl £EQYWYRH/ETTIAOYT XAPOKTNPIOTIKWY.

2.7.7. Pon gpyaciag cuothparog CAD o€ VOOOKOMEIOKO TrepIBAAAOV

€ VOOOKOMEIOKO TTeEPIBAAAOY, €va ouoTnua CAD AapBdver TIG 1ATPIKEG €EIKOVEG €VOG
a00evoug wg €icodo, Bavwg TTAapdAAnAa pe TTPOOBETEG PETA-TTANPOYOpPIEG OTTWG N NAIKia
Tou aoBevolg. To TpwTto PrAPa civar n TpoeTmeEepyaoia Twv €IKOVWY, WOTE va

TIpayHaTOTTOINBEl  KOavovikoTroinon/evappovion autwyv pe T1a dedopéva  ektraideuons. H
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KATATUNON, N €Eaywyn/eTmIAOyr XOAPOKTNPIOTIKWY Kol n  avaAuon TrpayuatoTrolouvTal
oUPQWVa PE Ta eKTTAIOEUMEVA HOVTEAQ KAl TO QTTOTEAECOUA TTOPOUCIAleTal oTOV YIaTPO.
E€aipoupévng Tng TmepiTrTwong 6tou TO PAPA TG KATATUNONG eival d1adpacTikd, n
oladikacia JTTopEl va auTouaTtoTroindei Kal va TTPAYMATOTTOIEITAl XWpPIiG Toug yiaTpoug, ol
oTroiol Ogv XPEIACeTal va yvwpifouv TiTToTa yia Tn diadikacia. Xe ouyyxpova CuoThPaTd, TO
Aoyiopiké CAD putropei va ekteAeital atreuBeiag oto PACS, emtpétroviag oTov yiaTpd va EXEl
TPOoBaCn OTO ATTOTEAECUA TNG KATATUNONG KAl TNG auTopaTng didyvwaong/avixveuong otav

BAETTEI TIG 1ATPIKEG EIKOVEG YIA TTPWTN Qopd pEow Tou PACS.

2.8. NpocapuOOTIKOi XAPTES YEWDAITIKNG ATTOOTAONG

O1 TTpocappooTIKOoi XapTeG YewdaimikAg atmmootaons (AGD - Adaptive Geodesic Distance)
[16], [64] XpnoldoTTolOUVTAl OTNV TTPOTEIVOPEVN WEBODO w¢ TTPOOBeTn €icodog yia Tnv
ektTaideuon Twv povréAdwv. O OKOTTOG TOUG €ival va UTToAoyioouv €TTITTAEOV TTANPOQPOpPIES
OXETIKA e TN dopr, TTou €va JovTéAo, TO OTToio XpnoldoTTolei pixels/voxels wg deiypara

ekTTaidcuong, Ba duoKoAeudTaV Va GUVAYAYEL.

MNa tnv dnuioupyia evéog xaptn AGD, xpeidlovtal dUo €IKOVEG, TToU £XOUV aKPIBWG To idIo
MéyeBoG: (i) pia 1aTpikA €ikova, (i) pia duadikh eikdva, dnAadr ikova e TINEG 0 A 1 o€ KABe
pixel/voxel. Aedouévou OTI auTEG o1 €IKOVEG €xouv TO idI0 pEyeBog, KdABe pixel/voxel otn
QuadIKN €IKOVA PTTOPET VO AVTIOTOIXIOTEI O€ VO CUYKEKPIYEVO pixel/voxel aTnv 1aTpIKr £Ikéva.
O1 BeTikég TINEG OTn OUODIKA €IKOVO QVTITTPOOWTTEUOUV Ta OxEdIa e€vog xpnotn. Mo
OUYKEKPIYEVA, Ta OeTIKA pixels/voxels otn duadikf €IKOvaA AvTITIPOOWTTEUOUV pixels/voxels

OTNV I0TPIKA €IKOVA TTOU 0 XPHOoTNG Bewpnaoe 6T aviikouv oTn Oour TTou BEAEI va KATOTUACEL.

H vewdaioia yevikelel TRV €vvola Twv €UBEIV YPAUPWY O KOUTTUAOUG Xwpoug. ‘Eva
Tapddelyua gival n TpooTrddela UuTToAOyIoHOU TNG atréoTacng dUo TTOAEwv TTavw oTn yn. H

€UKAgidEIO aTTdOTACT TOUG UTTOAOYICETAI WG TO PAKOG MIAG €UBEiag ypauMNG TTOU OUVOEE! TIG
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U0 TTOAEIG, DIATTEPVWVTAG TN yN. AVTIBETA, 0 UTTOAOYIOUOG TNG YEWDAITIKAG TOUG ATTO0TACT
Ba akoAouBoUuoe TNV KAUTTUASGTNTA TNG yNG. To TTPORANUA PTTOPE va TTEPIYPAPEi AANIWG WG
TIPOCTIABEIa EUPECNG TNG CUVTOUOTEPNG OIOdPOUNAG METAEU dUO onueiwy, evw YiveTal Kivnon

KATA PAKOG HIAg ETTIPAVEIAG.

O1 xapteg AGD éxouv ettiong pia Tipn “amdéotaong” oe kaBe pixel/voxel. AutA n “ammréoTacn’
QVTITTPOOWTTEUEl TN OUVTONOTEPN Oladpour) HeTafu Tou ekAoToTe pixel/voxel kal Tou
TAnCIéoTepou  pixel/voxel TTou €xel emonuaviei wg BeTIKO ammd TOV XEIPIOTH. Agv
XPNOIMOTTOIEITAI OPWG N €UKAEidEIQ aTTdoTACN. [Napduola Pe TN YEWDAITIKI, N ATTO0TACH TTOU
UTTOAOYICETAI QVTITTIPOCOWTTEUEI TNV OUVTONOTEPN BIadpopr WETALU Twv dUO OnUEiwV evw
yiveTal Kivnon katé pAkog piag emeaveiag. Qotéoo, n em@dveia kabopileTal ev HEPEN aTTO TO
TPOWIA évrtaong TnG 1aTPIKNAG €IkOvag [16]. Q¢ atroTéAeoua, ol TINEG aTTdOTAONG ATTOTEAOUV
Mia olvBeon TnG QuOIKAG atmmdéoTacng Twv OUo pixel/voxel kal Tng UTTapéng diadpoung
avapeoa Toug e Aiyeg augopsiwoelg vraons. Me GAAa Adyia, €xouv uywnAdTEPES TIUEG T
pixels/voxels pakpid atmd 1a oxédia Tou xpriotn K/kal Ta pixels/voxels pe apkeTég HETAPBOAEG

évraong avaueoa o€ auTd Kal Ta oXEDIa.

O1 xd@pteg ptmopoUv va UTTOAOYIOTOUV YpPryopa, KaBwg XpeldleTtal €TTioKeEwn Tou KABE
pixel/voxel uévo duo @opéc [16]. To atToTéAeoua gival hia eIKOva TTou £XEIl TIWEG OTO [0, +).
O1 XaunAOTEPEG TIUEG QVTITIPOCWTTEUOUV PEYAAUTEPN TTBavOTNTA TO EKACTOTE pixel/voxel va
avikel atnv idla doun P ekeivn TTou oxediaoe ev uépel atmo Tévw o xprotng. O1 xapTteg AGD
£Xouv xpnoigotroinBei oto TapeABOV yia Tnv ekTEAEON BIAdPACTIKAG KATATUNGN Miag OOUAG
(kAdong), n diadikacia OuwWG aTTAITOUCE ATTO TOV XPOTN VA ETTIAEEEI VA KATWEAI TIHWV VIO
TNV TTapaywyn Tg TeAIKAG KaTAaTunong atmd tov xaptn AGD. AvaAuTikd, €TTIAEyovTag £va
Katw@Al oto didotnua [0, + «), ol TINEG XAUNAOTEPEG 1 i0€C aTTO TO ETTIAEYUEVO KOTWOAI
peTaTpéTTovTal o€ 1 oTnV TEAIKN KATATUNGON, evw OAeC oI AAAeG TIPEG o€ 0. AuTh n péBodog

gival ypriyopn Kai Agitoupyei  IKAVOTTOINTIKA  yIa OTTAEG QOUEG, WOTOCO QAVTIUETWTTICEI
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TpoBAAUOTA  O€E TTIO0  TTEPITTAOKEG  €QAPUOYEG, KABWG Oev  PTTOPEl  va  XEIPIOTEN
TTOAUTTAPOUETPIKEG EIKOVEG I VO €KTEAEDEl KATATUNON TTOAATTAWY KAdoewv. H emAoyn
Katw@Aiou gival €1Tiong dUOKOAN yia Toug XPAOTES, KABWG N BEATIOTN €TTIAOYK) TIMNAG BV gival
TavTa Tpo@avhg. AuTh n gpyacia evowpatwvel Toug xapteg AGD wg TpdoBetn cicodo o€

€va HOVTEAO PNXAVIKAG HABNONG, ETTIAUOVTOG £TO1 OAEG TIG TTPOAVOPEPOEITEG AdUVAUIEG.

2.9. 'Evvolgg OTATIOTIKAG avdAuong

O ouvreAeotrig Dice (Dice similarity coefficient - DSC) [65] TToOCOTIKOTIOIEI TN XWPIKA
eMKAAUYN OU0 Ouadikwyv Katatunoewyv (dnAadr KaTtaTuAoelg pe eTikéTeg 0 kar 1),
AauBdvovtag uttdywn Tov apiBud Twv pixel/voxel TTou €xouv KOIVEG Kal BIAQOPETIKEG TIMEG.
Ortav pia katatunon &gv eival duadikr), aAAG €xel TTOAAEG ETIKETEG TTOU QVTITTIPOOWTTEUOUV
OIAPOPETIKEG UTTOTTEPIOXES MIAG BOWNG, O ETTINEPOUG UTTOTTEPIOXEG MTTOPOUV VA PETATPATTOUV
o€ OUOOIKEG KATATUNAOEIG, WOTE va TTpayuaTtoTroindei n auykpion. Ouoiwg, OAEG 01 ETIKETEG,
Tou gival did@opeg Tou 0, PTTOPOUV VA CUYXWVEUTOUV O€ i, yio va TTOOOTIKOTTOINOEI N
eMKAAUYN avaueoca o€ dUO KATATUAOEIS yia OAOKAnpn TN doun. MNa Tov UTToAoYICUO TOU
ouvTeAeoT Dice yia dUaBIKEG KATATUAOEIG, XPNOIMOTTOINONKE O TTAPAKATW TUTTOG yia KABE
UTTOTTEPIOXN, KOBWGS Kal yia oAdkAnpn tn dour. TP (frue positive) eival o aplBudg Twv
pixel/voxel 1TTou éxouv TIuA 1 kai oTig dUo KataTufoelg, FP (false positive) o apiBuog Twv
pixel/voxel 1Tou éxouv Tyl 1 oTnv kKaTtdtunon Tou e€fetdletal aAAG 0 oTnv KaATATUNOoNn
avagopdg kal FN (false negative) o aplBudg Twv pixel/voxel mou éxouv TiyR 0 oTnv

KATATUNoN TTou £€eTAleTal AAAG 1 OTNV KATATUNGN avagopd.

2TP
2TP+FP+FN

DSC =

Ta amoTteAéouata Tou ouvteAeoTr] Dice dev akoAouBouv Tnv kartavoury Gauss. ETiong, Ta

dciygaTta oTnv TTapolca epyacia ATav opyavwuéva Katd ¢euyn, €1Teidr yia kdBe aocBevi ol

42


https://paperpile.com/c/GlbnxJ/hVICO

KATOTUACEIG TTOU CUYKPIBNKav gixav dnuioupynBei atrd dIa@opeTIKOUG XEIPIOTEG, OTADIA TOU
melpduaTtog 1 xpovikd onueia. Katd ouvétreia, 10 upn Trapauetpikd T1eor Wilcoxon
TIPOCNUOOHEVWY TACEWV KOl CUCXETIOUEVWV BEIYHATWY XPNOILOTTOINBNKE WG KATAAANAN

doKiyaagia yia Tnv eUpeon TNG UTTAPENG CTATIOTIKA ONUAVTIKWY dIA@OpwV.

TéNoG, 0 ouvTeAeoTG cuoxETiong Pearson [66] xpnoiyoTtroiiénke yia Tov Tpocdlopioud TG
OUOXETIONG METAEU TwV CEUYWV YEWMETPIKWY OYKWV TWV KATATPACEWY TTOU OTTOKTABNKAV

XPNOIUOTTOIWVTAG BIAPOPETIKEG TTPOCEYYIOEIG.
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3. YAotroinon

3.1. Cancer Imaging Phenomics Toolkit (CaPTk)

To CaPTk [67] cival éva AoyIOMIKO avoIXToU KwOIKA TTOU UTTOPEi va AEITOUpyAoEl o€
OIAPOPETIKEG TTAATPOPHEG, TO OTTOIO ETTIKEVTPWVETAI OTAV £PEUVA VIO TOV KOPKIVO KAl €XEI
avarrtuxBei ammd 10 Center for Biomedical Image Computing and Analytics (CBICA) Tou
University of Pennsylvania. Tloapéxel A€ItoupylkOTATG  yIO  TTPOETTECEPYATia  EIKOVWY,
Katarunon, €gaywyn xapaktnpioTikwy (feature extraction) kai exkTTaideucn MOVTEAWV
MNXaVIKAG PaBnong, Kabwg Kal €CEIBIKEUPEVEG EQPAPUOYEG ATTO UTTOAOYIOTIKEG UEAETEG TTOU
ole€dyovtal oTo KéVTpo. H uAotroinon Tng ueBddou TTou TTapouaidleTal O AuTr TNV pyaaia
amroteAei pépog NG Tpéxouoag €kdoong Tou CaPTk kai utropei va AngBei péow Tou

ouvdéopou: https://www.cbica.upenn.edu/captk.

File Preprocessing Applications Deep Learning Help
Double click to undock

Images Seed Points Feature Extraction

Drawing Tools Properties Operations
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2xAMa 5: To ypagikod mTepiBdAlov Tou CaPTk.
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3.2. YAotroinon wg mpdéoberTog pnxaviopés MITK

To MITK [23] civar éva framework avoixToU KwWwOIKA TIOU MTTOPEl va AEITOUPYAOEl O€
OIAPOPETIKEG TTAATPOPHES, TO OTTOI0 XPNOIUOTTOIEITAI YIA ETTECEPYATIA IATPIKWY EIKOVWV Kal
éxel avamTtuxBei amd 10 epuavikd Kévipo Epeuvag yia tov Kapkivo (DKFZ). To MITK
XPNOIPOTIOIEITAlI €UupUTATA TOOO O€ €EPEUVNTIKA OCO Kal Ot Plounxavikd TrepiBAaAAovTa.
YmooTtnpiel €TTEKTACEIS HEOW €VOG  MPNXaviouou mmpocbérwv  (plugins), o 0OTT0i0OG
XpNoIJoTToINONKE yia pia deUTepn UAOTTOINON TOUu aAyopiBuou. Zuykekpiyéva, uia MITK
epapuoyn (MITK Workbench), Tou Trepi€éxel Tnv PMEBOOO TTOU avamrTuxXBnKe OTO TTAQICIO
QUTAG TNG E€pyaoiag wg TIPOCOETO pnxaviopo, ptmopei va AneBei otn dievBuvon:

https://qithub.com/CBICA/InteractiveSegmentation.

Research - MITK Workbench v2018.04.2 (Not for use in diagnosis or treatment of patients)

= . Help @)

74 Display % Interactive Segmentation %

54,165, 101> ; Time: 0.

2xAua 6: To ypagiko tepIBdAlov Tou MITK Workbench, padi pe tov TTpOCOETO PNXAVIOUO
TOU aAyopiBuou TTou avaTtrTuxBnke oTo TTAQICIO AUTNG TNG EPYOOING.
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3.3. BiBA10BRkeg AoyIOMIKOU TTOU XpnoIMoTToINOnKav oTnv UAoTroinon

Kai o1 0o uAotroifoeig Tou alyopiBuou eival oe C++ kal To CMake xpnoipoTroinenke yia Tov
éAeyxo Tng dladikaoiag peTayAwTTiong (compilation). O1 uttdAoitreg BIBAIOBRKES AoyIOIKOU

TTOU XPNOIMOTIOINBNKAV TTEPIYPAPOVTAI TTAPAKATW.

3.3.1.ITK
To ITK [68], [69] cival pia BIBAIOBAKN AOYIOHIKOU avoiXToU KWAIKA TTOU TTAPEXEI EPYOAEia yia

avaAuon 1oTpIkKwV  IKOVwy. Tlapéxel AsiIToupylkdTnTa yia @OPTwOoN KAl ammobrikeuon
N-O1A0TATWY €IKOVWY, €UKOAN TTpooTréAdon Twv pixels/voxels Toug kal ekTéAeon dia@épwv
Aeiroupyiwyv etTe€epyaaciag eikdvwyv TTou diatiBevTal wg "@iAtpa ITK". Mapadeiyuara QiATpwv
gival n delypatoAnyia kal n atroBopuBoTroinon.

3.3.2. OpenCV

To OpenCV [70] cival pia BiBAI0BAKN AoyIoUIKOU avoiXToUu KWOIKA YIa OpaCT UTTOAOYIOTWYV
Kal pnxavik pdénon. H khdon cv::ml::SVM 1rapeixe 11¢ MAY 110U XpNnOoIdoTTOINBNKAaV oTnV
uAotroinan. MNa Tnv mmapoxn €106dou oto OpenCV, o1 €ikdveg peTaTpdminkav o€ cv::Mat
(uhotroinon Tvakwy Tou OpenCV) Kal 0Tn CUVEXEIA TA ATTOTEAEOUATA PETATPATTNKAV Eavd
oe ITK eikdveg. O1 TpeIg ouvapThoEIg TTUprva TTou xpnoigotroindnkav rav n RBF (Radial
Basis Function - AkTivikiy guvaptnon Baong), n CHI2 (ekBeTikd x?) kai n INTER (Histogram
Intersection - Aiatour| 10Toypduuatog). H ocuvdptnon trainAuto() xpnoipoTroindnke yia tnv
ekTéAeon TG dlaoTaupoupevng  emKUpwong  (cross-validation), Tnv  €mMAoyn
UTTEQTTAPOUETPWY KOl TNV eKTTAiIdEUON Twv POVTEAWV. Ta TTpoeTmIAeypéva TTAEypaTa (grids)
uttepTrapapéTpwy Tou OpenCV xpnaoiyoTroifénkav yia Tnv avalAtnon Twv BEATICTWY TIHWY,
N oTroia TTPAYUATOTTOIEITAI 0 KABE KUKAO TngG Ol00TAUPOUMEVNG ETTIKUPWONG VIO OAEG TIG
TTOPAMETPOUG, €KTOG ammd Tnv mapduetpo C twv RBF kai CHI2, 6mou o1 Tigég TTou

doKiydoTnkav Kupaivovtav oo [1, 400] pe AoyapiBuikd BrAua 2,5.
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3.3.3. MITK
To MITK framework [23] xpnoipoTToIndnke yia Tnv uAoTToinon Tou aAyopiBuou wg mpoobeTou

unxaviopou MITK. Eivar éva framework Trou Trepiéxel TTOAEG  BIBAIOBRKEG TTOU
XPNOIUOTTOIOUVTal CUVNBWG O€ €QAPPOYES 1ATPIKAG aTreikéviong, omwg 10 ITK kal 10
OpenCV. EmimmAéov, 1o MITK Trapéxel mipooBeteg Aeitoupyie¢ uywnAou eTTITTEQOU, OTTWG
KaAUTEPN AciToupyia €10600U/eEOB0U TwV EIKOVWY Kal KOAUTEPN €TTEEEPYATIA TWV EIKOVWV
HéOW TwV dopwyv dedopévwy TTou TTpoc®Epel. Ettiong TTapéxel did@opa XprRoiua ypagika

oToixeia, 6TTwg widgets yia diaxeipion Twv dedoPEVWV Kal TTPOBOAR TWV IGTPIKWY EIKOVWV.

3.4. BiBA10BKeg AoyIOMIKOU yIa OTATIOTIKI) avaAuon

Ta meipdpara Tou TTpaypaToTTroiénkay atrairolaay TTOAUTTAOKN GTATIOTIKA avAAucon TTou Ba
NTav SUOKOAO va €KTEAECTEI XWPIG TN XPAON TTNYaiou KWAIKA, KaBwG XPeIAoTNKAV TTOAAQTTAOI
UTTOAOYIOUOI yIa KGBe dour), uttoTreploxr SouNG, XPNoTn TG NEBBDOU, KOBWG Kal PEAETN TWV

OTTOTEAEOPATWY TWV TTOANATTAWY ETTAVOANWEWY TWV TTEIPAPATWY.

H otamoTiki avaAuon €yive pe Python 3.6. XpnoigotroiBnkav 1a akOAouBa TTakéTa
(packages): (1) pandas 1.0.3 [71] yia Tnv amoBrikeuan/avaktnon cuvteAeatwv Dice o€
Hopor] CSV kai Tnv ekTéAeon AeIToupyiwy uwnAou emtrédou o€ auTd Ta dedouéva. (2) numpy
1.18.4 [72] yia Tnv €kTEAEON UTTOAOYICHWY OTA O€OOMEVA, KABWGS UTTOPEI va EKTEAEDEI €va
eupl QACHA AEITOUPYIWV XPNOIMOTTOIWVTOG TTIVAKEG. ETTioNG, 0 OUVTEAEOTAG OUOYXETIONG
(correlation coefficient) uttoAoyioTnke XPNOIUOTTOIWVTAG TO humpy MECW TNG CUVAPTNONG
corrcoef(). (3) scipy 1.4.1 [73] yia 1o un TTapapeTpikd Wilcoxon TeOT TTPOCNUACHEVWY TAEEWY
KAl CUCXETIOPEVWY OEIYUATWY, KABWS Kal YIa UTTOAOYIOHO TOV PETARANTWY TOU GUVTEAECTWV

Dice. (4) matplotlib 3.1.3 [74] yia Tn dnuioupyia oxediaypauudaTwy.
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4. YAIkd ka1 MéBodol

4.1. Aedopéva

Ta Treipduara eykpiBnkav ammd tnv Emrpotry Acovrohoyiag (Institutional Review Board -
IRB) Ttou University of Pennsylvania (UPenn, Philadelphia, HIA). H aioAdynon
TTPAyUATOTTOINONKE  XpNOoIYoTToIWVTAG  Onuooia Kol IOIWTIKA  KAIVIKG  dedopéva  Kal
o1egnxdnoav 4 avadpouikeég ueAéTeg (yia ZmAAva (3D-CT, n=20/41, Medical Segmentation
Decathlon [75]), Oyko ToU paoctoU (2D-DCE-MRI, n=50, kAvikr} OOKIUr KaTaypa®ng
TTOAUTTAPAUETPIKWY €IKOVwY oTo UPenn; NIH PO1CA85484), lMveupovikoug 6Coug (2D-CT,
n=50/89, The Cancer Imaging Archive [76]-[78]), M\oioBAdoTwua eykepdiou (3D-MRI,
n=20/335, BraTS’'19 [3], [4], [32])). Ta utrocUvoAa Twv dedopuévwv TToU XPNOIKOTToIRONKav

EMAEXONKAV PE TUXaio TPOTTO.

Ta dedopéva yia yhoioBAdoTwua (11 dvdpeg / 9 yuvaikeg, péan nAikia: 62,84 / 64,36, eUpog
nAikiag: 44,82-77,48 / 39,64-77,09) kol Kapkivo Tou pacTou (Pévo yuvaikeg, péon nAikia:
50,41, e0pog¢ nAikiag: 32,68-71,97) amoktiBnkav T1a €tn 2006-2014 kai 2002-2006,
avtioToixa. Ta dedopéva omrAnvog (13 avdpeg / 7 yuvaikeg, péon nAikia: 63,85 / 58, eupog
nAikiag: 40-81 / 48-68) kai Tveupova (34 Aavdpeg / 16 yuvaikeg) ammokTABNKav Ta £Tn
2000-2013 kai 2004-2011, avrioToixa. MAnpo@opieg OXETIKG pe TNV NAIKIa Twv acBevwv dev

nrav 81aB£0IuEG yia Ta dedouéva Tou TTVEUOVA.

Katatunoeig avagopdg, dnAadr] KaTatuAoelg TTou  dnuioupyrnénkav  Xeipokivnta  Kal
BewpouvTal ETTAPKWG EPTTEPIOTATWHEVES, ATAV DIABETIPES yia OAEC TIG €IKOVEG, EKTOC aTTo Ta
oedopéva TveUdova, T OTroia OnUIoUPYABNKaV yia TIG AVAYKEG TNG €peuvag atrd pia
fellowship trained xai board certified €geidikeupévn akTivoddyo Bwpakog (Sharyn |. Katz

MD/MTR, UPenn, 21 xpévia gutreipiag).
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Mivakag 1: ZUVOTITIKN TTEPIYPAPN TWV OEDOUEVWY TTOU XPNOIKOTIOINONKav oThv epyaacia.

MeAétn

ATreikovioTIKR TeXVIKA

Ap10ju6g aocBevwyv

2TTANVOGg

3D-CT

20

MaoTtoU

2D-DCE-MRI:

50

pre-contrast
first post-contrast
second post-contrast

Mveupova 2D-CT 50

"AoioBAOCTWHATOG 3D-MRI: 20
T1

T2

T1CE (T1Gd)
FLAIR

4.2. MNpoTteivopevog aAyopiduog

O aAyopiBpog utropei va kataTtufioel N epioxég evdiapépovtog (Regions of Interest - ROISs)
Tautdxpova, aglotoliwvTtag N+1 olvola atrd eTikéETeS €10000U, OTTOU TO ETITTPOCOETO CUVOAO
ETIKETWV aVTITTPOoWTTEUEI TTANPOo®opicg uTToR&BPOU (10TOI 01 OTToIOI BEV gival EvOIAPEPOVTOG).
210 TPpWTO PBAMG TOUu aAyopiBuou, o xprRoTng oxedidlel ypriyopa Kal adpd TTavw atmo TIG
OIAPOPETIKEG TTEPIOXEG EVOIAPEPOVTOG XPNOIUOTTOIWVTAG TOUAAXIOTOV OUO OIAPOPETIKEG

ETIKETEG (ZxNua 7).

MNa k@Bt Celyog €IkOvaG Kal KAAONG ETIKETWYV, TTapayeTal évag xdptng AGD [16] (Zxnua 8)
TTOU QVTIKATOTITPICEl hia oUvBeon TNG XWPIKAG atrdéoTaong Kal TnG diagopds éviaong ato Td
ox£01a Tou XPAOTN, OUTWG WOTE va €XOUV UWNASTEPEG TIUEG Ta voxels TTou BpiokovTal Hakpid
N €Xouv dIaPOPETIKO TTPOYIA évraong (oTo oxAMa, TéTola voxel gugavifovtal TTIo QWTEIVA).
EmmpooBéTtwg, XpnoihotrolouvTal TPEIG XAPTEG “ouvTeTayuévwy”, évag yia kdbe diaotaon

NG €IKOVAG, YE OKOTTO TNV TTAPOXN TTEPICCOTEPNG XWPIKAG TTANPOo@opiag atov alyoépiBuo. Ol
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TIUEG TWV XOPTWVY QUTWYV KupaivovTal atrd undév €wg 1o PEyeBOG TNG eIKOVAG OTNV £v Adyw

oidoTaon.

EMANAAHWH 1

[V}
I
=3
L
<
<
=
<
C
(T

ZxNua 7: Mapddeiyua TTOoU O€ixvel TO QATTOTEAECHUA va PBEATIWVETAI WG OUVAPTNON TOU
eTevOUNEVOU XpOvou. ZTnv TTpwTn emmavaAnyn (iteration), o xpAoTng oxedialel ypriyopa
TAVW atro TIG BIAPOPES TTEPIOXEG. 2T deUTEPN £TTAVAANWN, O XPAOTNG TOTTOBETEI £TTITTAEOV
ETIKETEG YIO TN OIOPOBWON QVTITIPOCWTTEUTIKWY E€0QOAPEVWYV  TTEPIOXWY, Ol OTTOIEG OTN
OUVEXEIQ XPNOIKOTTOIOUVTAl VIO TNV ETTAVEKTTAIOEUCT TOU JOVTEAOU UNXAVIKAG HABnong. Ao
aploTepd TTPog Ta Oegid: (i) apxikA €ikova (i) oxEdia Tou xpnoTn (iii) kKatdTunon TTou TTapdyel
n péBodog (iv) KataTunon avagopdg.

‘Eva guvolo [41] atmd MAY ekmmaideveTal o€ voxels TTou avAkouv oTa oX€DIA Kal KATOTTIV
XPNOIUOTIOIEITAI VIO VO KATOTUAOEI TO UTTOAOITTO PEPOG TWV EIKOVWYV TNG OTTEIKOVIOTIKAG
efétaong. Kdbe oOceiypa ektraideuong (0nA. voxel) Trepiypdgetal amdé Ta  akéAouba
XOpakTNEIoTIKA: (i) évTaon ot OAeG TIG eUBUYpPauuUIOUEVES EIKOVEG, (i) ammdoTaon o€ GAoUG

Toug xdapteg AGD kai (iii) Ty og 6Aoug Toug xApTeg “ouvreTayuévwy’. Tpia povTEAQ
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Tagivéunong (classification) MAY ekmraidevovtal, pe cuvapTAoEIG TTUpAva: AKTIVIKNG Bdong
(Radial Basis Function - RBF), gk8etikou ¥? (Chi-squared) kai SIQTOUAS 10TOYPAUUATOS
(Histogram Intersection). Or1 uTrepTTapdueTpoi Toug eTmAéyovTal PéOW TS OIadIKaoiag
dlagraupouuevns emkUpwons. H TeNk TPOBAewn yia kK&Be voxel emTuyyxavetal e
OUYXWVEUON, MEOW Yneogopiag, Twv TPIwV TIPORBAEYEWV aTTd Ta HOVTEAA, €VW O

TagivounTrig RBF xpnoiyoTrolgital yia va TTIAUCEI ICOTTAAIEG.

Zxnua 8: MMapdadeiypa xaptwv AGD. O1 1o OKOTEIVEG TIUEG OEixvouv XauNnAOTEPN
TTpocapuoopévn yewdaiTikr) améoTaon (Adaptive Geodesic Distance - AGD) atréd ta oxédia
TOoU XpnoTn. 210 YAoloBAdoTwpa, To 6pio NE kai ET eival cagpéaTtepo oe T1CE, evw 10 6plo
peTagy ED kai utroBdBpou cival cagéoTtepo o1o FLAIR. AT apiotepd 1mpog 1a de€id: (i)
apyIkn €ikova (i) oxédia Tou xpnoTn (iii) xaptng AGD vyia Tig €TIKETES yia NE (TO TTEpIOXIKAG
MN-evioxupévo TuAua Tou yAoloBAacTtwparog) (iv) xaptng AGD yia ET (1o TTeploxikd
EVIOXUMEVO TUAMA Tou yAoloBAacTwuatog) (v) xaptng AGD yia ED (1o TTepiecTiakd oidnua)
eTIKETEG (Vi) X&pTng AGD yia 10 govro.

4.3. Neipapartikdg Zxediaouodg
4.3.1. To mpwTOKOAAO aioAdynong

21NV agloAéynon Tng HEBGdou cupueTeEixav OKTW €101KOI, OUO yIa KABE YeAETN. ZNTABNKE atro
TOV KAB¢g €I10IKO va KATATUAOEI TEOOEPIG POPES KABE ATTEIKOVIOTIKA £6£TACT. ZUYKEKPIYEVA, YIA
KaBe aoBevl o KGBe €1dikdG TTapryaye dUo0 xelpokivnteg kal duo IML-utroBonBoupeveg
KATOTUACEIG. ZNUEIWVETAI OTI OAEG AUTEG Ol KATATUAOEIS ATAV ETTITTPOCOETEG TWV EKTEVWIG

KABOPIOPEVWY KATATUACEWY avapopdg.
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2T10UG €IBIKOUG BOBNKavV CUVTOPEG 0dNYieg yia Tn XprRon TG peBodou kal Toug {nTrRBnke va
Kataypdyouv Tov XpOvo TTou XpeldoTnkav yia va rapaydyouv Tig IML kai Tig xeipokivnTeg
KataTpAoelg. Ma dikaidtepn agloAdynon TNG OUVETTEIOG TNG KATATUNONG aTTd dIAPOPETIKOUG
€101KoUG yia 1o yAoloBAdoTwua, d60nKe 0dnyia oToug €18IKOUG VA EKTEAECOUV TN XEIPOKIivVNTN
KATATNOoN Twv S10QOpwV TTEPIOXWY TOou OyKou (TTEPIOXIKA evioXUuuévo TuAua (enhancing
tumor core - ET), mepIOXIKG uNn-evioxupévo TuAPa (non-enhancing tumor core - NE) kai
TTEPIEOTIAKO oidnua (peritumoral edematous/infiltrated tissue - ED) [3], [4]) o 1 wpa n
AiyoTepo.

4.3.2. Neipapa 1: ASiloAdynon ZuvoAikiAg Atrédoong

Apxikd, aflohoyndnke n xwpik €mKAAUWn KABe TTpooéyyiong o€ oxéon ME Ta Oedouéva
avagopdg, xpnoipotroiwvTtag Dice Similarity Coefficient (DSC) yia va emAexBei pia
IML-uTroonBoupevn Kal pia xeipokivntn Katatunon ammo Kade €181kd, yia kabe aaBevr). MNa 1o
yAoloBAdoTWHA, Xpenoiyotroiitnke povo n tepioxn Whole tumor (WT), dnAadA n tTepioxn
TToU KaAUTITETAI aTré TNV evwon Twy eTiIkeTwv NE, ET kai ED, yia autég Tig emAoyég. Ta DSC

Twv dU0 OUVOAWYV OUYKpiBnKav oTaTIOTIKA.

EmirAéov, uttoAoyioTnkav ol YEWMPETPIKOI Oykol Twv IML Kal XElpoKivTwy KATATUACEWY Kal
ouyKpiBnkav TTOCOTIKA e Ta OcdOpEVa ava@opdc. TEAOG, eKTIUABNKE O OUVTEAEOTAG
ouoxéTiong Pearson [66] yia kaBéva atrd Ta {euyn XwploTd, dnAadn, (i) IML-utroBonBouluevn
KataTunon évavt avagopdg kai (i) xeipokivntn évavt avagopds. O YEcog evepydg Xpovog

oxediaong ouykpibnke yia KAOe peAéTn peTagl IML Kal XEIpOKIiVNTWVY KATATUNOEWV.

4.3.3. Neipapa 2: ZUVETTEIA TWV KATATUAOCEWV HETASU SUO SIOPOPETIKWYV ETTAVAAAYEWV
TOoU iBIoU €151KOU

YTmoAoyiotnkav Ta DSC petagu twv duo IML kataTuAcewv Tou KABe BabuoAoyntr, KabBwg
Kal  petafl  Twv  dU0  xelpokivnTwv  Katatprfjoewv  Tou  (dnA.  DSC,, . me KOl

DSC ), yla kdBe acBevi. Ta DSC Ttwv IML kaTtarprioewv ouykpibnkav

Xelpokivnto1/Xeipokivnro2

oTaTioTIKA e Ta Xelpokivnta DSC. EmmAéov, €€eTAOTNKE, YO KABE €10IKO EXWPIOTA, N
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UtTTapén OTATIOTIKA ONPAVTIKWV BIa@opwy PeTagy Tou DSC Twv XEIPOKIVNTWVY KAl TWV

IML-utroonBolpevwy KATaTUACEWY O€ OXEON WE Ta OedOoUEVA avapopdac.

4.3.4. MNeipapa 3: TUVETTEIA TWV KATATHACEWYV ATrd S1a@QOPETIKOUG €151K0UG

EmAEXBNKav oI KOAUTEPEG KATATUAOEIG TOU KABE €18IKoU Ue Ta idIa KPITAPIA €TTIAOYAG TTOU
xpnoigotroiménkav oto Treipapa 1. Ta DSC petalu twv KaAuTepwv IML KaTtaTuAoEwy Twv
OUo €dikwv kal Ta DSC petall Twv KOAUTEPWY  XEIPOKIVATWY KATATHAOEWY TOUG
uttoAoyioTnKav yia KA0e acBevr) Kal eKTINABNKE TO av UTTAPXEI OTATIOTIKA ONUAvTIKN diagopd
yia KAOE PEAETN.

4.3.5. ZramioTikl AvaAuon

XpnoigotroiNdnke 10 TTapaueTpikd  T1eoT  Wilcoxon  Tpoonuacpévwy  TAgewyv  Kal
OUCXETIONEVWY  OElyUdTWY  [79] yio OTaTIOTIKEG OUYKpioelg (UTTOBETOVTOG  TTOOOOTO
o@aApartog TotTou | ioco pe 0,05). H emAoyn Tou TeoT BacioTnke oT0 OTI Ta deiypaTa ival

OUOXETIOHEVA KAl TO ATTOTEAECUATA TEIVOUV va NV akoAouBouUv katavour Gauss.
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5. AtroteAéopara

2€ AQUTAV TNV evoTNTA, TTOPOUCIAZOVTAI TA ATTOTEAECUATA TNG TTEIPAPATIKAG AgloAdynong yia
Karatunon 20 mepImTwoewy oTTANVOg, 50 Kapkivou Tou PJaoTou, 50 TTVEUROVIKWY 0wV Kal
20 mepioTatikwy yAoloBAacTwuatog. MNa kdBe acBevy, o kdBe €1dIKOG TTapriyaye dUO
Xelpokivnteg kal duo IML-uttofonBoUpeveg KATATUNAOEIG, Ol OTToiEG ATaV ETMITTPOCBETEG TWV

EKTEVWG KOBOPIOPEVWY KATATUAOEWY avagpopdg.

5.1. Neipapa 1: AgiIoAdynon ZuvoAikig Amrédoong

210 TIPWTO TrEipapa, agfloAoyrBnke n ammoédoon TnG TTPoTeEIvOuEVNG WeBOdou (Mivakag 3,
2xnua 9). MNa 10 yAoioBAGOTWHA, Ol hUn autéuateg Kal ol IML-uttofonBoUpEveS KOTATUNOEIG
amédwoav Tmapéuoia feuyn DSC 1600 yia v utrotrepioxy WT (Whole tumor - ZuvoAikn
mepioxr) Tou kKaAutrTouv Ta NE, ET kai ED), 600 Kal yi0 HEUOVWHEVEG UTTOTTEPIOXEG,
ocixvovtag €101 OTI &ev UTTAPXEl Kapia onuavTikn dla@opd PETAgU TOUg, VW) TO AVTIOTPOYO
€0€1Ee va 10XUEl yIa TIG AANeG peAETEG. H péBodog TTETuxE uwnAdTEpOo DSC katd oo 6po oTIg
MEAETEG yia OTTAVO KAl KAPKIVO TOU PJOOTOU, OAAG XAPNAGTEPO yia TTVEUROVIKOUG OLoug, O€
oUyKpION HE TN XEIpOKivnNTn TTpooéyyion. QoTo00, N HEB0dOG ATAV APKETA TaXUTEPN aTTo TN
XEIPOKIVATN KATATHNON O¢ OAeG TIG PEAETEG TNG agloAdynong (Mivakag 3), katd 53,1% katé

MECO Opo.

AvAaAuon Tou yewpeTpikoU Oykou Twv IML koTatuAoewyv, pali hE Twv  XEIPOKIVNTWY
KATaTUACEWV Kal avagopdg (Zxnua 10, Mivakag 3 otAAn “Zuvt. Zuoy.”) deixvel 611 Ta AN
TTou €yivav e T PEBodO NATav wg £TTi TO TTAEIOTOV CUCTNPATIKA. AuTO gival TTIO EUPAVES O€
€IKOveG OTTANVOG, 6tou ol IML KaTaTuAOoEIG KAl Ol XEIPOKIivNTEG @aiveTal va gu@avifouv
OUCTNMOTIKA UTTO-KOTATUNGN Kal UTTEP-KATATUNGON, avTioToixa. H puébodog ékave KATTOIa [N

OUOTNMOTIKA COQAAPOTA YIO TTIVEUPOVIKOUG OZoug, KaBWg Kal yia Tnv utrotrepiox) ET Tou
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yAoloBAaoTWHATOG, AANG QUTEG 01 BUO TTEPIOXEG NTAV ETTIONG TTEPICCOTEPO AAVBOOPEVES Kal
OTIG XEIPOKIVNTEG KOATATUNAOEIG. ZUYKEKPIUEVA, n uTrotrepioxy] ET Bewpeital wg n o
ATTAITNTIKY TTEPIOXH] TOU YAoIOBAACTWHATOG GO0V aQOPd TNV KATATUNON, ETTEION CUXVA €XEI

acan Kai Agia 6pia [3].

Anoéboon

(i) OAGKANPN N TEPLOX N EVBLXPE POVTOG

- IMARVACG MaoTocg Mvedpovag MolofAGoTWHA
] 081 % ] %I ] ]
: ;
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(ii) EmpEpoug ETIKETEC

Emipépoucg ETIKETEC YAOLOBAGOTWHATOC
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ZxNua 9: ZuvteAeoTng Dice, og oUYKPION PE TIG KATATUAOEIG ava@opdg, yia TIG TTEPITITWOEIG
otrou: (i) ETMIPEPOUC ETIKETEG TTOU QVTITTIPOOWTTEUOUV OIGQOPETIKEG TTEPIOXEG TNG OOUAG
uttohoyifovtal wg pia, (ii) JEPOVWHPEVEG UTTOTTEPIOXEG TOU YAOIOBAACTWUATOS (VIO TIG AAAEG
OOMEG OEV UTTAPXOUV UTTOTTEPIOXEG).
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AvaAuvon OYKOU KATATHNG NG

(i) OAGKANpPN N mepLoyn evBLagépovtoc
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2xAua 10: Scatterplots ota omoia Ta PTTAE onueia cival Ta Celyn TWV YEWHETPIKWY OYKWV
Twv KaTatuAoewv NG IML peBddou Kal TwV YEWMETPIKWY OYKWV TwV KATATHNOEWV
avagopdg. lMapduoia, Ta KOKKIVA onueia cival Zeuyn Twv OyKWV TWV  XEIPOKIVATWYV
KATOTUACEWY KAl KOTATHAOEWY ava@opds. H yaupn ypapun aviimmpoowTreUel TOUG OYKOUG
TWV KATATPACEWV ava@opds. Ta oxedlaypduuata avAkouv o€ (i) SIaQOopPETIKEG HEAETEG OTTOU
OAEG OI ETIKETEG, TTOU AVTITTPOCWTTEUOUV DIAPOPETIKEG UTTOTTEPIOXEG TNG DOUNG, UTToAOyiCovTal
WG Mia kai (i) UTTOTTEPIOXES TOU YAOIOBAQCTWUATOG.
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5.2. MNeipapa 2: ZUVETTEIA TWV KATATMAOEWYV PETASU BUO SIOPOPETIKWV
eravaAQWPewyv ToU id1ou £181K0U

To OcUTEPO TIEipAPO ETTIXEIPEI VA TTOCOTIKOTIOINGEl TNV CUVETTEID PETALU OIAQOPETIKWV
eTavaAyewyv Tou idlou €18IKOU (intra-rater consistency), CUyKpPivOVTAG TIG KATATHNACEIG aTTO
TIG U0 emavaAAwelS TNG agloAdynong, fexwplotd yia IML kai xeipokivntn KaTtdTunon
(Mivakag 3, ZxNua 11). Aev BpEBnKe OTATIOTIKA ONPAVTIKY S10QOPE JETAEU TWV XEIPOKIVNTWY
Kal Twv IML-uttoBonBoUpevwy KATATUACEWY YIO OTTOIAdNTTOTE ATTO TIG PEAETEG, EKTOG OTTO TN
MEAETN OTTANVOG, OTTOU o1 KATaTUAOEIS TTou TTapAxOnoav atrd 1n péBodo cixav uwnAoTepn

Méon XxwpIKA eTIKAAUWN.

Mivakag 2: AmoteAéopara (p-TinéEG) Tou Wilcoxon test pye ouoyxetiopéva deiypara, yia KGBe
€I0IKO, Ouykpivovtag Ta amoTeAéopata  Tou ouvieAeoT Dice Twv  dIAQOPETIKWV
mpooeyyioewv (IML kai xeipokivnTng Katdrunong) o€ oxéon ue 1a dedopéva avagopds. H
dlagpopd Bewpeital onuavTikn 6tav p <0,05.

+ EI181k6¢ 1 + E181K6¢ 2
Erkéra  |ML Xelp. + IML Xelp.
Z1rARQvag

- 0.9405 0.3507 :0.1454 0.433
MaoT16g '

- 0.2425 0.5116 :0.5921 0.1358

Mveupovag

- 0.0422 <0.0001 :0.1358 <0.0001

FAoloBAdoTWA '

WT 0156 0.0001 :0.8813 0.0008
NE  0.0522 0.0859 50.9405 0.0001
ET 01913 0.3317 :0.0522 0.0001
ED 04781 0.0001 :0.6274 0.0008

EmmpdoBetn avahuon tou DSC o€ oxéon pe TIG KataTunoelg avagopdg (Mivakag 2) €deige

OTATIOTIKA onuavTikn diagopd, 6oov agopd Tnv CUVETTEID avAapeoa o€ U0 TTPOCTTABEIEG TOU
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idlou €10IKOU, yia évav pévo atmo Toug IBIKOUG KATA Tn XpAon NG pebodou IML, evw €d¢i1&e
onpavtik dla@opd ot 4/8 €1dIkoUg yia xeipokivntn KoTdtunon. EmmAéov, dev utmpxe
onpavtiky dlagopd Katd Tn XpAon g peBodou IML yia otrolovdnTToTe ammd Toug dUo
€I0IKOUG yIa OAEG TIG UTTOTTEPIOXEG TOU yAoloBAacTwuaTtog. H idia avadAuon yia XeipokivnTn
KATATuNon £0€1EE ONPAVTIK d1a@opd o€ OAEG TIG UTTOTTEPIOXEG, EKTOG atTd To ET yia évav

€101KO.

ZUVETIELD PLETAED SLAPOPETIKWY eEMAVAAAYewWVY To iGlov e16LkoD

(i) OXSKANPN N nepLoxr] EvBLaQE povTOg

- IMARVacg MaoTécg Mvedpovacg MolopAGoTWHA
g% e % % | o | ?
a 2 . :
(e}
g 0.6 g o 1 1
2
S 0.41 5
2
™ 0.2 1 : .
p=0.003 p=0.37 p=0.116 p=0.61
0.0 T T T T T ! . !
IML Xeip. IML Xelp. IML XeLp. IML Xelp.

(i) EmpEpoug ETIKETEC

EMpépoug eTIKETEG YAOLOPAQOTWHATOC

10 -
8 0.8 1
E l
‘g 0.6 (o] @ 8 8
=] 0
8 F
é 0.4 o 5 o
3
0.2
p=0.32 p=0.116 p=0.788
IML (NE) Xetp. (NE) IML (ET) Xep. (ET) IML (ED) Xep. (ED)

Zxnua 11: ZuvreAeoTtAg Dice, yia amotiynon NG ouvémelag avaueoa o€ dU0 TTPOCTTABEIEG
Tou idIou €IdIKOU: (i) yia OTav Ol ETTIPEPOUG ETIKETEG TTOU QVTITIPOCWTTEUOUV OIOPOPETIKES
TEPIOXEG TNG OOMNG  uTttoAoyifovial wg  pia, (i) yia PeEPOVWUEVEG TTEPIOXEG TOU
yAoloBAaoTWHATOC (VIO TIG GAAEG DOUEG OEV UTTHPXAV UTTOTTEPIOXEG).

58



5.3. MNeipapa 3: ZUVETTEIO TWV KATATHAOEWYV ATTO S10QOPETIKOUG E181KOUG

270 TeAeuTaio TrEipaPa, UTTOAOYIOTNKE Kal OUykpiBnke n ouvémela petagu IML  kai
XEIPOKIVATWY KATATUACEWV atrd dia@opeTikoug €1dikoug (Mivakag 3, ZxAua 12). YTmpée
onMavTIKh dlapopd yia €IKOVEG OTTANVOG, YHaoTou Kal TIVEUPOVWY, kKabwg kai yia Ti¢ NE kai
ET umrotrepioxég tou YAOIOBAQCTWHATOG. ATTO TIG TTEPITITWOEIG TTOU UTTIPXE ONPOAVTIKH
olapopd, n péBodog IML TTETUuXE UWNAGTEPN XWPIKA E€MIKAAUWN Yia OTTAAVA, KOPKiVO TOu
MaoToU kKal Tnv NE uTtrotrepioxr) Tou YAOIOBAQCTWHOTOG. AVTIOETA, Ol XEIPOKIVNTEG
KataTuAoelig €6eiEav uwnAGTEPN CUM@WVIA YIO KAPKIVO TOU TTVEUUOVA Kal TNV UTTOTTEPIOXT)

ET.

ZUVETELD PETAE) KATATHACEWY and S1d@opeTiKoOC £161K00C

(i) OXSKANPN N NepLo)r] EVBLOQE pOVTOQ

- IMARvacg MaoTtog Muedpovacg MolofAdo TR
(] o
(o]
£ 06 1 & 8 1 1
=
3 o
-~ 4
5 0.4 S
=3
=
0.2 o
p=0.003 p<0.001 p<0.001 p=0.156
0.0 T T ? ? T T : T
IML Xeiwp. IML Xelp. IML Xelp. IML Xeip.

(Ily EMLUEPOLG ETIKETEC

ETMipépouc ETIKETEC YAOLOBACOTWHATOS

10
8 0.8_ é T @ %
a o
2061
5 0.4 & o
=
3
™02
p<0.001 p=0.044 p=0.455
IML (NE) Xewp. (NE) IML (ET) Xewp. (ET) IML (ED) Xewp. (ED)

Zxnua 12: ZuvteAeotig Dice, yia ammoTiynon OUuveéTTEIdG METAEU KATATUACEWV aTTo
OlaQopeTIKOUG  €I0IKOUG: (i) yia OTav Ol ETTIPEPOUG  ETIKETEG TTOU  AVTITIPOOWTTEUOUV
OIAPOPETIKEG TTEPIOXEG TNG OOWPNG uTttoAoyifovtal wg dia, (i) yia TIG UTTOTTEPIOXEG TOU
yAoloBAaoTwpaTog (01 GAAEG SOpES BEV Eixav UTTOTTEPIOXEG).
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Mivakag 3: AttoteAéoparta Kal yia Ta Tpia Teipduata. MNeipapa 1: H atrdédoon Tou aAyopiBuou
uttohoyieTal wg n  €mMKAAUWN, TTou uTToAoyifeTal péow Tou oOuvTteAeoTh Dice, Twv
KATOTUACEWV ME TIG KOATATUAOEIS ava@opds. O TiuéG p eival ammoTEAEOUa OUleuyPEVWV
ouyKpioewv PeTaglu Twv IML Kal XelpoKivnTwy KATATUACEWY TTOU Trapouadiacav uywnAdTtepn
EMMKAAUYWN yia KABe €181kd Kal yia KdBe aocBevr). O ouvTeAeOTNG CUOXETIONG UTTOAOYICETal
METOEU TWV YEWMETPIKWY OYKWV TToU UTToAoyifovTal yia TIG U0 TTPOOEYYIOEIS KAl TwV OYKWV
ava@opdc. “Zuvt. Zuoy.” eival o ouvteAeoTng cuoxétiong. lMeipapa 2: Or TINES deixvouv
EMKAAUYN MPETALU TNG TTPWTNG Kal Tn¢G deUTepng TTPOOTIABEInG KABe €IBIKOU, yia KABe
mpocéyyion. Meipapa 3: O1 Tiuég deixvouv emMKAAUWN WETAEU KOTATUAOCEWY OIOQOPETIKWV
€1I0IKWV.

Neipapa 1 Neipapa 2 Neipapa 3

ZUVT. ZUOY. Intra-rater péon emik. . Inter-rater yéon €mk.
IML  Xep. : IML  Xep. p iIML Xep.  p

Méaon emkadAuywn Xpoévog
Encéra ML Xeip.  p i IML Xeip.

ZmwARvag

- 091 0.87 <10® !66s 100s :0.99 099 :091 089 0003:091 0.87 0.003
MaoT1ég

- 0.84 082 <10° !19s 70s :098 095 :08 09 037:08 081 <10°
Mvedpovag

- 078 0.83 <10° !93s 125s:096 097 :096 095 0.116:0.85 0.89 <10°
FAoloBAdoTwua

WT 094 092 0259
NE 0.81 079 0.183 ]
ET 0.85 0.87 0.09
ED 0.88 0.87 0.657 !

1 0.98 §0.91 0.89 0.61 50.89 0.88 0.156
0.97 095 :085 08 032:079 067 <10°
096 098 :085 088 0.116:0.79 0.84 0.044

i
1
21m 60mi
! 1 098 :085 083 0788:081 08 0455
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6. Zu{ATnon

2€ QUTAV TNV epyaacia, TTapoucidoTnke pia IML uéBodog KatdTunong, n otroia gival edxpnoTn,
ypriyopn Kai yevikig xpriong. H péodog utropei va epapuoaTei o€ £va TTARBOG epeuvnTIKWV
EQPOPUOYWV XWPEIG va atTaiTeiTal TTpocapuoyr] oTov ekdoTtote Topéa (domain) i aTTaITnTIKA
ekmraideuon xpnotwv. Aaufdvel wg eicodo esvbuypauuiouéves (co-registered) 1aTPIKEG
€IKOVEG Kl ypriyopa ox€dla Tou XProTn Kal Katomiv dnuioupyei xdpteg AGD, woTe va
ekTaidevoel €va olvoAho amd MAY, ol oTroieg XPnOIUOTToIOUVTAl OTn CUVEXEIA VIO TNV
KATaTunon oAOGKANPNG TNG aTTeEIKOVIOTIKAG €6€Taong. Etriong, afloAoynbnke n amoédoon Tng
MEBOSOU 0t éva TTANBOG CuPTTayWwY OOPWYV TTPOEPXOUEVO aTTd OIAPOPES AVATOMIEG,

QTTEIKOVIOTIKEG TEXVIKEG KAl TIPWTOKOAAA ATTOKTNONG IATPIKWY EIKOVWV.

H péBodog atlotrolei TNV aTTOTEAECUATIKOTNTA TNG MNXAVIKAG MABNong, aAAd Ttautdypova
QVTIMETWTTICEI YVWOTEG AdUVAIES TNG. ZUYKEKPIKMEVA, OTNV TTPOTEIVOUEVN HEBODBO Sev UTTAPXEI
N avAykn YIo EKTETOMEVN EKTTAIOEUCN MOVTEAWV XPENOIMOTTOIWVTAG OYKWON GCUVOAQ
oedouévwy Kal dev TiBeTal BEPA Peiwong TG aTTOdooNG TOU POVTEAOU O€ AyVWOTOUG TOUEIG.
NAoyw TnG d1adpaoTIKG Yuong Twv IML ueBodwy, Ta povTéAa KATATUNoNG cival BEATIOTA yia
TIG €IKOVEG TOU OUYKEKPIPEVOU aoBevr), yia Tov OTToi0 YiveTal n avaAuorn. ETTpdoBeTa o@EAn
NG TTPOTEIVOPEVNG PEBOBOU atroTeAOUV N IKAvOTNTA TTAPAAANAOTTOINGNG TNG KAl O XOUNAEG
UTTOAOYIOTIKEG aTTAITACEIG TNG. QOTOCO0, TO KUPIO YEIOVEKTNUA TNG gival OTI dev gival TTANPWG

QUTOMQTOTTOINUEVN.

H 1ToooTikr} agloAdynon NG pHeBOdoU avédeIEe BETIKEG TTPOOTITIKEG YIa TNV EQPAPHOYH TNG O€
TTOIKIAEG QVATOWMIEG, YIa TIG OTTOIEG UTTAPXE! 1D1aiTEPO evdIiagpépov atro Thv 1ATPIKA épguva. H
akpifela TNG HEBGDOOU KAl N CUVETTEID PJETAEU TWV KATATUACEWY aTTO SIOPOPETIKOUG XPNOTES
NTAV OUYKPIOIMEG ME TN XEIPOKIVATN KOTATUNGON, €VW N OUVETTEID METALU OIaQOPETIKWYV

eTavaAYewyv ToU idlou XpAOTN ATAV UWNAr, yeyovog TTou dnAwvel 6T n PéBodog eivail
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€UOTOONG. Ta OYKOUETPIKA OQAAPOTO ATAV KUPiWG ouoTnuatikd, utrodnAwvovtag Ot Ta
OTTOTEAECUATA TTOU OTTOKTABNKAV PTTOPOUV va BeATIWOOUV PECW TTEPAITEPW ETTAVOAAWEWYV
NG HEBSOOU A EQAPHOYAG KOIVWV OYKOUETPIKWY dIAdIKACIWY, OTTWGS CUPPIKvwon/ueyEduvaon.
ATtrodeixBnke etTiong 611 N HEBOBOG cival ypriyopn kai dev atraitei utrePBOAIKA aAAnAeTTidpaon

ME TOV XPNoTn.

H p€60od0¢ TTou TTapoudIAoTnKeE £XEl €va eUpU @ATHUA KAIVIKWYV EQAPUOYWY, ETTEIDN N TTANPWG
QUTOMOTOTTOINUEVN KATATHNON CUVAVTA BUCKOAIEG yIa TNV upeia uloBETNONA TNG OTNV KAIVIKA
mpAagn. H exmaideuon autéuatwy PeBOdwv ataitei HeydAa oUvoAa OedOUEVWY TTOU Egival
OUOKOAO va dnuioupynBoulv kai va atroktnBouv. EmimmAéov, o1 péBodol Babidg pdabnong
(deep learning) ouxva &ev eival eUkoAa TTpooPaciyeg amd Toug yiatpoug, £TTEId GuvhBwg
ATTAITOUV €EEIBIKEUPEVOUG UTTOAOYIOTEG KAl OEV UTTAPXEI OKOPA HIA TUTTOTTOINUEVN PEBODOG
OlavouNAG TETOIWY AOYICHIKWY. AKOMN, Ol autouaTeg MEBodOI Oev gival YeEVIKNAG XPAOoNG, aAAG
eKTTAIOEUOVTAI YIO OUYKEKPIPEVA TTpoBAAuaTa. Auté onuaivel 01l Ba xpelaoTei apKeTOG
XPOVOG, AKPIBEG KAIVIKEG WEAETEG KAl ONUAVTIK ouvepyaoia METAEU 1IOPUMATWY YIG TNV
eKTTaidEUON AGIOTTIOTWY HOVTEAWV Yia KABe dopufl Tou OWwMaToG. OPIoPEVEG QUTOUATEG
TTpooeyyioelg avTiueTwTTiICouv TTPORAAKATA OTNV KATATUNGN €IKOVWY TTOU OTTOKTABNKAV aTTd
MNXavApata  pE  OIa@OPETIKG TTPO@IA  éviaong kal Bopufou amd autd oTa oTroia
ekTTaideUTNKAV. Q¢ ammoTéAeoua, n S1a0dPACTIKA KATATUNON TTOPAMEVEI EEAIPETIKA ONUAVTIKH
Kal TBavoTara Ba cuveyioel va gival aTo gEAAOV. TENOG, N KATATUNON 1ATPIKWY EIKOVWV Eival
Mia TTOAUTTAOKN Oladikaoia, €meid N avaBeon ETIKETWY OUXVA BaoileTal o€ TTPOXWPENUEVES
IATPIKEC YVWOEIS KAl TTANPOPOPIES YIa TOV EKACTOTE aaBevr], €I0IKA yIa KAPKIVIKOUSG GYKOUG.
Katd ouvétteia, ol KaTaTUACEIS aTTO QUTOUATOTTOINKEVEG HEBOBOUG TTIBavoTaTa dev Ba yivouv
TTOTE OUVWVUMEG HE TIG KATATUACEIG avagpopdg kal Ba auvexioel va uttdpxel oto JEANOV n

avaykn yia yphyopes OlopBwoelg ammd  €1dIkoug yia va  BeATiwOei To  ammoTéAEoua,
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eVOEXONEVWG PE DIAdPOOTIKEG NEBGOOUG TTOU XPNOIYOTIOIOUV WG €i0000 HIa KATATUNON TTOU

Tapdyetal ammo Evav ahyopiBuo Babidg udénong.

To ITK-SNAP [14] Trapéxel €mmiong pia puéBodo S1adpacTIKAG KATATUNONG. QoTO00, aTTaITEl
atrd TOUG XPAOTEG va aKOAouBrioouv €va Trio TTEPITTAOKO TTPWTOKOAAO yia Tn diegaywyn
KATATUNONG ME TTOAATTAEG KAAOEIG €TIKETWVY. O XprioTng TTAPEXEl TTPWTA YPHyopa OXEDIA IO
TIG OIAPOPES TIEPIOXEG EVOIAPEPOVTOC Kl eKTTAIOEUEl €va WOVTENO. TN OCUVEXEID KOl
gexwpIoTd yia KaBe kAdon, o XpAoTng TPETTEl va ToTToBeThoEl “oTTdpoug” (seeds) Kal va
emTPETTEl TNV “€CENIEN” €vOC TTEPIYpAPaTOCg (contour evolution). H agloAéynon tng peBddou
yia yAoloBAdoTwpa uwnAou BaBuou kakonBelag, €miong oto ouvolo dedopévwyv BraTs,
£0e1ge XaunAGTEPN Méon ocupwvia pe Ta dedouéva avagopds yia To ITK-SNAP yia Tig
TEPIOXEG  TTOU  aglohoynBnkav  kal otV TTapouca  PEAETN, ouykekpiyéva ET
(Dice,,,/Dice, sy.p=0.85/0.69) kai WT (Dice,,,/Dice . snp=0.94/0.85). O péoog xpovog
aAAnAeTTiIOpaONG ToU XpAoTN nTav eTiong XAMNAOTEPOG
(Xpo6vog,,, /XpOVOS 1 snap=21mMin/27.8min). EmmAéov, 10 “grow from seeds” effect
(Sdodikaoia avarTugng Treploxwv) Tou 3D Slicer akoAouBei pia pory epyaciag TTapduola pe
QUTA TTou TTapoucidleTal oTnv TTapouoa epyacia, aAAd ptTopei va utrooTnpiel povo dia

€IkOvVa wg €iocodo.

MeAAovTIK) épeuva uTTopel va BeATiwoel TN UEB0DO. TponydEVES TEXVIKEG MNXAVIKAG
HaBnong, OTTwg N nNUI-ETTOTITEUOUEVN PABnon (semi-supervised learning), ptmopouv va
augnoouv Tnv akpifeia Kai Tn cuvétrela Twv ammoTeAeapdTwy. H Texvikn transfer learning Ba
HTTOPOUCE VO ETTEKTEIVEI TO €UPOG TWV EQAPHOYWY WOTE VA CUUTTEPIAGBEI PN-CUPTTAYN
6pyava kal OykKoug, OTTwG ol eyKEPAAIKEG BAAReS (brain lesions). Akdua, av €0TIOOTEN TO
eVOIOPEPOV O€ Ui TUYKEKPIMEVN EPAPMOYH, MOVTEAQ TTPO-EKTTAIDEUMEVA OE PEYAAO apIBuO
aoBevwv, ATAavTeG Kal €CEIDIKEUPEVES TEXVIKEG TTPOETTECEPYATiag uTTopoUv va Bonbricouv

oTnv Trapaywyn KoAUTEPWV aTToTEAeOPATWY. EmmTAéov, €éva un avadpopikd oUVoAo
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0edouévwy, OTTOU N atmmokTnon Twv €IKOVwY Ba yivoTav Pe SIaQOPETIKEG pubuiocelg avd

aoBevn, Ba emBefaiwve TTEPAITEPW TNV ATTOTEAECHUATIKOTNTA TNG MEBGDOU.

Ta amoTteAéouata £dei§av OTI N PEBODOG £xel akpiBela Kal OUVETTEID PETAEU KATATUACEWY
OIAPOPETIKWYV  EIDIKWY OUYKPIOIMEG HE XEIPOKIVNTN KATATUNON, Ot OIAPOPEG CUPTTAYEIG
QVOTOMIKEG OOMEG Kal TEXVIKEG aTreikéviong. EmmmAéov, n péBodog £0€i1Ee UWNAr CUVETTEIO

METAEU OIOQOPETIKWV ETTAVAANYWEWYV Tou idlou €10IKOU Kal MIKPA avaykn yia aAAnAeTTidpacon

ME TOUG XPrOTEG.
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7. Zuputrépacpa

210 TAQIOIO QUTAG TNG €pyacia ouykpiBnke n TTpoTeivopevn PEBOdOG BIadpaoTIKAG
KATATUNONG ME XEIPOKIVNTN KATATUNGN o€ éva TTEIpapaTik® TePIBGAAov TTou TrepieAduBave
KATATuNon OTANVOG, YAOIOBAQOTWHATOG KAl KAKONBwV OyKwv Tou pacToU Kal Twv
Tveudovwy. Ta Treipduata €0eifav 0TI n PEBOSOG €ival OUyKpIoIUn WE TN XEIPOKIVNTN
TIPOCEYYION WG TTPOG TNV OKPIBEIO KAl TN CUVETTEIA, OTIG TTEPIOCOOTEPEG TTEPITITWOEIG, EVW
gemmepvd TN xeIpokivnTn KATATUNON 0€ opIiopéveg AAAeg. EmiTAéov, n péBodog nrav TTavTa
TaxUTeEPN, XOPOKTNPEIOTIKO TToUu avadelikvuel TV KATAAANAOTNTA TNG VIO EQAPUOYEG TTOU

ATTAITOUV KATATHNON MEYAGAOU TTARBOUG EIKOVWY a0BEVWV.
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Abstract

In this thesis, a fast, accurate, and consistent method for general-purpose medical image
segmentation is presented. The method is based on interactive machine learning (IML).

Utilizing brief user training annotations and the adaptive geodesic distance transform, an
ensemble of Support Vector Machines (SVMs) is trained, providing a patient-specific model
applied to the whole image. To validate the method, retrospective cohorts were identified
comprising 20 brain, 50 breast, and 50 lung cancer patients, as well as 20 spleen scans.
Corresponding ground truth annotations were available for each scan. Two experts were
recruited to segment each cohort twice with the IML method and twice manually. Evaluation
endpoints included speed, spatial overlap, and consistency. Statistical significance was
evaluated through the Wilcoxon signed-rank non-parametric test.

The IML method was faster than manual annotation in all structures, by 53.1% on average.
A significant (p<0.001) overlap difference was found for spleen (Dice,,,/Dice,,,,,.~0.91/0.87),
breast tumors (Dice,,/Dice,,,,, .=0.84/0.82), and lung nodules (Dice,,/Dice,,,,, .=0.78/0.83).
For intra-rater consistency, a significant (p=0.003) and favorable difference was found only
for spleen (Dice,,/Dice,,, ,~0.91/0.89). For inter-rater consistency significant (p<0.045)

differences were found  for  spleen (Dice,,, /Dice,,,,,.~0.91/0.87), breast
(Dice,, /Dice,,,,,.=0.86/0.81), lung (Dice,,/Dice,,,, .~0.85/0.89), the non-enhancing brain
tumor sub-region (Dice,,/Dice,,,, .,~0.79/0.67), and the enhancing brain tumor sub-region

(Dice,,, /Dice,,,,,.~=0.79/0.84), which in aggregation favored the IML algorithm.

The quantitative evaluation for speed, spatial overlap, and consistency, revealed the benefits
of the proposed IML method when compared with manual annotation, for several clinically
relevant problems. The IML method is publicly released through the Cancer Imaging
Phenomics Toolkit (CaPTk - https://www.cbica.upenn.edu/captk) and as an MITK plugin
(https://github.com/CBICA/InteractiveSegmentation).
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1. Introduction

Medical image segmentation, i.e., annotation of regions of interest such as the area where a
tumor resides, is an important task in clinical and research environments [1]-[5], facilitating
subsequent computational analyses, which depend on the accuracy of the segmentation
given as input [6]-[8]. Manual expert annotations are currently considered the gold standard,
but tend to be tedious, time-consuming, and the results often have limited reproducibility [3],
[9]. Even with the assistance of various tools [4], manual annotation can take multiple hours

for a large scan or complex anatomies.

A plethora of fully automatic machine learning (ML) methods that can achieve
state-of-the-art results have been proposed, but tend to face various challenges [10] that
hinder clinical translation. Some of the most important challenges are generalization to

unseen datasets and need for extensive expert corrections and refinements [4], [11].

Interactive Machine Learning (IML) methods fill the void between manual and automatic
approaches by allowing an operator to train a patient-specific model via quick and rough
drawings, which then automatically segments the entire scan [5], [12]-[14]. IML approaches
provide the option for expedited refinements, and the final segmentation tends to get closer
to the desired result as a function of the invested time. Two popular tools offering such

functionality are ITK-SNAP [11] and 3D Slicer [15].

In this thesis, an IML method is proposed, leveraging adaptive geodesic distance (AGD) [16]
maps alongside an ensemble of support vector machines (SVMs) that is agnostic to image
type/dimensionality and supports multiparametric input images. The performance of the
proposed method against manual expert segmentation was systematically evaluated across
different anatomical structures and image modalities. Evaluation endpoints comprised

speed, spatial overlap agreement, and consistency between different time-points and raters.
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2. Introductory concepts

2.1. Radiology

Radiology is a multidisciplinary medical discipline devoted to the analysis of medical images
for use in the diagnosis and treatment of diseases [17]. Examples of technologies used to
acquire the medical images are MRI (Magnetic Resonance Imaging), CT (Computed
Tomography), PET (Positron Emission Tomography), X-Ray, and ultrasound. As
technologies advance and new ones enter the field rapidly, subspecialization is increasing in

prevalence [18], although general radiologists are still common.

Diagnostic radiology is a field that focuses on using medical images for the purpose of
diagnosing the causes of patient symptoms, screening for different diseases, and monitoring
treatment response [19]. Diagnostic radiology is an important field in medicine, as it provides
a non-interventional view of the body, which can be invaluable in assessing the health of a

patient, with virtually no associated risk.

Interventional radiology focuses on assisting and guiding minor procedures undertaken in
the human body, substituting the need for surgery. The practice can be used to insert
instruments into the body, such as a catheter [19], and for cleaning blockages in the arteries
[20]. Other examples of interventional radiology include needle biopsies of organs,

embolization to control bleeding, and angiography.

2.2. Medical imaging concepts

Medical imaging is the process of noninvasively producing images of the interior of the body
for clinical purposes. Medical images are typically greyscale and have some distinct

properties that differentiate them from traditional images.
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An important distinction of medical images is that there are a lot of different technologies,
known as modalities, that are used to acquire them. Each modality produces results that
look substantially different than the others and serves different purposes. Two well known
modalities, that are used in the experiments hereafter, are MRI (Magnetic Resonance
Imaging) and CT (Computed Tomography). MR scanners use radio waves and can achieve
a high level of detail. CT scans are produced with x-rays, are typically less expensive, and

are preferred for imaging organs and bones.

A multitude of acquisition protocols exist for each modality, each having different clinical
interests. Images captured with the same modality but different acquisition protocols can be
acquired during the same scan of the patient, using the same machine. For example, in the
experiments regarding patients with glioblastoma, four MRI acquisition protocols were used:
T1 and T2, which are standard protocols that mostly highlight fat and fluids respectively,
T1CE (T1Gd) which contains information regarding angiogenesis and the integrity of the
blood—brain barrier in the tumor and requires administering a contrast agent to the patient,
and FLAIR which highlights the tumor and the peritumoral edematous region [6], [21].
Images taken with different acquisition protocols can be aligned to follow the same
coordinate system through a process called “registration”. As a result, these co-registered
images can be processed as one image that has multiple channels, as it typically happens
with the R/G/B channels of normal color images, enabling the application of various common

computer vision methodologies.

A medical image usually has 2 or 3 dimensions. The 3 dimensions of a 3D image, define 3
planes when paired in groups of 2. These 3 planes are named sagittal, coronal, and axial.
Visual inspection of 3D images can happen in a 2-dimensional monitor, by displaying 2D
slices belonging to one of the three aforementioned planes. Medical images can also be

4-dimensional, where the fourth dimension is time, and are displayed in the same way as 3D
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images, with an additional slider that controls time progression. 4D images are essentially a
series of 3D images acquired over a small period of time and are clinically useful for
inspecting how well a biological mechanism, like blood flow or oxygenation, operates in

certain areas of the patient.

Segmentations are a special case of medical images used to delineate regions of interest in
a scan. They are typically co-registered with the images they are describing and their
pixels/voxels have 0 as a value everywhere except for the pixels/voxels covering the regions

of interest, which have a distinct integer value for each region.

One other important aspect of medical images is that the physical distance between voxels,
commonly referred to as “spacing”, can be variable in each dimension. That is required
because scans are acquired in 2D slices, which are then merged together. The space
between the slices acquired can be, and usually is, different to the physical space between
voxels in the slice. To alleviate issues associated with this, algorithms usually transform the
images to have isotropic spacing, i.e., to have the same spacing in all dimensions, and
subsequently transform the results back to the original space after the computation. The

process used to transform the size and spacing of an image is called “resampling”.

2.3. Medical imaging technologies
2.3.1. NIfTI

NIfTI-1 and NIfTI-2 (.nii or .nii.gz) are data formats used for storing medical images. They
are adopted in research because they store data in a straightforward way and the standard
is strict. However, images stored this way lack a lot of meta-information which hinders their

clinical adoption.
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2.3.2. DICOM

DICOM (Digital Imaging and Communications in Medicine) [22] is a standard for storing
medical images and meta-information about them. It is used in clinical environments and it is
becoming increasingly adopted in research too. Most medical scanners produce their results
in the DICOM format. Meta-information can be stored inside the header in key/value (called
tag/attribute) pairs. For instance, image modality is stored in tag "(0008,0060)". Other
examples of information that can be stored include the name of the patient, date of
acquisition, study in which the image belongs to, and acquisition protocol. Images stored in
the DICOM format can be a single file, or multiple files where each contains only one of the
slices. The latter was more useful in the past since it enabled sharing a large image using
multiple storage devices, such as DVDs. It should be noted that a lot of the information in the
header falls under PHI (Protected Health Information) and should be edited to be
anonymized/randomized when used for research purposes. DICOM however has received
criticism because it is not a strict standard and different companies might store data in a
different way. As a result, a lot of applications, like MITK [23], have a set of different DICOM

readers, from different organizations, and use the most compatible one automatically.

2.3.3. PACS

PACS (Picture Archiving and Communication System) is a technology used for storing and
retrieving medical images across a hospital system that uses the DICOM format. It is
composed of a central server where all the data are stored and various clients, i.e., computer
programs, that run on the clinicians' computers. In that way, images don't have to be
transported using physical devices across the hospital, but can be accessed instantly
through the PACS client by anyone that has been granted access to them. A PACS also has
the ability to display medical images directly, without the need of external software.
Furthermore, with the help of remote access technologies, such as VPNs, a PACS can allow

secure off-site access to the images for the clinicians. Security of the network and the
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infrastructure is highly important because private patient information can be transmitted and
accessed. Additionally, given that it is a highly automated and centralized system, a PACS

can greatly reduce administrative costs.

In recent years, there has been an increase in PACS servers hosted in the cloud by
dedicated companies. These companies also take care of the client software that runs on
the practitioners workstation. By using a cloud based PACS, the hospital offloads the
maintenance of the system to a company in exchange for a periodic fee. This move could
also increase the security of the data, because a company that specializes in developing

PACS has a dedicated security department that a hospital could not afford.

2.4. Clinical background

In this thesis, four cohorts were analyzed, consisting of glioblastomas, lung nodules, breast

tumors, and images of spleen.

2.4.1. Cancer

Cancer is a group of diseases involving uncontrolled growth of cells in the body. According
to the Global Cancer Observatory of the International Agency for Research on Cancer, there
were over 18 million new cancer diagnoses in 2018 worldwide, while over 9 million people

lost their lives due to the disease in the same year [24].

The main causes of cancer are tobacco use which accounts for 25-30% of cancer related
deaths, diet which accounts for 30-35%, infections which account for 15-20%, genetics
which account for 5-10%, and the remaining cases are attributed to other factors such as
radiation, stress, physical activity, and environmental pollutants [25]. Since lifestyle is a main
contributing factor, a lot of deaths could be prevented by quitting smoking, improving diet,
vaccination, exercising, and avoiding direct exposure to sunlight. There are hundreds of

types of cancer, but they can get grouped into the 5 main categories [26] described below.
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Carcinoma starts in epithelial cells, which can be found on the skin or in thin layers in blood
vessels or the exterior of organs. They also cover cavities, such as the chest and abdominal
cavities. Most carcinomas form solid tumors [27]. Lung, breast, and prostate cancer are
carcinomas. It is the most common type of cancer, accounting for about 85% of cancers in

the UK [26].

Sarcoma starts in connective tissue, such as bones, nerves, muscles that support organs
[27]. It accounts for about 1% of cases [26]. It can be further divided into bone sarcoma and

soft tissue sarcoma.

Leukaemia is the cancer of white blood cells. It is caused by the bone marrow, which creates
malfunctioning white blood cells in excess, causing them to build up in the bloodstream.

Leukaemia accounts for about 3% of cases, but is the most common cancer in children [26].

Lymphoma is a cancer that begins in cells of the immune system, particularly in lymphatic
cells. The lymphatic system is a network of vessels and glands which filters body fluids and
fights infection; it consists of the lymph glands, the lymphatic vessels, and the spleen. The
malfunctioning lymphocytes that are rapidly dividing can build up in the bone marrow and
spleen and cause tumors. Lymphomas account for about 5% of cases. Myelomas start in
plasma cells, which are a type of white blood cells used to produce antibodies and cause

them to multiply rapidly. They account for about 1% of cases [26].

Brain and spinal cord cancers start in cells of the central nervous system. Glioma, the most
common type, is a brain tumor that develops from glial cells. Brain tumors are particularly
dangerous because they can impact parts of the brain that are important for life and early

detection is hard. These cancers account for about 3% of cases [26].

2.4.2. Glioblastoma

Glioblastomas are a class of malignant brain tumors. They are classified as “Grade V" on

the WHO (World Health Organization) classification scale [28]. To be classified as “Grade
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IV” a tumor type has to show anaplasia, mitotic activity with microvascular proliferation,
and/or necrosis. Glioblastomas are known to reproduce rapidly and expand aggressively
[28], [29]. According to a study in England that examined 10,743 patients with glioblastoma
[30], median overall survival was 6.1 months, and the patients had 28.4%, 11.5% and 3.4%

chance to survive 1, 2, and 5 years respectively.

Figure 1: Glioblastoma images, as seen through different MRI acquisition protocols. ET
appears bright in T1CE, NE is the dark area enclosed by ET in T1CE. ED is all voxels that
are bright in FLAIR, that are not part of NE and ET.

Glioblastomas are large and have a complex structure. They are divided into two main
sections, the tumor core (TC) and the peritumoral edematous/invaded tissue (ED). The
tumor core is also divided into the non-enhancing (NE) and the enhancing (ET) parts [31],
[32]. The tumor core subregions get their names from whether or not they show high
intensity in the T1CE modality, after the administration of a contrast agent, however there
are also underlying differences. The non-enhancing part consists of mostly pre-necrotic and
necrotic regions of the tumor core, while the enhancing part is considered to be more active
[32]. Although, the non-enhancing part is also considered to be infiltrative to some extent
[33]. Lastly, the peritumoral edematous/invaded tissue surrounds the tumor core and has a
hyper-intense signal in T2-FLAIR. It describes the regions of edematous white matter into

the subcortex of the gyri. The ED region can also be infiltrated. The amount of infiltration can
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be variable throughout the ED region and depends on the distance of an area to the tumor
core [6]. As a result, sections of the peritumoral edematous tissue also get removed as a

precaution, in case of tumor core removal surgery.

2.4.3. Lung nodules

Lung nodules are small masses of tissue in the lungs, which can be either cancerous or
benign. They are typically less than 30mm in diameter and are visible in either CT scans or
X-Rays [34], [35]. It is difficult to detect lung nodules and classify them as cancerous or not
[36], because of their size and the similarity between malignant and benign nodules. Also,
due to their small size, errors and inaccuracies in their segmentation heavily impact further

computational analysis [37], as it can impact volume calculation and feature extraction.

Figure 2: Lung nodule present in a CT image. The nodule is highlighted with red on the right.

2.4.4. Breast cancer

Breast cancer is a disease that affects a large percentage of the female population. In the
US, approximately 41,760 women died from it in 2019 and around 268,600 women had an
invasive case [38]. Prevention and early detection are very important in the fight against the

disease. In this thesis, MRI images of malignant breast tumor cases were analyzed. There
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were three images used for each case, one acquired before the administration of contrast

agent and two after.

Figure 3: The small and bright area at the center of the mammogram is a breast tumor.

2.4.5. Spleen segmentation

Spleen segmentation was performed as an example of organ segmentation, which has a lot
of applications. Specifically for spleen, its volume as well as changes in its size, can impact
clinical decisions [39], [40]. It should also be noted that organ segmentation differs
significantly from the segmentation of tumors, because organs tend to be larger with

smoother boundaries.
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Figure 4: Image of spleen in CT (highlighted area).

2.5. Support Vector Machines

The method described in this thesis uses an ensemble [41] of Support Vector Machines
(SVMs) [42] to make predictions. SVMs are used to perform multi-class supervised
classification of individual pixels/voxels. However, SVMs can also be used for regression in

other tasks.

The underlying theory of SVMs is best understood for 2-class classification. Each sample is
mapped as a point in a n-dimensional space, where n is the number of features. SVMs try to
separate the samples using a (n-1)-dimensional hyperplane, typically by choosing a
hyperplane that best separates the training data into 2 classes. During inference, samples
are mapped in the same n-dimensional space and samples that reside in opposite sides of
the hyperplane get assigned to different classes. As an example, if there are two features,

the separating hyperplane would be a line.

Linear separation is fast but not powerful enough to provide optimal results for most
problems. Such separation happens in the example above, where a line is used to separate
samples with two features. There is however a need for using curves instead of lines, i.e.,

non-linear separation. To address this, SVMs utilize the “kernel trick”. Using non-linear
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kernel functions that are not excessively computationally heavy, the feature space can be
transformed to another, higher-dimensional, space where the features are transformed and
combined using the kernel function. As a result, the linear way of separation described in the
previous paragraph can be used on the new feature space to perform non-linear separation.

The choice and parameterization of the kernel function is application-specific.

2.6. Overview of segmentation methods

A supervised ML model trains on labeled input data and produces a prediction (output) on
new unlabeled data. Unsupervised learning uses no labeled input data, but rather tries to
find patterns in the data and group them accordingly. Semi-supervised approaches use a
few labeled input data alongside a large amount of unlabeled ones, which is useful when
there is a large amount of available data, but few of them are manually annotated and
annotating them would be costly. Most state-of-the-art fully automatic methods are based on

deep learning. These methods typically need large annotated datasets.

An algorithm that has traditionally been used for supervised segmentation is k-nearest
neighbors (kNN). It operates on the assumption that similar objects tend to be close in a
multidimensional feature space. It is a slow algorithm that requires the user to select k,
through experimentation. At classification, the k nearest (to the test sample) training samples
are selected and the most often represented class in the k near training samples is selected.

Selecting an odd k is recommended to avoid ties.

Another similar algorithm that has been used are SVMs, which were analyzed in a separate
section. SVMs could also be adapted to perform semi-supervised classification, such as the
Transductive Support Vector Machine (TSVM) [43], where the algorithm can utilize both

labeled training data and unlabeled ones to improve the model.
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Ensemble methods combine multiple models to achieve better results than what each one of
them would have produced individually. Usually, ensemble methods combine weak learners,
i.e., methods which typically have high bias or variance, to create a strong learner. Because
of the bias-variance tradeoff, individual models with low bias have high variance, and vice
versa, but through combining some the effect is minimized. There are three main ways to
combine the results of the multiple classifiers: bagging, boosting, and stacking. In bagging,
the weak classifiers are trained independently and the final result is the average of all
classifiers. To train each classifier, random samples of the training data are chosen with
replacement, meaning that samples chosen for one classifier have the same probability to
be chosen for another. Random forests are a popular bagging technique. Bagging reduces
variance. In boosting, samples are weighted, meaning that there is a variable probability for
them to be chosen to train a classifier. That is because training in boosting is a sequential
procedure and not a parallel one like bagging. When a classifier is trained in boosting, the
samples that were misclassified get assigned a higher weight. Thus, classifiers trained
afterwards have a higher chance to be trained on the previously misclassified samples,
which reduces bias. Stacking works with heterogeneous weak learners, i.e., combining
different algorithms. In that case a new model (meta-learner) is trained that accepts the

results of the different weak learners as input.

Perceptron is an algorithm for binary supervised classification. It accepts multiple inputs,
which are subsequently individually weighted. The weighted inputs are summed and passed
through an activation function. A bias could also be added to help shift the outcome of the
activation function. The activation function determines if the output is classified as 1 or 0.
There are two types of activation functions, linear and nonlinear. Usually non-linear
activation functions are selected. Some popular ones comprise the Sigmoid, Tanh, and

RelLU (Rectified Linear Unit) functions, with the latter being popular in deep learning.
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Training a perceptron is an iterative procedure. It is an optimization problem, where the

weights of the perceptron are updated to minimize an error function.

Artificial Neural Networks (ANN) are structures with three layers. The first layer is the input,
the last one is the output, and the middle one is called a hidden layer. Neurons (nodes) in
the hidden and output layer are perceptrons, while nodes in the input layer contain the
numerical value for each feature of the sample. All neurons in the hidden layer have
weighted input from all the input neurons. Additionally, all neurons in the hidden layer are
connected to all output neurons. Since multiple output neurons can exist, multi-label
classification is now possible, which was not the case for the perceptron. The weights of the
neurons are updated in training. An error value is calculated through a cost function,
according to the output value produced and the expected value. Through back-propagation,

weights are adjusted to minimize the cost function.

Deep neural networks are artificial neural networks that have two or more hidden layers.
Deep networks typically don't require any feature extraction beforehand and can learn the
patterns of the data by essentially generating their own features. Their adoption has
exploded in the last two decades, because of advances in computing power, data availability

and ML techniques.

Convolutional Neural Networks (CNNs) are useful in image recognition tasks, because they
can accept a whole image as input, which for medical imaging can account to millions of
pixels, but manage to keep the complexity of the network from getting high. Usually a CNN
has three layers: a convolutional, a pooling, and a fully-connected layer. In the convolutional
layer, the dot product of a filter and the matrix of an image portion is calculated, with the aim
of extracting features. The pooling layer decreases the dimensionality of the feature matrix,
by combining squares of the feature matrix, usually by keeping their maximum (max-pooling)

or their average (average-pooling). After these two layers, the feature matrix has been
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reduced significantly and a fully-connected layer is used to learn the relationships of the

data, like the hidden layer in an artificial neural network.

The convolution neural network described above is useful for classification, but not
segmentation. To adapt it to segmentation, the U-Net and other similar architectures have
been proposed and used successfully in medical imaging. The difference is that apart from
the contracting path that reduces the size of the data, there is also an expansive path that
increases it and brings it back to the original image size (excluding channels). That is

because in segmentation a label needs to be assigned to each individual pixel/voxel.

Transfer learning is a machine learning technique used primarily for domain adaptation. It is
more useful in MRI, because there is more variation in the image intensities and contrast
[44]. Thus, models don't perform well on images acquired with different machines/protocols
than the one they were trained on. The main idea of transfer learning is to use large legacy
datasets for training models and then use a small number of annotated scans from the target
domain to adapt the model. Adaptive SVM and TrAdaBoost (Transfer AdaBoost) have been
shown to outperform traditional SVM classifiers in medical image segmentation [45] even
when trained on a small number of images from the target domain. Domain adaptation has
been shown to work well with CNNs too [44]. Transfer learning could also work with models

originally trained for non-medical tasks, then adapted to medical segmentation [46].

BraTS (Brain Tumor Segmentation) [32] is a yearly multi-institute effort to acquire medical
images of brain tumors and use them to assess the robustness of segmentation algorithms
in the form of a challenge. Similar challenges exist for other segmentation tasks too
[47]-[49]. Automated methods used in BraTS have great performance, but are still less
robust than segmentations obtained manually from clinicians, with less accuracy and

inter-rater agreement. However, fusing the results of multiple algorithms, through label
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voting, can obtain better results than the individual algorithms and inter-rater agreement that

is comparable to the experts.

2.7. CAD Systems

A software system can't replace the radiologist in most situations yet. This would require
exceptional sensitivity, specificity, and adaptability from the algorithm. Additionally, the
general population might not be ready for such a fundamental change and insurance
companies might be hesitant to cover such treatments. On the other hand, physicians are
subject to mistakes too. Such mistakes could be triggered by fatigue, stress, and other
factors [50], [51]. Thus, a physician could benefit from a software solution that is not perfect
but correct enough in most situations, as the algorithmic decision could act as a suggestion
or an alternative opinion, assisting the radiologist but leaving the final decision to them
[52]-[55]. Such a system is called a CAD, which is an umbrella term that encapsulates
computer-aided detection (CADe) and computer-aided diagnosis (CADx) [56]. CADe
systems aim to detect unusual structures in the body, such as tumors. CADx systems aim to
make intelligent decisions about the patient's health, such as classifying tumors as malignant
or not. While the two types can exist separately, a lot of CAD systems encapsulate both

CADe and CADx components.

While the first attempts in using computers to solve medical problems occured in the 1950s,
by the 1970s it had become clear that it is not an easy problem to solve using traditional
computer techniques and statistics [56]. In more recent times, advances in computer power
and machine learning techniques have made the exploration of the field plausible again and

have spawned a lot of research on the subject.
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2.7.1. Data collection

If a CAD system requires training, as most intelligent ones do, a large dataset is required.
This dataset should preferably contain images taken from multiple institutions, various
machines, and different cohorts. This data needs to be checked to exclude scans with
missing images and outliers. Alternatively, missing scans can be populated with data
augmentation techniques [57]. Training data need to be normalized and potentially

harmonized to assist the model in learning the actual differences.

2.7.2. Step 1: Preprocessing

In the first step of a CAD system, data should be normalized/standardized and potentially
harmonized if they have been acquired using different scanners/techniques. Normalization
pertains to scaling the data in the [0,1] range and standardization to transforming the data to
have zero mean and a standard deviation of one. Data harmonization pertains to minimizing
differences between images acquired from different scanners [58] so that the model can
learn the real differences between cases. Additional processing can occur in this step
depending on the application, that aims to make the data easier to be processed later, such
as denoising techniques. For brain applications there might be an additional skull-stripping

step, where the skull is removed from the image, leaving only the brain to be processed.

2.7.3. Step 2: Segmentation

Segmentation of the images is needed, in order to isolate the structures that need to be
analyzed. The segmentation algorithm can be automatic or interactive, although automatic
methods are preferable if available for the specific problem, since no other CAD step

typically requires human interaction.

2.7.4. Step 3: Feature extraction

Feature extraction typically follows segmentation, a process that aims to reduce the input

data into values (features) that are relevant to the problem at hand [52], [54], [59], [60].

28


https://paperpile.com/c/RGTIZt/flee
https://paperpile.com/c/RGTIZt/dC8bz
https://paperpile.com/c/RGTIZt/zOV7P+I2d3q+n9Fm+0fv7

A popular method for feature extraction of medical images is called radiomics. "pyradiomics"
[61], a popular radiomics python package, categorizes the features it can extract into the
following categories: (i) "First Order" features which are related to the distribution of
pixel/voxel intensities in the segmented area (ii) "Shape" features which describe the shape
of the segmented area in 2D/3D (iii) "Gray Level Co-occurrence Matrix" (GLCM) features
which are related to the second-order joint probability function of the segmented area (iv)
"Gray Level Size Zone Matrix" (GLSZM) features which calculates the number of of gray
level zones in the image, i.e., areas that have the same intensity values (v) "Gray Level Run
Length Matrix" (GLRLM) features which calculate the length of consecutive pixels/voxels
with the same intensity value (vi) "Neighbouring Gray Tone Difference Matrix" (NGTDM)
features which calculate the difference between the intensity of a pixel/voxel and the
average intensity value of its neighbours within a predefined distance and (vii) "Gray Level
Dependence Matrix" features which calculate the number of pixels/voxels that are
"dependent" on a pixel/voxel; a pixel/voxel is dependent on another if the absolute of their

intensity difference is less than a predefined value.

One other popular feature extraction technique is Principal Component Analysis (PCA). In
this context, PCA is used for dimensionality reduction of the information of the segmented
area. A NxN symmetric covariance matrix is constructed, where N is the number of
pixels/voxels, because a value is needed for each pixel/voxel pair. Each value in the matrix
represents the covariances of the respective pair. If a value is positive then there is a
positive correlation and the two variables increase/decrease together, while the reverse is
true for negative values. PCA constructs new variables, called principal components, that
are not correlated [62] and are the same in number as the input variables. However, PCA
encloses as much information as it can in the first principal components, i.e., maximizes
variance in the first components. As a result, by selecting a small number of the first principal

components as features, most information can be kept while the dimensionality of the
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problem reduces. Independent component analysis (ICA) is a similar technique used to
separate a signal into underlying independent components. It doesn't focus on maximizing
variance in the first components, but focuses on making the components independent.
Another technique is the autoencoder, which is an unsupervised way to achieve
dimensionality reduction by using an artificial neural network (ANN). By having a "bottleneck"
in the hidden layer the information of the input image is compressed, because the network

learns correlations of the input.

2.7.5. Step 4: Feature selection/elimination

"Dimensionality curse" is a term that describes issues pertaining to having data arranged in
high-dimensional spaces. The main reasoning is that high-dimensional data tend to be
sparse and that negatively impacts algorithms that need statistical significance. CAD
systems can face such problems and as a result feature selection usually follows feature
extraction [53], [57]. The most important features are selected from the feature space and
they are used to train the model. With feature selection, training time gets lower too and
there is less chance of overfitting. There are three main feature selection technique

categories that are described below [63].

The first category is called a filter and these types of techniques don't interact with the
classifier, that simply accepts the selected features as input. Filters use
application-independent statistical methods to categorize the features. They can be further
subdivided in univariate filters, that don't use feature dependencies in the calculations which
can result in selecting similar features, and multivariate filters, that take notice of feature
dependencies at the cost of processing speed. The most common filters are multivariate

Pearson correlation-based.

Another category is embedded feature selection. These types of methods are specific to

certain machine learning techniques and select features during training of the model. They
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can be thought of as part of the classifier. An example of embedded feature selection is

Recursive Feature Elimination for Support Vector Machines.

The last category is wrapper methods. These methods use the performance of the classifier
to evaluate the suitability of the features. This is an iterative procedure that tends to be
slower and less scalable than the other two, but can produce better results with machine
learning techniques where embedded feature selection does not exist. An example is

backward/forward elimination.

2.7.6. Step 5: Analysis

The final step is usually the main algorithm of the CAD that performs a classification or
regression task. These algorithms have an output that can be interpreted by the clinician and
usually is a decision about the health of the patient. It should be noted that some deep
learning algorithms might be trained using the whole image as input and not require

separate segmentation and feature extraction/selection.

2.7.7. Workflow of a CAD in a hospital environment

During usage in a hospital setting, a CAD system takes the medical images of a patient as
input, potentially alongside additional meta-information such as the age of the patient. The
first step is preprocessing the images to normalize/harmonize them with the training data.
Segmentation, feature extraction/selection and analysis happen in accordance to the trained
models and the result is presented to the clinicians. Excluding the case where the
segmentation step is interactive, this process can be automated and transparent to the
clinician, who does not need to be aware of the process. In modern systems, CAD software
can run directly in the PACS, enabling the clinician to have the segmentation and the

generated diagnosis/detection available for him when he sees the scans for the first time.
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2.8. Adaptive geodesic distance maps

Adaptive geodesic distance (AGD) [16], [64] maps are utilized in the proposed method as
additional input to the model, alongside medical images. Their purpose is to convey
additional information related to the structure that a model, which uses pixels/voxels as

training samples, would struggle to deduce.

To produce an AGD map, two images, having exactly the same size, are needed: (i) a
medical image, (ii) a binary image, i.e., an image with values 0 or 1 at each pixel/voxel.
Since these images have the same size, each pixel/voxel in the binary image can be directly
mapped to a particular pixel/voxel in the medical image. The positive values in the binary
image represent the drawings of a human operator. More precisely, the positive
pixels/voxels in the binary image represent samples of pixels/voxels in the medical image

that the operator deemed as belonging to the structure that needs to be segmented.

Geodesics generalize the concept of straight lines to curved spaces. An example of
geodesics would be trying to calculate the distance of two cities on earth. Their euclidean
distance would be calculated as the length of a straight line connecting the two cities that
passes through earth, while their geodesic distance would follow the curvature of the earth.
The problem can be thought of as trying to find the shortest path between two points while

moving along a surface.

AGD maps have a “distance” value at each pixel/voxel. This “distance” represents the
shortest path between the relevant voxel and the closest pixel/voxel marked as positive by
the operator. This distance is not euclidean; similar to geodesics it represents the shortest
path between two points while moving along a surface. However, the surface is defined by
the intensity profile of the medical image [16]. As a result, the distance values are a
composite of physical distance and intensity change. In other words, pixels/voxels far away

from the drawings and/or with different intensity have higher values.
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The maps can be calculated rather quickly, by visiting each pixel/voxel twice [16]. The result
is an image that has values in [0,+«~). Lower values represent a higher probability that the
pixel/voxel belongs to the same structure as the ones that the operator drew upon. AGD
maps have been used in the past to perform single-class interactive segmentation, which
required the operator to threshold the map to produce the final segmentation. In detail, by
choosing a value in [0,+«), the values lower or equal than the chosen threshold would be
transformed to 1 in the output segmentation, while all the other values to 0. This method was
quick and worked well for simple structures, however it faced challenges on more complex
applications, as it couldn’t handle multiparametric images or perform multi-class
segmentation. The thresholding step was also difficult for operators, as the correct value
selection was not always obvious. This thesis incorporates AGD maps as additional input to

a machine learning model, thus solving all the aforementioned shortcomings.

2.9. Statistical analysis concepts

Dice coefficient [65] quantifies the spatial overlap of two binary segmentations, by identifying
the pixels/voxels that have a similar value in both segmentations and the ones that do not.
When a segmentation is not binary, but has multiple labels representing different
sub-regions of a single structure, the individual sub-regions can be converted to binary
segmentations and compared. Similarly, all labels can also be merged into one to quantify
overlap for the whole structure. For the dice coefficient calculation, the following formula was
used for each sub-region as well as the whole structure. TP is the number of true positive

pixels/voxels, FP are false positive, and FN are false negative.

2TP

DSC =
e 2TP+ FP+ FN
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The dice coefficient results did not follow a Gaussian distribution. The samples were also
paired, because for each patient there were segmentations to compare from different
operators, cycles, or time points. As a result, the non-parametric signed-rank paired

Wilcoxon test was used to evaluate significance.

Finally, Pearson’s Correlation Coefficient [66] was used to quantify the correlation between

paired sets of volumes of segmentations acquired with different means.
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3. Implementation

3.1. Cancer Imaging Phenomics Toolkit (CaPTk)

CaPTk [67] is an open-source cross-platform software tool focusing on cancer research,
developed by the Center for Biomedical Image Computing and Analytics (CBICA) of the
University of Pennsylvania. It provides functionality for preprocessing, segmentation, feature
extraction, and training of machine learning models, as well as advanced specialized
applications of computational studies conducted in the center. The implementation of the
method is part of current releases of CaPTk and can be obtained through this link:

https://www.cbica.upenn.edu/captk.
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Figure 5: The graphical interface of CaPTk.
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3.2. MITK Plugin

MITK [23] is an open-source cross-platform application framework for medical image
processing, developed by the German Cancer Research Center (DKFZ), that has seen
success in both research and industrial environments. MITK supports extensions via a plugin
mechanism, which was used to implement the algorithm. An MITK application (MITK
Workbench) that contains the developed method as a plugin can be found at:

https://github.com/CBICA/InteractiveSegmentation.

Research - MITK Workbench v2018.04.2 (Not for use in diagnosis or treatment of patients)

Dunde  Clredo | 2=

P4 Display x .

2D Tools 3D Tools

Figure 6: The graphical interface of MITK Workbench, featuring the developed plugin.

3.3. Software libraries used in the implementation

Both algorithm implementations are in C++ and CMake was used to control the software

compilation process. Additional software libraries that were used are detailed below.
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3.3.1.ITK

ITK [68], [69] is an open-source software library that provides tools for medical image
analysis. It provides functionality for loading and saving n-dimensional itk::Image(s), iterating
over their pixels/voxels, and performing multiple operations which are implemented as “ITK
filters”. Such relevant filters are resampling, normalization, standardization, and image

denoising. ITK version 4.0+ can be used with the source code of the algorithm.

3.3.2. OpenCV

OpenCV [70] is an open-source software library for computer vision and machine learning.
The class “cv::ml::SVM” was used to implement the SVMs used in the implementation. To
provide input to OpenCV, the images are transformed to cv.:Mat, OpenCV’s matrix
implementation, and the results are transformed back to /TK images after the computation.
The three kernels used comprised RBF (Radial Basis Function), CHI2 (exponential x?), and
INTER (Histogram Intersection). The trainAuto() function was used to perform
cross-validation, hyperparameter tuning, and training. The default parameter grids of
OpenCV were used for the grid search performed in each cycle of cross-validation, except
for the C parameter of RBF and CHI2 where the values tested ranged [1,400] with a

logarithmic step of 2.5.

3.3.3. MITK
MITK [23] was used to develop the MITK plugin of the algorithm. It is a plugin-based

application framework that contains various libraries commonly used in medical imaging
tasks, such as ITK and OpenCV. MITK also provides additional high-level functionality, such
as better image I/O functions and image data containers, as well as various graphical

components like an image viewer and a data manager.
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3.4. Software libraries for statistical analysis

The experiments required a complex statistical analysis that would have been difficult to
perform without a dedicated codebase, given that multiple calculations were needed for each

cohort, rater, segmentation cycle, and structure sub-region.

Python 3.6 was used to perform the statistical analysis. The following packages were used:
(1) pandas 1.0.3 [71] for storing/retrieving dice coefficients in CSV form and performing
high-level operations on them. (2) numpy 1.18.4 [72] for performing a vast range of array
operations using the data. Correlation coefficient was also calculated using numpy through
the corrcoef() function. (3) scipy 1.4.1 [73] for non-parametric paired wilcoxon tests, as well

as some operations of Dice calculation. (4) matplotlib 3.1.3 [74] for creating the plots.
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4. Materials and Methods

4.1. Data

Experiments were approved by the Institutional Review Board (IRB) of the University of
Pennsylvania (UPenn, Philadelphia, USA). Quantitative evaluation was based on public and
private clinical data from four retrospective cohorts (Spleen (3D-CT, n=20/41, Medical
Segmentation Decathlon [75]); Breast tumor (2D-DCE-MRI, n=50, multimodality trial at
UPenn; NIH PO1CA85484); Lung nodules (2D-CT, n=50/89, The Cancer Imaging Archive
[76]-[78]); Brain Glioblastoma (3D-MRI, n=20/335, BraTS’19 [3], [4], [32])). Cohort subsets
were created, following random selection, to facilitate the exhaustive manual annotations
described hereafter. The Brain (11 Males / 9 Females: Age=62.84/64.36,
Range=44.82-77.48/39.64-77.09) and Breast (Female: Age=50.41, Range=32.68-71.97)
datasets were acquired from 2006-2014 and 2002-2006, respectively. The Spleen (13 Males
/ 7 Females: Age=63.85/58, Range=40-81/48-68) and Lung (34 Males / 16 Female) were
acquired from 2000-2013 and 2004-2011, respectively. Age information was not available for
the Lung dataset. Ground truth segmentations were available for all datasets, except for
Lung which were created by a fellowship trained, board certified, thoracic radiologist (S.K.,

21 years of experience).

4.2. Proposed Segmentation Algorithm

The algorithm can segment N regions of interest (ROIs) at one time by initializing N+1
different labels, where the additional one accounts for the “background”. As a first step, the

user briefly draws over the different ROIs using at least two distinct labels (Fig.7).
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Table 1: Outline of the datasets used.

Cohort Modalities Number of cases
Spleen 3D-CT 20
Breast 2D-DCE-MRI: 50

pre-contrast
first post-contrast
second post-contrast

Lung 2D-CT 50

Glioblastoma 3D-MRI: 20
T1

T2

T1CE (T1Gd)
FLAIR

For each pair of image and class labels, an AGD map [16] (Fig.8) is produced reflecting a
composite of intensity and spatial distance from the drawings, such that voxels far away
and/or with very different intensity have higher values (in the figure, such voxels appear
brighter). Additionally, for the purpose of providing more spatial information, three
“coordinate” maps are used, one for each dimension of the image, where the values range

from O to the size of the image in that dimension.

An ensemble [41] of SVMs is trained on voxels that belong to the drawings and segments
the remainder of the scan. Each training sample (i.e., voxel) is described by the following
features: (i) intensity across all co-registered images, (ii) distance in all AGD maps, and (iii)
value in all coordinate maps. Three SVM classification models (i.e., radial basis function
(RBF), chi-squared, histogram intersection kernels) are trained and their hyperparameters
are selected through cross-validation. Each voxel’s final prediction is obtained by fusing the

three model predictions via majority voting and the RBF classifier is used to resolve ties.
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Figure 7: Example showcasing the result improving as a function of invested time. In the first
iteration the user quickly draws over the different areas. In the second iteration, the user
places few additional labels to correct representative misclassified areas, which are then
used to retrain the machine learning model. From left to right: (i) Anatomical image (ii) User
annotations (iii) result segmentation (iv) ground truth segmentation.

Figure 8: Example of AGD maps. Darker values indicate lower adaptive geodesic distance
from the user drawings. In glioblastomas, NE and ET boundaries are clearer in T1CE, while
the boundary between ED and background is clearer in FLAIR. From left to right: (i)
Anatomical image (ii) User annotations (iii) AGD map for NE (Non-enhancing tumor core)
annotation (iv) AGD map for ET (Enhancing tumor core) (v) AGD map for ED (peritumoral
edema) (vi) AGD map for background.
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4.3. Experimental Design
4.3.1. Evaluation protocol

To quantitatively evaluate the method, eight experts were included, two for each cohort.
Each expert was asked to segment every scan four times, thereby producing two manual
and two IML-assisted annotations, in addition to the extensively defined ground truth
segmentations. The experts were given brief instructions for the method and were asked to
note average time for their segmentations. To have a fair assessment of inter-rater
consistency for glioblastoma segmentation, the experts were instructed to perform the
manual segmentation of the various tumor sub-regions (enhancing tumor (ET),
non-enhancing tumor (NE), and peritumoral edematous/infiltrated tissue (ED) [3], [4]) in 1

hour or less.

4.3.2. Experiment 1: Overall performance evaluation

Initially, the spatial overlap agreement of each approach was evaluated relative to the
ground truth by utilizing the Dice Similarity Coefficient (DSC) as a metric to select one
IML-assisted and one manual segmentation from each rater. For glioblastoma, only the
whole tumor (WT) area was used for these selections. The DSCs of the two sets were
statistically compared. Additionally, volumes calculated for IML and manual segmentations
were quantitatively compared with the ground truth. Lastly, the Pearson’s Correlation
Coefficient [66] was estimated for each of the paired segmentations separately, i.e., (i) IML
vs ground truth and (ii) manual vs ground truth. The average active drawing time was

compared for each cohort between IML-assisted and manual segmentation.

4.3.3. Experiment 2: Intra-rater segmentation consistency

The DSCs within the two IML-assisted and the two manual segmentations of each rater were
calculated (i.e., DSC,, 1 yu2 @nd DSC,,., ..manuaz) fOr €ach case. The DSCs were statistically

compared between the IML-assisted and manual segmentations. Furthermore, the existence
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of significant differences between the DSC of the manual and IML-assisted segmentations

relative to ground truth was also examined for each rater separately.

4.3.4. Experiment 3 - Inter-rater segmentation consistency

The best segmentations of each rater were selected with the same selection criteria as
experiment 1. The DSCs within the best IML-assisted segmentations across raters, and
within their best manual annotations, were calculated for each case, and their significant

differences were evaluated.

4.3.5. Statistical Analysis

Paired Wilcoxon-signed rank non-parametric statistical tests [79] were used for statistical
comparisons (assuming a type | error rate of 0.05), because the samples were paired and

tended not to follow a Gaussian distribution.
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5. Results

In this section, the results of the experimental validation are presented for 20 spleen, 50

breast tumor, 50 lung tumor, and 20 glioblastoma cases. For each patient, each expert

produced two manual and two IML-assisted segmentations, which were additional to the

extensively defined ground truth segmentations.
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Figure 9: Dice coefficient, compared to ground truth, of: (i) all individual labels representing
different areas of the structure counted as one, (ii) the individual areas of glioblastomas.
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Analysis of segmentation volume
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Figure 10: Scatterplots in which blue points are the pairs of volume of IML method and
volume of ground truth and red are the pairs of manual segmentation volume and ground
truth. The black line represents the ground truth’s volume. The plots belong to (i) different
cohorts where all individual labels, representing different areas of the structure, are counted
as one, (ii) the sub-regions of glioblastomas.
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5.1. Experiment 1: Overall Performance Evaluation

In the first experiment, the performance of the proposed method was evaluated (Table 3,
Fig.9). For glioblastomas, manual and IML-assisted segmentations yielded similar pairs of
DSCs both for WT and individual sub-regions, thereby indicating no significant difference
between them, whereas the converse was true for other cohorts. The method achieved
higher DSC on average for spleen and breast tumors, but lower for lung nodules when
compared with the manual segmentations. However, the method was substantially faster

than manual annotation in all cohorts (Table 3), by 53.1% on average.

Intra-rater consistency
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Figure 11: Dice coefficient, for intra-rater consistency, between the first and second round of
the raters of: (i) all individual labels representing different areas of the structure counted as
one, (ii) the individual areas of glioblastomas.
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An analysis of the volume of ground truth, manual and IML-assisted segmentations (Fig.10,

Table 3 “Corr. Coef.” column) shows that errors made by the method were mostly

systematic. This is more evident in spleen images, where IML-assisted and manual

segmentations revealed systematic under- and over-segmentation, respectively. The method

made some non-systematic errors in lung nodules and the ET glioblastoma sub-region, but

these areas were also more erroneous in manual segmentations. Notably, ET is regarded as

the most challenging area of glioblastoma, because it frequently has unclear and smooth

boundaries [3].

Table 2: Results (p-values) of a paired Wilcoxon test for each rater, comparing the dice
coefficient results of the different approaches relative to ground. p<0.05 indicates a

significant difference.

+ Rater 1 + Rater 2

Label I IML Manual IML Manual
Spleen I

- 0.9405 0.3507 :0.1454 0.433
Breast |

- 0.2425 0.5116 :0.5921 0.1358
Lung |

- 0.0422 <0.0001 :0.1358 <0.0001
Brain |

WT  0.156 0.0001 :0.8813 0.0008

NE 0.0522 0.0859 ' 0.9405 0.0001

ET 0.1913 0.3317 I 0.0522  0.0001

ED 04781 0.0001 |0.6274 0.0008

5.2. Experiment 2: Intra-rater segmentation consistency

The second experiment attempts to quantify intra-rater consistency, comparing the two

cycles of segmentations of each rater, separately for IML and manual (Table 3, Fig.11). No
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significant difference was found between manual and IML-assisted segmentations for any of

the cohorts, except spleen where segmentations using the method had higher mean overlap.

Additional analysis of DSC relative to ground truth (Table 2) found a significant difference in
only one of the raters when using the IML method, while revealing a significant difference in
4/8 raters for manual annotations. Furthermore, there was no significant difference when
using the IML method for any of the two raters for individual sub-regions of glioblastoma.
The same tests for manual annotations revealed a significant difference in all sub-regions,

except ET in one of the raters.

Inter-rater consistency
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Figure 12: Dice coefficient, for inter-rater consistency, between segmentations of different
raters, for: (i) all individual labels representing different areas of the structure counted as
one, (ii) the individual areas of glioblastomas.
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5.3. Experiment 3: Inter-rater segmentation consistency

In the last experiment, inter-rater consistency of IML and manual segmentations was
calculated and compared (Table 3, Fig.12). There was a significant difference for spleen,
breast, lung, and the NE and ET glioblastoma sub-regions. From those, the method
achieved a higher overlap for spleen, breast, and the NE glioblastoma sub-region.

Conversely, manual segmentations had higher agreement for lung and the ET region.

Table 3: Results for all three experiments. Experiment 1: Performance is calculated as dice
coefficient relative to ground truth. p-values are a result of paired comparisons between the
highest scoring IML-assisted and manual segmentations for each rater and each case.
Correlation coefficient is calculated between the resultant and ground truth volumes.
Experiment 2: Values indicate overlap between the first and second cycle of each rater.
p<0.05 indicates a significant difference between the results of IML and manual
segmentations. Experiment 3: Values indicate overlap between segmentations of different
raters. p<0.05 indicates a significant difference in the inter-rater results for the respective
cohort.

Experiment 1 Experiment 2 Experiment 3

Mean Overlap | Time Corr. Coef.

Intra-rater mean Inter-rater mean

Label IML Manual p !IML Manual IML Manual! IML Manual p !IML Manual p

Spleen

- 091 0.87 <10® !66s 100s : 0.99 099 :091 089 0003:091 0.87 0.003
Breast

- 084 082 <10 i19s 70s ;098 095 ;088 09 037:08 081 <10°
Lung

- 078 0.83 <10 i93s 125s:0.96 0.97 ;096 095 0.116:0.85 0.89 <10°
Brain

1 098 1091 089 061:089 088 0.156
097 095 !085 086 032:079 067 <10°
096 098 :085 088 0.116:0.79 0.84 0.044

1 098 {085 083 0788081 08 0455

WT 0.94 092 0.259§
NE 081 079 0.183 |
ET 0.85 087 0.09

|
1
21m  60m i
ED 0.88 0.87 0.657] !
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6. Discussion

In this study, a general-purpose, easy-to-use, and fast IML-based segmentation method was
presented that can be applied in a multitude of research applications without requiring any
adaptations to different domains or training of users. The method takes as input
co-registered images and quick user drawings, to create AGD maps and train an ensemble
of SVMs, used for segmenting the whole scan. The performance of the method was
evaluated on solid structures across different cohorts, image modalities, and anatomical

sites.

The method utilizes the power of ML; however, it mitigates one of its known weaknesses,
i.e., the need for extensive training and lack of reproducibility on new datasets. By virtue of
being trained interactively, segmentation models are optimal for the specific individual’s
scans. Additional benefits include the ability of the method to be parallelized and low

hardware requirements. The disadvantage of this approach is that it is not fully automated.

Quantitative evaluation showed great promise for the applicability of the method in various
structures relevant to medical research. Accuracy and inter-rater agreement were
comparable to manual segmentation, while intra-rater agreement was high, indicating that
the method is stable. Volumetric errors were mostly systematic, indicating that results can be
improved through further iterations or volumetric operations like shrinking/expanding. The

method was also shown to be fast and not require excessive interaction.

The presented method can be utilized in a vast array of applications, because fully automatic
segmentation has not received widespread clinical adoption yet. Training of automatic
methods requires large datasets that are difficult to create and obtain. Additionally, deep
learning methods are often inaccessible to clinicians, because they require specialized

hardware and don’'t have a standardized distribution method yet. Furthermore, automatic
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methods target specific problems, which means that it would take years, expensive
acquisition trials, and vast inter-institutional cooperation to build robust models for every
structure of the body. Some automatic approaches also face the problem of domain
adaptation, meaning that the trained models have trouble segmenting images acquired from
machines with different intensity and noise profiles than the ones they were trained on. As a
result, interactive segmentation is currently highly relevant and will probably continue to be,
to some extent, in the future. Lastly, medical image segmentation is complicated, because
label assignment often relies on advanced medical knowledge and patient information,
especially for cancerous structures. Consequently, automatic methods will probably never
become synonymous with ground truth and there will be a need for quick expert corrections,
potentially with interactive methods that use a segmentation produced automatically

alongside input from a clinician to improve the result.

ITK-SNAP [14] also provides a method for interactive segmentation. However, it requires
users to follow a more complex protocol to achieve multi-label segmentation. The user first
provides quick drawings for the different ROls and trains a model. Afterwards and separately
for each class, the user must place seeds and evolve a contour. According to their
evaluation on high-grade glioblastomas, also on the BraTS dataset, there is a lower mean
agreement with the ground truth for ITK-SNAP in the regions this thesis also evaluated,
particularly ET (Dice,,/Dice . sy\p=0.85/0.69) and WT (Dice,,/Dice sy\=0.94/0.85).
Average user interaction time was also lower for the method presented here
(Time,,, /Time . snap=21mMin/27.8min). 3D Slicer’s “grow from seeds” effect follows a workflow

similar to the one that was presented here, but it can only support one image as input.

Future research can improve this method on multiple fronts. Advanced ML techniques, such
as semi-supervised learning, can potentially increase the accuracy and consistency of the

results. Transfer learning could expand the range of tasks to non-solid structures, such as
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brain lesions. If a specific task is targeted, pre-trained population-derived models, atlases,
and specialized preprocessing techniques can potentially aid in producing better
segmentations. Furthermore, a prospective dataset, especially one acquired under different

acquisition settings, would lend further validity to the method.

The results showed that the method has accuracy and inter-rater consistency on par with
manual segmentation across different solid anatomical structures and modalities.

Additionally, the method showed high intra-rater consistency and minimized user interaction.
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7. Conclusion

The purpose of this thesis was to compare the proposed method with manual segmentation
in an experimental setting that included segmentation of spleens and brain, breast, and lung
tumors. Various tests concluded that the method is comparable to manual segmentation in
accuracy, intra- and inter-rater consistency in most situations, while even outperforming
manual segmentation in some others. Additionally, the method was always faster, making it

suitable for applications that require segmenting many cases.
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