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Abstract

Artificial Intelligence (Al) has been incorporated in a wide spectrum of our daily lives, and Medicine
could be no exemption to it. A plurality of scientific articles has explored the application of Al in fields
such as Ophthalmology and Radiology, while there are already FDA approved, Al applications, which are
used in clinical practice. Through our research we explored: (1) Can Al be used in early skin cancer
diagnosis? (2) Which are the pitfalls of Al algorithms in Dermatology and in which possible ways could
they be improved upon? (3) How could Al be of use in Dermatology, and in which ways could it be used?
(4) Which is the best approach to the research conducted with regards to Al algorithms in early skin
cancer diagnosis, and how should these results be interpreted? And (5), how can we improve the
diagnostic accuracy of clinicians and Al algorithms for early skin cancer diagnosis and more specifically,
melanoma? Finally, we attempted to describe the overall framework, within which, Al algorithms could

be proven useful in clinical practice, and more importantly, beneficial to the patients.
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MeplAndn

H Texvntr) Nonpoouvn €xel evowpatwBOel og TOANEG MTUXEG TNG KABNUEPLVOTNTAC LG Kal N latpikr gv
Ba pmopoloe va amoteAéael e€aipeon. MAelada eMLOTNUOVIKWY ApBpwV €Xouv e€EpEUVNOEL TNV
epappoyn tng Texvntrig Nonpoouvng os Topeilg omwg n OdpBaipoloyia kat n AKtivohoyla, EVw
UTIApPXOoULV NN eyKeKPLUEVEC edappoyEg Texvntg NonpooUvng oL OTtoleg XPNOLUOTIOLOUVTOL OTNV
KaOnuepvn KAWVIKA Tipaén. Kata tn dtapkela tng SLOOKTOPLKAG LaG SLOTPLBNG EMLXELPROALE Va
Slepeuvnooupe (1) To katd mooov pmopei n Texvnty Nonuoouvn va xpnolpomnolnBet otnv éykaipn
Slayvwon tou Kapkivou d€ppatoc; (2) Mola ival Ta PELOVEKTAMOTO TwV ePappoywy TG TEXVNTAG
Nonuoouvng otn deppatoloyia PEXPL OTIYUNAG KAl TwE UmopoLv va BeAtiwBouv; (3) Mou Ba pnopouvos
duvntika va Bpet edpappoyn n Texvnt Nonpoouvn otn Seppatoloyia Kat LE TTolo Tpormo Ba ntav
xpnotwun; (4) MNola eivat n BEATLOTN MPOCEYYLON KAl EPUNVELD TWV OMOTEAECUATWY TIOU TTAPAYOVTAL TOCO
amno tnv €peuva, 600 Kal anod tnv epappoyn tng Texvntng Nonpoouvng otn depuatoloyia; Kat (5) Mwg
UTTOPOUUE VO BEATIWOOUE TN SLOYVWOTLKH akPLBELA TOGO TWV KALVIKWVY LOTPWY, 0G0 KAl TWV
aAyopiBuwv Texvntng Nonuoouvng yLa Tnv €ykatpn Slayvwaon Tou Kapkivou S€puatog Kot el8IkoTepa
TOU pehavwpatog; TEAOC, EMLXELPNOAE VO TIEPLYPA P OUE TO TAALOLO, EVTOG TOU omoiou, ol aAyoplOpotl
Texvntng¢ Nonpoouvng Ba pmopouacav va ¢pavouv XproLoL oTnV KALWVIKY TTpagn, mpog 0deAoG Twy

aoBsvwv.
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Eloaywyn

H Texvntr) Nonpoaouvn (Artificial Intelligence - Al) eival éva Taxéwg avoantuooopevo nedio
£pEUVOC TO OMoio cupmepAapBAvVEL Eva eupU PAopa TOUEWV TNG KaBnuepvotntog. To ddoua autd
eKTEVETAL Ao TNV avayvwpLlon GwvnTIKWY EVIOAWV WG TNV auTopatonoinon tng eknaidsuonc, ™
BeAtioTOMOiNoN TWV HETADOPWY KAL TOU TOHED TWV AVAVEWCLHWY TtNywv evépyetac. '3 H watpikr) Sev Ba
umopouoe va eivat e€aipeon: pia MAeLada mMPoohaATWY EMLOTNUOVIKWY apBpwv Slepguvolv TIg
edappoyég mou Ba pmopoloe va €xel To Al o€ ToUElg OTwe N aktvoAoyia, n LotonaboAoyia, n

odBoApoloyia kat dAlot.4-6

O 6pog ‘Texvnt) Nonpoaouvn’ (Al) avadEpetal oTNV avanTuén aQUTOLATOTOLNUEVWY UTTOAOYLOTLKWY
CUOTNUATWVY Ta OmoLa £xouv TN SuvatotnTa vo EMITEAOUV SPAGCELG OL OTIOLEC KAVOVIKA OITOLTOUV
avBpwrivn vonuooLvn, Onwg n otk avtiAnyn, n avayvwplon opiag, n AnPn anodacswv Kat n
petddpoon petald Staddpwv yAwoowv.” Evac topéag tou Al eivat to “machine learning” (ML), o
omolog apopd oTNV EMLOTNOVLIKH UEAETN aAYOopiBUWV KOl OTATIOTIKWY LOVTEAWY TIOU XPNOLLOMOLoOUVTaL
OO UTIOAOYLOTEG TIPOKELEVOU VA ETITEAEGOUV LA CUYKEKPLUEVN AELTOUPYLA, XWPIG va
XPNOLLLOTIOL 00UV CUYKEKPLUEVEG 08NYIEC WC TTPOG TNV ETUTEAECT TG AELTOUpYiaGg autnc. OL adyoplBuol
ML ytilouv éva pobnuoatikod povtélo Baolouévo oe SeSopéva Ta omoia €xouv xpnolpomolnBel yia tnv
ekmaibeuon Toug, MPOoKELPEVOU va kKavouv TipoBAEPEeLg A va AdBouv amodaoelg, xwpig va eival
OUYKEKPLLEVQ TIPOYPAHATLOUEVOL YL auTo To okord.8 Autol oL adyoptBpol ML eival ekeivot tou éxouv
Bpel kat TN peyoAUTEPN ePOpUOYH OTNV LOTPLKA, EVW TA TEAEUTALA XpOVLA, 0 APEPIKAVIKOG OpYavIoUOG
Tpodipwv kat Qapudkwyv (FDA) €xel Swaoel TNV €ykplon tou o€ 64 adyopiBuoug texvnTAg vonpoouvng

TIPOKELUEVOU VAL XpNoLpomonBoUv otnv KAWIKA TtpdEn Kat ot 29 €€ autwv eival aAydpBuol ML (45%).° H
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ouvTpuTTkn MAsloPndia Twv adyopiBuwyv autwv adopolv o ehapUOYEC OTNV OKTIVOAOYLQ, TV

odBaApoloyia, tnv maboAoyla Kal Tnv eneilyovoa LOTPLK).

Y& quTa ta mAaiola, tpoomnabroape va SLEpEUVAOOULE TIG ePapOYEG TTou Ba pmopolcay va £XoUV oL
aAyoplBpuot Al otn ldyvwon Tou Kapkivou S€pUaTog KaBwe Kal va SLEUKOAUVOUE TNV EPEUVA OTOV
TOMEQ TNG SepuatoAoylkig oykoloyiac. Qotooo, n ENePn peydAwy, Snuoclwy Bacswyv SeSopévwy
£XeL teploploel TN poodo Twv adyopiBuwyv deep learning yla tn Stdyvwaon kapkivou §€puatog.
JuvemnakoAouBa, PEXPL OTLYUNG, KAVEVAG OAYOPLOUOC eV EXEL XpnoLUoTonNBel amoTEAECUATIKA OTNV
kaOnuepvn KAWVLIKA TPAEn. MPOKELUEVOU VA UTIEPKEPAGOUE AUTA Ta EUNOSLa SNULOUPYHOAUE TO

International Skin Imaging Collaboration Archive (ISIC - www.isic-archive.com) to omnoio ival éva

oVoLYXTO apxeio Seppatoloylkwy elKOVWY (open source) ot omoleg ival StaBéoiueg Tdéo0 yla
EKTAULSEVTIKOUC, 000 KaL yLo epeuvntikoug okormoUc. ' To ISIC Archive pmopet va xpnotpornotnBet amod
KALVIKOUC LOTPOUG KAL AT EPEUVNTEC TEXVNTIC VONOOUVNG KAL EXEL XPNOLLOTOLNOEL LEXPL OTLYUNG OF

MePLooOTEPECS amtd 5000 Snpootevoetc. 10

O AOyog 1tou aoXoAnBnRKaUE PE TOV KAPKIVO SEPUATOG EYKELTAL OTO YEYOVOC OTL O KapKIivog SEPUATOC
glval n mAéov ouyvn popdr KApKIVoU LE TIEPLOGOTEPA OO 5 EKATOUUUPLO TIEPLOTATLKA TO XPOVO OTLG
HMNA povo, evw Tto pehavwpa eival n 5" cuxvotepn attia Bavatou amno KapKivo, UE TIEPLOCOTEPOUG OO
9000 Bavdtoug etnoiwc.! 114 Ta teheutaia xpdvia €xel kataypadel onpavtiki TPoodoc Teoo otnv
emBiwaon, 600 Kal oTnV oLOTNTO (W TWV AVOPWTTWY UE LETAOTATIKO LEAGVWLLO KOL TOTUKA
TIPOXWPNUEVO 1 LETAOTATIKO Baclkokuttaplkod kapkivwpa (BCC) n akavBokuttaptkd kapkivwpa (SCC)
XApn OTLC VEEC CUOTNUATIKEG Bepareieg, oL omoieg mepthapBavouv ta immune checkpoint inhibitors kat
TOUC EKAEKTIKOUG OIVOLOTOAELG LOVOTIATLWY TIOU EUTTAEKOVTOL OTNV KOPKIVOYEVEDH, OTIWE OL AVOLOTOAEILG

Tou povoratiol “Hedgehog”.'5-19 Qotdoo, mapd T peydAn pdodo mou €xet koTaypadel oTLg
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OUOTNUATIKEG Beparmeieg, TO KUPLOTEPO OTTAO LAG OTNV AVILLETWIILON TNG BVNTOTNTAC KAL TNG
voonpOTNTAC TOU KOPKIvVOou SEPUOTOC TTAPAUEVEL N EyKalpn SLAYVWaon Kal N XELPOUPYIKN EEaipeCN TOU

oykou.19-21

Y& qUTNA TNV KateLBUVON £XeL CUVOPAUEL ONUAVTIKA Ta TeAeuTala 20 xpovia n Seppatookonnon. H
Sepuartookonnaon ival pla eupewg Stadedopévn, pun eneppartikn, SltayvwoTtikn pEBodog, n onoia
daivetal va umepExel Evavtl TNG amAng KAWVIKNG e€€Taonc yla tnv SLdyvwan Tou Kapkivou
8¢puatoc.2223 H §ppuatookdmnon XL YIVEL aVOmdOTIA0TO KOUHATL TN Seppatoloyiag kat Bswpeitat
TIAE0V «TO 0TNOOOKOTILO TWV SEPUATOAOYWVY», EVW N XPNON TNG EXEL EMEKTAOEL KoL o€ GAAOUG TOUELS TNG
VEVIKAC Seppatoloyiag, eKTAC TNS SEPUATOAOYLKAC OyKoAoyiag.242% Eva emmpdoOeTo MAEOVEKTNHO TNC
SEpUATOOKOMNGNG ElVaL WG OL SEPUATOOKOTILKEG ELKOVEG AapBavovtal os ansuBeiag emadn He To
6€pua, pe standardized pey€Buvon 10x, KaBloTWVTAC KAT OUTO TOV TPOTIO LN AvVOyVWPLoLUEG TLg PAGPEG
S€puatocg oL onoleg xpnotponolovuvtal oto ISIC Archive, kol TPooTATEUOVTAG T TTPOCWTILKA Sedopéva

TWV ao0evwv.

Méow TNG £EPEUVAC LOC ETILXELPHOAUE VA SLAAEUKAVOU LLE TTEPLOOOTEPO Ta £€NG: (1) To KATd MOooV
umnopet n Texvnt Nonpoouvn va xpnotponotnBei otnv £ykalpn Stdyvwon Tou kapkivou dépuatog; (2)
Mota ival Ta pelovektnuata twv edpappoywy tng Texvntig Nonuoolvng otn depuatoloyia pexpt
OTLYUNC KL WG propouv va BeAtiwBouv; (3) Mou Ba pmopoloe duvntika va Bpetl epappoyn n Texvntn
Nonuoaouvn otn deppatoloyla Kal PE TToLo TpOmo Ba ATav SuvnTtikad xprotun; (4) Nola sivat n BEATLoTN
T(POCEYYLON KOl EPUNVELQ TWV ATTOTEAECUATWY TTOU TTAPAYOVTOL TOOO Ao TNV £PEUVA, OGO KAl OO TNV
epappoyn tng Texvntrg Nonpoouvng otn Sepuatoroyia; Kat téAog, (5) Nwg pmopoUue va BeATiwoou e
TN SLayvVwoTIKA akPiBELa TOCO TWV KALVIKWVY LOTPWY, 0G0 Kol Twv aAyopiBuwv Texvntig Nonpoolvng yla

™V €yKalpn SLayvwaon Tou KopKivou SEPUOTOC Kal ELGLKOTEPO TOU HEAQVWUOTOC;
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MPOKELUEVOU VA ETIITUYOUE TOUC OTOXOUC auToU¢, Katd tn Sldpkela tng dlatptPrg, os cuvepyacia pe
P opada SLAKEKPLUEVWY EPEUVNTWV aTtO TNV ApepLkN, TNV EAAGSa, tn XIAn, tnv lonavia, tTnv
AuoTtpalia kal Tnv AuoTpla MPOXWPHOOUE OE ULO CELPA EPEVVNTIKWYV TPooTiaBelwv. Méow tou ISIC
Archive dlopyavwoape kat e€akolouBol e va Slopyavwvou e eToloug Staywviopoug, Ta ISIC Grand
Challenges, 6mou epeuvntég alyopiBuwv Texvntnc Nonpoouvng Staywvilovrtol og Slapkwg peyaAutepa
datasets yla ™ Sldyvwon oykwv S€ppatog, dlepeuvwvtag tn Stayvwotikr akpifeta (lesion classification)
Twv aAyopiBuwv Al kat cuykpivovtag mapdAAnAa TNV EMIS00N TOUG PE QUTH TWV KALVIKWVY LOTPWV.
Tautoypova, Stepeuvnoape tn dSuvatotnta twv aiyopibuwv Al va Staxwpilouv tig PAABeg dépuatog,
amno to neptBarlov duololoyiko épua (lesion segmentation), aAAd kat T SuvaTOTNTO TOUG VAL
gvtomnilouv mposmAeypéva SEPUATOCKOTILKA KpLTApLa (dermoscopic feature detection).26-29 ErumAéov,
ETUXELPNOAUE va TIpoaSloplooupe o€ oLoug KALVIKOUC Latpoug Ba pmopoloe va davouv XprGLUES oL
epappoyég Texvntng Nonuoouvng, eéetalovtag tn SLoyvwoTikh akpiBela latpwy o€ S1adopeTIKA
0TAS1a TN EKTALSEUONC TOUC, CUYKPLTLKA e Touc ahyopiBpouc, 1 kat pe T PorBeta avtwv.30 3¢ éva
AaAAO OKENOG TNG £peuvag Hag, SLEPEUVNOALE TNV EMIS00N SNUOCLEVUEVWY aAyoplBUwWY TEXVNTNAG
vonpoouvng og éva Snuoota Stabéotpo, standardized dataset kapkivwv S€pUaToc, TPOKELUEVOU VOl
avakaAUPoupe Tuxov aduvapleg Toug, Kal vo BonBnoou e TNV EPELVNTIKI KOWVOTNTA OTN BeATiwon Twv
erudooewv touc.31:32 Kotd tn Stdpketa Tne £peuvac pog ehappuocope eVAANOKTIKEC CTOTIOTIKES
T(POOEYYLOELG KOL EPUNVEUTLKEG IPOOTIABELEG, OL omoieg Sev lyav xpnoLponolnBel mponyouuEVwWE oTov
TOUEQ, TIPOKELUEVOU VO SLOOTAUPWOOU LLE KaL VO EPUNVEVCOUE TO OTOTEAECHATA TOCO TNG SIKNG HaG
€peuvag, 600 KoL amoteAéopata GAAwY epeuvnTwv.33 TENOC, EMIELPAOALE VO BEATLLOOUHE TN
SlayvwoTikn akpiBela Twv KAWVIKWY LoTpwV otn dtayvwon kapkivou S€ppatog, Tooo neplypddovtag
KollvoUpyLa SEPUATOCKOTILKA KPLTAPLA YLa TN SLAyvwaon Tou KapKivou S€puatog, Kal el6IKOTEpQ
SUoKoOAWV oTNn SLAyvVWon KapKivwy SEPUATOC KAl HLUNTWV TOUC, 600 Kal SLopyavwvovTag TV mpwtn

Expert Agreement Study on Dermoscopy pehavokuttapikwv BAapwv (EASY study).34-37 H ev Adyw
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UeAETN e€€taoe TNV cupdwvia ELBLKWY 0TN SEPUATOCKOMNGN OTNV EVTIOTILON SEPUOTOCKOTILKWY
KpLtnpiwv evtog pag PAGPNG, mpokelévou va eAEyEouE TNV afLloTILoTia KAL TNV aVOIapoywyLLOTNTA

TWV SEPUATOCKOTIKWVY KPLTNplwy yla tn dLayvwaon Tou PEAAVWUATOC.
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ISIC Grand Challenges kat Reader Studies

Eloaywyn

Onwg ekBEocape aVWTEPW, TIPOKELUEVOU VA SLEPEUVNCOUE TIG TILBAVECG EaPLOYEC TTOU UTOopEL
va €xeL n Texvntr) Nonpoaouvn otnv £ykatlpn SLayvwon Tou KopKivou §€puatog, KabBwg Kal yLo va
OVTLUETWTTLOOU UE TO EAAELUPO SnuooLa SLaBEéoipwy Baoswv Se60uEVWV SEPUATOAOYIKWY, KAl
ELSIKOTEPQ SEPUATOCKOTILKWY ELKAOVWY, Snptoupyricapie o ISIC Archive.'® Méow autol Slopyavwvoupe
amno to 2016 stnotla ISIC Grand Challenges, pe Stapkwg avéavopevo eninedo SuokoAiag, aplOuo
Slayvwoewv KoL TPokANoewv oTig onoieg Staywvilovral epeuvnteg Texvntig Nonuoolvng and 6Ao tov
KOOUO, kaBlotwvtag to ISIC Archive To onueio avadopdg yia tnv Eépeuva oto nedio. Ta ISIC Grand
Challenges mpaypatomnolouvtal etnoiwg, ota mAaiola npoBePAnuévwy, SteBvwv ouvedpiwv: el8koTEPQ,
oto International Symposium on Biomedical Imaging (ISBI, 2016-2017), Medical Image Computing and
Computer Assisted Intervention (MICCAI, 2018-2020), oto Conference on Computer Vision and Pattern
Recognition (CVPR, 2019-2020) kal oto Society for Imaging Informatics (S1IM, 2019-2020). Zta mAaiola
™¢ StatpBnrg autng, avéhaBa to poio tou clinical coordinator tou ISIC Archive cuppetéxovtag evepya
o€ OAoUG TouG SLoywVLoUOUG oL omoiol StopyavwBnkav amo to 2017 éwg to 2020, evw amod 1o 2020 o
EBvVIKO kal Kamodlotplako Maveniotruio ABnvwy, péow tou Noookopeiou Aspuatikwy Kat Appodioiwv
Noonuatwyv «AvSpéag Juyypoc» lval EMiCNUA TUAKA TNG CUVEPYACLOG TTOU £XEL olkodounBel petay
tou Memorial Sloan Kettering Cancer Center, tou Medical University of Vienna, tng Barcelona Hospital
Clinic, Tou Emory University, tou University of Queensland kat tou Melanoma Institute Australia and

Sydney Melanoma Diagnostic Center.
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Ta ISIC Grand Challenges amoteAoUv SlaywviooUg 0mou epeuvnteg Texvntig Nonpoolvng katabgtouv
Toug alyopiBuoug toug, oL omoiot Staywvilovtat otn SLdyvwon Kapkivou S£pUaATtog Kot pipnTwy Tou. Ot
Slaywviopol autot akoAouBouvtal amnod reader studies ot onoieg Sie€ayovtal avapeca o€ KALVIKOUG
Lotpol¢ SladopeTikwY LOIKOTATWV Kal StadopeTikwy Babuidwv eknaidsuaong (6epuatodoyot,
el&IkeVOpEVOL depaToloyiag, YEVLKOL LATPOL, ELOLKEUOEVOL YEVIKNG LATPLKNG), TIPOKELUEVOU VOl
SlepeuvnBei (1) n Stayvwotikn akpifela Twv aAyopiBuwy TexvntAg Nonpuoouvng EVAVTL TV KALVIKWY
LoTPWY, Kal (2) mov Ba pmopouvaav oL aAyoplBuot autol va ¢pavolv xprowuol. Ot Staywvicpol autol
gumAoutilovtal kaBe xpovo pe peyoAUtepo aplBuo PAaPwv, MePLOCOTEPEG SLOYVWOELG, KABWC Kall
TOWKIAEG EpEUVNTIKEG TIPOKANOELG OL omoieg kaBopilouv tnv e€€ALEN Tou Tediou, otnv MpoonabeLa va

UTIOPECOUV oL aAydpLOHOL aUToL va KATaeToUV XproLOL oTnV KAWVIKA Tipdén.26-29

Ytov npwto Sdtaywviouo ISIC Grand Challenge 2016 ot aAyopiBuot Texvntig Nonpoolvng dtaywviotnkav
og 1279 deppatookomikeg BAGPeC (248 pedavwpata kat 1031 omnidoug) oL onoieg xwplotnkav os éva
training (n=900, 19.2% pelavwuorta) kot éva test dataset (n=379, 19.8% peAavopara).2” It reader
study n omnoia akohoUBnoe, meplthapPBavovrtag 8 expert readers Bprikape nmwg o fusion algorithm twv
Kopudaiwv cupUETEXOVTWY oAyopiBuwy elxe kaAutepn enidoon amnod toug eldlkoug (el8koTNTA 76%

évavtL 59% twv experts, p=0.02). 38

ESw Ba nmapouoidooupe ta anoteAéopata tou ISIC Grand Challenge 2017, 6mou enekteivape Tov
aplOuo twv PAaBwv kal T katnyopieg PAaBwv, cupumneplthapfavovtog LEAQVW AT, OTHAOUG Kal
OUNYHOTOPPOIKEC UTIEPKEPATWOELG. TAUTOXPOVA ETIEKTEIVAUE KAl TIC SOKLUAGLEC OTLC OTOlEC
Staywviotnkav ol Stadopetikol alyoplBuot yia va cupnepthafoupe 3 tasks: (1) lesion segmentation, (2)
dermoscopic feature detection kat (3) classification.?8 EmutAéov Ba mapouctdooupe, Tn reader study n

omolta akoAolBnae 1o ISIC Challenge 2017, 6mou cuykpivope tn SlayvwoTikn akpifela Tou alyopiBuou
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TEXVNTNC VonUoouvnG UE Tnv KaAutepn eniboon otn Stdyvwon HEAQVWHOTOC, LE TN SLayVwoTLKNA

akpiBela eumelpwy Seppatoroywy, el8LkwWV otn Sldyvwaon kot Beparmeia kopkivou §épuatog, Kabwg Kal
elblkevOpevwy deppatoloyiag. Ita mAaiola auTthg TG LEAETNG SLEPEUVHOOLE TO AMOTEAETATA TTOU Ba
gixe n evbexouevn xpnon tTwv dLayvwoTtikwy TPoPAEPewWV Twv adyopiBuwy amo toug KAVIKOUC Latpoug

OTIG TIEPLTTWOELC OTIOU N auTomenoiBnon touc (confidence) otn Stdyvwon Atav xapnin.30

ISIC Grand Challenge 2017

YAka kot MéBobol, ISIC Grand Challenge 2017

To ISIC Grand Challenge 2017 amoteAoUtav amno 3 tasks: lesion segmentation, dermoscopic
feature detection, kat disease classification. MNa ka0 éva task, ta data anoteAovvtav ano
SEPHATOOKOTIKEG ELKOVEG Kal avTlotolyoUoav o€ ground truth annotations, xwplopéva oe training set
(n=2000), validation set (n=150) kaut test set (n=600) datasets. Ot mpoPA£PEeLG TwV StaywVI{OUEVWY
umopoucav va urtofAnBouv toco oto validation, 6co kat oto test dataset. Ot umtoBoAég oto validation
dataset mpounBevav toug dtaywvilopevoug pe apeco feedback otn popdn anoteAéopatog enidoong,
kaBwg kat mAnpodopieg avadoplkd Le TNV KATATALN TWV SLaywVI{OUEVWY, CUYKPLTIKA LLE TOUG
ouvblaywvi{opevoug touc. Ta amoteAéopata emdO0ewV oTo test dataset €ylvav yvwotd oToug
OUUMETEXOVTEG LOVO PETA TN AREn tng mpoBeopiag tou Challenge: Ta datasets ota omnoia eknaldevtnkav
(training dataset) kot Staywviotnkav ot aAyoptBuol (validation and test datasets) sivat StaBéoipa otov

akOAouBo wototorno: http://challenge2017.isic-archive.com/.
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1° okéAog, Lesion segmentation task

Ao toug Slaywvilopevoug InTBnke va uTOBAAAOUV LUTOUATOTIOLNUEVES TIPOPBAEPELG TWV
opiwv twv BAaBwv épuatog (lesion segmentations) and S£pUATOOKOMLIKEG EIKOVEC, o€ popdn binary
masks (Aeuko xpwua n BAARN - pavpo xpwua to meptBaAlov Tng elkovac). To training dataset yla auto
TO OKENOG eixe 600l oTOUG SLaywVIIOUEVOUC HE TN Hopdn TNG MPWTIOTUTING ELKOVAC, KaBwC Kal og binary
masks, LETA QIO LN-AUTOMOTOTNOLNUEVO KABOoPLOUO TwV oplwv tNS PAAPNG oo 2 €K TwV cuyypadEwy
(K.L., M.M.). Pixel values afiag 255 Bewpouvtav evtog Twv opiwv Tng BAABNC, evw pixel values aflog 0

Bewpouvtav ektoc. (Figure 1)

Figure 1.

210 Avw OKEAOG TNG ELKOVAC BAEMOUUE TIC TPWTOTUTIEC SEPLLOTOCKOTILKEC ELKOVEG, KOL OTO KATW UEPOG,
Ta binary segmentation masks, 6nwg 666nkav otoug dtaywvi{opevoug oto training dataset. Me Aguko
Xpwpa anewkovifovral Ta opla Twv BAaBwv, evw pe poalpo, To ieptBariov §éppa, To omnoio Sev

neptAappavel kamolo BAARN.
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2° 2kéAoc, Dermoscopic Feature Classification Task

Ao toug Staywvilopevoug InTHBNKe va TOUTOTMOL 00UV QUTOLATOTIONUEVA T akOAouBa
Téooepa SEPUATOOKOTILKA KPLTHPLA OTLG SEPUATOOKOTILKEG ELKOVEG: “network”, “negative network”,
“streaks” kot “milia-like cysts”.39-41 H avayvwplon Twv SEPHATOCKOTIKWY KPLTnpiwv adopolos 1600
oTNV TAELVOINGCN TOUG, 000 KOL OTNV XWPLKI EVTOTILON TOUG EVTOE TG lkOvag. (Figure 2) Mpokelpevou va
LElwooupe To variability kal to dimensionality Tng XwpLkNg EVTOMLONG TwV SEPUATOOKOTILKWY KPLTNPLwvy,
Ol SEPATOCKOTILKEC ELKOVEC UTIOSLALPEBNKAV O€ ‘superpixels’, xpnotponowwvtac Tov oAyopLBpo SLIC.42-
44 Ta training data yto autd To task cupmepApBavVAY TNV TPWTATUTIN ELKOVA, KABWE KoL TOUG
ouvodoUg aplBpoU¢ Haokwy - ‘superpixels’ émou Bpiokovtayv Ta v AOyw SEPUATOOKOTILKA KpLTHpLa:
€vag ek Twv ouyypadéwv (K.L.) elxe ek Twv MPOTEPWV UTIOYPOUUIOEL XWPLKA TTOLO. (VAL KOl TTOU
Bplokovtal Ta kpLtripla ot elkovec. Ta validation kat test sets mepleAdpfavayv SEPUOTOOKOTIKES

ELKOVEC Kall Ta avtiotolya superpixels, xywpi¢ wotodco ta annotations.

Figure 2.
A. AEPULATOOKOTILKN ELKOVA EVOC LEAQVWLATOC HE XWPLKO KaBoplopd superpixels émou evromniletal To
Sepuatookormiko kpLtrplo “streaks”, to omolo £xel Bpebel va €xel avénuévo Odds Ratio yla tn Stayvwon

MEAQVWHATOG, KOl B. AEpOTOOKOTILKH ELKOVA €VOG OTIAOU LIE Ta avtioTolya superpixels émou

evtomniletal To Kpitrplo “network”
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30 2kéAoc, Disease Classification Task

A0 ToUG SLaywVI{OEVOUC althOnKe vo Ta€LVOLOOUV TIC ELKOVEG OE LA €K TWV 3 KATNYOPLWV
cupmepAapBovopévwy Twy: peAdvwpa (n=374 training, 30 validation, 117 test), ounypatoppoikn
unepkepatwon (n=254, 42, and 90), kat kahonOnc onidog (n=1372, 78, 393), pe oKop TOELVOUNONG
KUpovoOpevo petol 0.0 kat 1.0 yia kaBe kotnyopia, pe to 0.5 va ival To opOcN O TIPOKELUEVOU Val
BswpnOel éva amotéheopa Betikd (binary decision threshold). Ta training data yla quTo To OKEAOG
niepleAdppavay TG SEpUOTOOKOTIKES lKOVEG pe To gold standard yia kaBe Siayvwon (LotortaboAoyikn
eruPePaiwon yia to pehdvwpa, otortaboroyikn emiBeBaiwon, A emiPePaiwon Stdyvwonc amo edikolg
0Tn SEPUATOOKOTNON YLA TOUG OTIAOUG KL TIG ONYULATOPPOLKEG UTIEPKEPATWOELG), KABWG KaL TNV

nAtkia tou 0ioBevouc katd mpoogyylon 5etiag, kabwg kot to ¢pulo. (Figure 3)

Figure 3.
AVTUTPOCWTIEVUTIKEG ELKOVEC LEAOVWUATWY, OTHAWY, KOL CULNYUOTOPPOIKWY UTIEPKEPATWOEWVY TIOU

ocupmneptAndBnkav oto dataset pag.

Melanoma

Seborrheic Keratosis

AéloAdynon amoteAeoudtwyv
OL TP AETPOL TIOU XPNOLUOTIOLACALE Yia va a€LoAoyr|CoU LE TNV eMidoon Twv alyopiBuwy
gxouv meplypadel avaAuTikd og ponyou peved nerétec.2”38 Ma to okéAog TNG TOELVOUNONC TWV

ELKOVWV 0€ SLaPOPETIKEC SLAYVWOELS XPNOLUOTIO | oAUE TO 0pto Tou 0.5 we BeTIKO yia pLa katnyopia.
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MNa to 1° okéhog Tou lesion segmentation, pixel values >128 BswpnBnkav wg BTN andavinon, Kat agieg
ULKPOTEPEC aUTOU, BewprBnkav apvnTIKEG. MPoKeLEVOU VA a§LOAOYCOULE TA ATTOTEAECUATA TNG
TaflvOUNOoNG w¢ TTPOoG T SLAyvwaorn, UTIOAOYLCOE TNV TIEPLOXA KATW amo TV KaumuAn (Area Under the
Curve - AUC), amd ta receiver operating characteristic curve (ROC).2” Emunpoofeta, avadopikd He Thv
ToflvOUNON TOU PEAQVWHATOGC, N e8IKOTNTA TwV aAyopiBuwv umtoloyiotnke pe facn to ROC curve,
Omou n evaloBnoia ntav 82%, 89%, kat 95%, avtloTolwvtag ota emBUPNTA enineda eniboong evog
Sepuatoldyou, eELSLIKELEVOU OTOV KapKivo €ppatoc.38 Téhoc, oL emSdoeLC yia to task 1, lesion
segmentation, ocuykpiBnkav xpnolponowwvrtag to Jaccard Index, Dice coefficient kat tnv akpifela wg

Tpo¢ ta pixel.

AnoteAéoparta, ISIC Grand Challenge 2017

210 ISIC Challenge 2017 ixape 593 eyypadeg, 81 MeEPAUATIKES TTPO-KATOXWPNOELG
QTMOTEAEOUATWY, KoL 46 TEAKEC KATAX WP OELG ATMOTEAECUATWY (oUUTEpAOUBAVOUEVWY KL LOAPLOUWY
dnuoaotevoewy oto arXiv.org) . Méxpl ekelvn Tn OTLYUN, AUTH ATOV N LEYAAUTEPN, TIPOTUTIOTIOLNKEVD,
OUYKPLTLKA UEAETN OTOV TOUEQ, EPLKAELOVTAC TOV aplOUs Twv PAaBwv Tou cupmeplAdBape, Tov aplOpo
TWV aAYOopIBUWVY MOV EKTLUACAE KAl TOV apLlOUO TWV CUPUETEXOVIWY. AKkoAoUBwWC mapatiBevral Ta

anoteAéoparta yLo KABe EexwpLotd oKEAOC TNG EPEUVOC.

1° 2k€Aog, Lesion Segmentation

Elkooléva oUUPETEXOVTEG KaTEBeoav TIG POBAEYPELS TOUC O AUTO TO OKEAOC TOU SLAYWVIOOU
yla to test set evw 39 cupETEXOVTEG CUMMETELXOV oTO validation set. O kopudailog TwV GUUUETEXOVTWY
TETUXE Hé€oo Jaccard Index 0.765, akpifeta 93.4% kat Dice coefficient 0.849, xpnolonolwvtag pa

napaihayn evoc fully convolutional network, akoAouBwvtac pia tpocéyyion deep learning.*®
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AvtutpoowrneuTikd mapadeiypata kaboplopou opiwv (segmentations) aveupiokovtal oto Figure 4, kot
€va LoToypappa tou Jaccard index pLag LELOVWHEVNG ElkOvag oto Figure 5. Segmentations ta omola
gntuyxavouy Jaccard Index >0.8 teivouv va gepdavilovral omTika akpLpn, aviiBeta, dtav MEPTEL KATW
tou 0.7, n akpiBeta Tou kaBoplopol twv opiwv apdlopnteitat.28 Ito ev Adyw task, to Jaccard Index Tou
kopudaiou alyoplBuou autopatou segmentation €éneoe katw amnod To 6plo tou 0.7 og 156 amno tig 600
ELKOVEC, evw yla 91 lkdveg, To Jaccard Index ntav pikpotepo tou 0.6, £xovrag €va failure rate to omnolo

KUAVONKe amod 15% ewg 26%.

Figure 4.

TNV MPWTN oElpA PAEMOULE TEVTE ATIO TIG TPWTOTUTIEG ELKOVEC OTLC OTIOLEC ETTPETIE VA YIVEL O
KoBoplopog Twv opilwv, segmentation, otn 2" gelpd Slakpivoupe To ground truth Twv opilwyv, 6Mwg
kaBopiotnkav anod Toug Slopyavwteg tou ISIC Challenge, kat otnv 3" aelpd Stakpivoupe TG mpoBAEPELG
yla ta Opla Twv ev Aoyw PAaPwv, omwc ta teptéypae o kopudaiog ek Twv SLaywvi{opuevwy

aAyopiBuwv.
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Figure 5

MNapatibetal To oToypappa Twy anoteAecpdtwy Baoet tou Jaccard Index yia tov kopudaio alyoplOpo.
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Jaccard Index

2° 2kéAoc, Dermoscopic feature classification task

Mo 2" cuvexn xpovid, outo Tto task Ehafe tn UKPOTEPN CUUHETOXH], CUYKPLTIKA HE Ta UTTOAOLTIOL
tasks Tou ISIC Challenge: pHOALS 3 TeAlkéC uTOBOAEC amoTeAeopATWY, Ao 2 opuddec eAjdOnoav.46:47 To
OV OUTH N ULKPI CULHETOXN Elval armoTEAECHA TOU TPOTIOU Tieplypadic tou task, i amotéAeopa
Bswpnong Tou we HELWUEVNC onpaoiog Stepeuvatat. MoAatalta, Ta amoteAéoparta Ta onoia AdBope
KOTASELKVUOULV TIWG N XWPLKA EVTOTILON SEPUATOCKOTIKWY KpLtnpiwv anod alyoplOuoug ML Ssiyvouv
TIwC elval epLktdg otoxog, Ssixvovtag pa péon meploxn KAtw arnd tnv kaprmvAn (AUC) peyalitepn amnod

0.75, kal katd onpeia va ayyilet to 0.9. (Table 1)
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Table 1.

Y& auUTO Tov Ttivaka PAEMouE TIG eTdO0eLg TwV SladopeTikwy HeEBOSwWV ou akoAolBnoav oL 2 ouAadeg

mou Slaywviotnkav og auto to okélog tou ISIC Challenge. Me bold BA£moupe Tov viknTA yla KABe

EeXWPLOTO HEPUATOOKOTILKO KPLTNPL

0.46.47

Method AVG Network Negative Streaks Milia-Like

/ Rank Network Cyst
1% 0.895 0.945 0.869 0.960 0.807
230 0.833 0.835 0.762 0.896 0.838
3% 0.832 0.828 0.762 0.900 0.837

39 Jkelog, Taévounon Nooou (Disease Classification)

AUTO TO OKEAOC TOU Slaywviopou €Aape 23 TeAlKEG UTTOBOAEC amoTteAeoUATWY OTO test dataset,

Kot 39 umtoBoA€g oto validation dataset. Ta xapaKTnpLOTIKA TNG EMIG0O0NE TOU TEALKOU VIKNTH auTol Tou

OKkEAOUG TOU Slaywviopol?8, KaBwe Kat TWV VIKNTWY TwV UTIOAOUTWY ETILLEPOUC SLAYVWOEWY

(ounypatoppoikég unepkepatwoelc??, pedavwpara®®) Bpickovtatl otov Table 2. Stov i§lo Mivaka

Bpilokovtal kat ot 3 otpatnylkég fusion mou akoAouBroape, TPOKELUEVOU VA EEAYOUIE TA TEALKA

CUUMEPACHOTA HaG, Ta score averaging (AVGSC), linear support vector machine (L-SVM) & non-linear

support vector machine (NL-SVM).38 OAec ot otpatnyikéc fusion mou akoAouBrcape xpnotponoinoay

£va mBavoAoyiko (probabilistic) povtélo, mapdayovtog pla mbavotnta n onoilo Kivouvtayv PHeTagy Tou

0.0 kat tou 1.0 yla kaBe Eexwploto voonua, onota npoPAedn Eenepvouoe to 0.5 Bewpolvtay BeTIKN yLa

™V Katnyopia vooou omou npoékuPe. Ot ROC KaUMUAEG yLO TOUG VIKNTEC AUTOU TOU OKEAOUC TOU

Slaywviopou yla Tig 3 katnyopleg voonuatwy Bpiokovtal oto Figure 6.
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Ta kUpla eupnuata pog nepthappavouv ta £€n¢: 1) OAol ot kopudaiol GUUPETEXOVTEG
xpnotgornoinoav kamota mapoaAAayr evog deep learning network, evw xpnolponoinoav kal eEwtepLka
Se60UEVO TIPOKELUEVOU VA EKTIALSEUGOUV TO HOVTEAO TOUC, TTANV Tou training dataset mou toug
napeiyope.*8-50 2) H ta€vopnon Twv CUNYHOTOPPOIKWY UTIEPKEPATWOEWV PaiveTal va ivat
EUKOAOTEPO task cUYKPLTLKA e TN SLAyVwon LEAQVWHOTOC, AUTO UTtopEL va odeileTal o

XQPOKTNPLOTIKA TOU VOOHATOC, 1} evOeXoUEVWE VoG bias ota dataset. 3) O GUVOALKOG VIKNTIC TOU

Slaywviopou Sev ATav MPWToG o€ nidoon o€ Kapia anod TG EMUEPOUC KATNYOPLEC, WOTOCO TO OVIEAD

TOUC MOPARYAYE Ta TLo aglomiota anoteAéopata. 4) Ot o mepUTAeYUEVEG oTpatnykEC fusion odrynoav

O£ TITWOoN tN¢ enidoong Twv aAyopiBuwy, evw oL 1o amA£g péBodol mapryayav ta MAEov afLomiota
anoteAéopata.38 Auth eivatl n 2" pelétn mou e€epeuvd TIg SuvatdTNTES TwV oAyopiBUwY TeEXVNTAS
vonuoouvng otnv Taflvounon SEPUATOOKOTLKWY ELKOVWY, KOL TA ATIOTEAECUOTO KOL TWV 2 LEAETWY
ouykAivouv Ttwg n xprion evog fusion aAyoplBpou peTagy Twy eMUEPOUG KOPUPALWY CUUUETEXOVTWY

£XEL KAAUTEPN eMIB0OON GUYKPLTIKA e KAOE PEUOVWHIEVO aAyopLOuO.

Ewoéva 6.

ROC curves twv kopudaiwv oAyopiBuwv yia kdBe katnyopia,*8-20 kat enioon tou fusion aydptdpou.
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Yulntnon, ISIC Grand Challenge 2017

To International Skin Imaging Collaboration (ISIC) Archive xpnolpomnolnke mpokeLpévou va
dogevnoeL Tov 2° SNUOCLo SLaywVLIoUO yLo T Slayvwon SEPUATOAOYLKWY VOO LATWY HECW
SEPUATOOKOTILKWY EIKOVWYV oTo International Symposium on Biomedical Imaging (I1SBI) 2017. O
Slaywviopog meplthapPave 3 emipépoug okEAN: segmentation, feature selection (4 deppotookomika
kpLtipla), kat disease classification (3 voonuata). O dtaywviopoc neptEhaBe 2000 elKOVES yLa
eknaibevon twv alyopiBuwv (training dataset), 150 eikdveg yla emiBefaiwon amoteAeopaTwy
(validation dataset), kat 600 elkdveg oto test set, evw mapoaAdPape 593 eyypadeg, 81 MEIPAUATIKEG TIPO-
KOTOXWPNOELG AMOTEAECUATWY, KoL 46 TEAKEG KATAXWPNOELG ATIOTEAECUATWY ATIO TOUG
SLaywVIIOUEVOUC, ATTOTEAWVTAC £TOL TNV LEYOAUTEPN, TIPOTUTIOTIOLNEV, CUYKPLTIKA UEAETN OTOV

TOMEQ.

Ot aAyoplBuotL texvnTng vonuoouvng Seixvouv va €X0UV TNV LKOVOTNTA TOCO VA TApAyouV a&lomioTo
K0BopLoPO TwV oplwv TwV PAaPwV SEPUATOC O£ SEPUATOTKOTILKEG ELKOVEG, OGO KOl VO aVLXVEUOUV
ETUUEPOUC SEPUOTOOKOTILKA KPLTHPLA, KOL GNUAVTLKOTEPQA, VA TAELVOLOUV PE akpiBela SLadopeTIKA
voohpata, cupnepllaupavouévou tou pehavwpatog. AkoAoUBwc Ba ekBEooupe Tn reader study tnv
ormola SLopyavwaoa e TIPOKELLEVOU VA CUYKPIVOUE Ta AMOTEAECUOTO TWV 0AyopiBuwy 1600 Ue
SepUaTOAOyoUC EUMELPOUG 0TN SLAYVWON TOU Kapkivou S£€pUatog, 600 Kal ELGLKEUOUEVOUG
Sepuartoloylog Slepeuvwvtag To pOAo Tou evdexopévwe Ba pPrmopouoayv vo omokTHoouV oL aAyoplopot

Texvntic Nonpoolvng otnv éykatpn Stdyvwon Tou kapkivou Séppartoc.30
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ISIC Grand Challenge 2017, Reader Study

Eloaywyn, ISIC Grand Challenge 2017, Reader Study

21N HEAETN POG QUTH, CUYKplvape Tn SlayvwoTikh akpiBela tou alyopiBuou texvntig
vonpooUvNc pe TNV KoAUTepPN enidoon otn Stdyvwon pehavwpotod arno to ISIC Challenge 2017,28 pe
autn Eunelpwv deppatoldywy, el8IKwV otn dtayvwon kal Bepaneia kapkivou S€ppatog, kabwg Kat
elblkevopevwy deppatoloyiag os pia reader study. Tautoxpova SLEPEUVHCOLE TOL ATTOTEAECUATA TIOU
Ba eixe n bavn xprion tou aAyopiBou autol ot SLayvVwoTLK OKPIBELX TWV KALVIKWY LATPWVY OTLG

TIEPUTTWOELS OTIOU N awtonenoidnon (confidence) Toug otn Stdyvwon Atav xopunAn.30

YAka kat MéBobol, ISIC Grand Challenge 2017, Reader Study

AaBape £ykplon yla tn LEAETN QMO TO ETLOTNUOVIKO cuBoUALo tou Memorial Sloan Kettering
Cancer Center, kal n UeAETN paypatomnolBnke cupudwva pe tn dtaknpuén tou EAcivkl. Ta
anoteAéopata kat ot péBodol tou 2017 ISIC Challenge mepleypddnkav avwtépw.28 Ené€ape 2,750

SEPUATOOKOTIKEG ELKOVEG UPNANG avdAuong armo Tto ISIC Archive (www.isic-archive.com): 521 (19%)

pedavwpata, 1,843 (67%) omiloug kat 386 (14%) OUNYLATOPPOIKEG UTIEPKEPATWOELG. OL ELKOVEG
Slapolpaotnkav tuxaia o training dataset (n=2,000), validation dataset (n=150) kot test dataset
(n=600). Elkoottpeic (23) alyoplBuol katatédnkav otn Sokipaoia yio TNV Taflvounon LEAQVWUATWY
(Task 3), kat 6AolL xpnolpomnotloav veupwvika Siktua (neural networks) kat deep learning, pia popon
machine learning mou xpnotpomnotel TOAAQTTAG UTTOAOYLOTLKA ETITIES AL TIPOKELUEVOU VO TAUTOTIOLROEL

OO KOL TIEPLOCOTEPO aPnPnHEVO OXAHOTA O pla etkova.®! Ou adydpOpot aflodoyriBnkav pe Bdon thv
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enidoon Toug KATW armo to receiver operating curve (ROC) kot akoAoUBwg emAEEaLe TOV aAyOpLOUO pe

TNV KOAUTEPN emidoon yla TS avaAloelc poc.28

H kapmUAn ROC sival pa KopmuAn n onoia dnuloupyeital aviumapabETovtag TNy evalodnoia pa
Slayvwotikng Stadikaoiag Evavtl Tou aplBuol Twv Peudwe apvnTIKWY amoteAeopdtwy (1-el6kotnTa)
oe d1adopa opla (thresholds). Kat’ autdv tov tpomo, n kaumuAn ROC sival £va Kowwe amoSeKTo UETPO
¢ SuvaTOTNTOC EVOC TECT VA TAELVOUNOEL EAV ULO CUYKEKPLUEVN cUVONKN glval mapoloa | amouaoa.
Mta kapruAn ROC tn¢ taéewg Tou 0.5 umodnAwvel mwg n Stayvwotikn dtadlkacia mou akohouBeital
Sev €xel kapia SuvatdtnTa va KAVEL AUTO TO SLawpLopo, evw pita ROC kapmuAn tng tafewg tou 1.0
UTIOSNAWVEL TIWC TO €V AOYW TECT €XEL TEAELA TagvounTik dLotnTa. Ot kKaumuAeg ROC pmopouv va
xpnotpornotn®olv mpokelpévou va Kabopioouy £va anodektd 6plo yla kabe dlayvwoTtikn Stadikaoia,
woTto0o0, N emAoyn Tou opiou efaptatal and To OKomo ekAoTNG SlayvwaoTikng Stadikacliag, kot n
Loopporia petafy evaloBnoiag kat el61koTNTAC €0 pTATAL ATTO TO KALVIKO GEVAPLO OTO OMOio

ansuBUveTaL KABE GUYKEKPLUEVN Sokipaoia.>?

MNa tn reader study pog xpnotponotoape 150 SepUaTOOKOTIUKES ELKOVEC ATt 3 SLadOPETLKEG
Stayvwoelg [50 pedavwpata (15 dinBntikad, 20 in situ kat 15 ataivounta), 50 oniloug kat 50
OUNYHOTOPPOIKEC UTIEpKEPATWOELG]. To pégo BaBog Sieioduong Breslow yia ta StnBntika pelavwpata
ntav 0.3 (0.15-3.3) mm. Oxtw Sdepuatoldyol pe e€eldikevon otn SLAYVWaON Kol AVILLETWIILON TOU
Kapkivou &éppatog (experts), kaBwg kat 10 eldikeuopevol deppatoloyiag cupdwvnoay va
OUUMETACYOUV OTH UEAETN: €VAC €K TWV ELSIKEVOUEVWY SV OAOKANPWOE TN UEAETN KAl OMOKAElOTNKE
arno kABe mepaltépw avaiuon. O HEGOG XpOVOG KALVLKNAC EUTIELPLAC KL XPriong SEPUATOOKOTINONG TwV 8
experts mou cuppeteixav otn peAétn ntav 14 (4-32) kai 14.5 (7-28) avtiotolya. OL experts mou

OUUUETEXOV TTpogpyovTal amo 4 xwpeg (4 amo tig HMA, 2 amno tnyv lonavia, 1 and to lopanA kat 1 anod
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v KoAopPBia), evw 6Aot ol eldikeuopevol deppatoloyiag mpoépyovtal amo tig HMNA. Ot GUUUETEXOVTEG
otn HeAETN (readers), tafvopnoav tic PAABeC w¢ HeEAAVWUQ, OTIAO, i CUNYLATOPPOIKA UTIEPKEPATWON,
TPOTELVAV TOV XELPLOUO Ttou Ba ékavav yia kaBe BAABN (Bloyia r mapakoAouBOnaon) kot avédepav TN
automnenoibnon toug wg mpog tn Stayvwaon nou mapeiyav os kKAlpaka Likert amo 0 (e€alpetikd pn
BEBawog) £wg 6 (e€atpetika BEPaLog). TuvoAika tpogkuPav 1200 afLloAoynOELG ELKOVWY QIO TOUC
€161koU¢ kal 1350 a&loAoynaelg amo toug el8Lkeuopevous. Ot afloAoynoELg TpayaTomoLOnkay LEow
™¢ mAatdopuag tou ISIC archive, kat ol readers tav blinded wg mpog tn Sldyvwaon Kot To KAWVIKA
Sebopéva. Agv UTIIPXE KOVEVOC XPOVIKOC TIEPLOPLOUOC KL OL OUUETEXOVTEC lxav TN Suvatdtnta va
OAOKANPWOOUV TLG EKTLUNOELG TOUG LETA Ao O0EC GUVEDPLeC emBupoUoav. MpoKelEvou va uTtapEet
AQUEGCN CUYKPLON HE TOUG CUMUETEXOVTEC LATPOUG, N emiboon Tou Kopudaiou alyoplBuou

EMAVUTIOAOYIOTNKE CUYKEKPLUEVA yLa TIG 150 BAABeC mou cuumepA\ndOnkav otn PeAETn.

XpnoLUOMOoLNoa e TEPLYPAPLKA OTATLOTIKA TIPOKELEVOU VO EEEPEUVHCOULE TNV KATAVOUN TWV
QMOTEAEOUATWY TwV readers Kal Tou oAyopiBpou yla tnv taévounon twv BAaBwv kat tnv
automnenoiBnon yla tnv tagvopnon (confidence level). EmutAéov, otnv availuon pog cupnepAaBape ™
Slayvwotikn akpifela twv readers, T0oo yla TNV Taflvopnon, 660 Kal yla tn dtaxeiplon twv BAaBwv mou
efetdoape. H Stayvwotikn akpifela tou adyoplBuou cupmneplAndOnke povo ocov adopd otnv
tafvopnon twv PAapwv, evw untodoyioape ta ROC curves yla Tov aAyoplBuo kal toug readers
EexwploTa, KaBwWGE KaL T KATNYOPLOTIOLNUEVEG OASEG Twy readers (experts vs. ELOIKEVUOUEVOL).
MPOKELUEVOU VO CUYKPIVOULE TIG TIEPLOXEG TNG KOUMUANG ROC petagl Tou alyopibuou kot Twv Latpwy

XPNOLLOTIOLOOLE N-TIOPOUETPLKY TTPOoEyyLon.3

Otav n automnenoifnon Twv LATPWVY IOV CUUPETELOV 0T HEAETN yLa TNV Taflvopnon Twv BAafwyv RTav

xaunAn (confidence 0-3), ota anoteAéopato Toug cuvumtoAoyicape tnv npPoBAedn tov aiyopibuou.
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AUTO emLTeLYONKE SLYOTOUWVTAG TA ATIOTEAECUOTO TOU aAyopiBuou pe 6plo pa evatoBnoia tng tafewg
ToU 90%. META TOV CUVUTIOAOYLOMO TWV OTOTEAECUATWY TwV readers pe tn BorBeta tou ayopiBuou
uTtohoyloape ek VEou TNV SlayvwoTikn akpifela. OAeg ol avaAUOoELG EyLvav Xpnolpomolwvtog Stata

v.14.2, Stata Corporation, College Station, TX.

AmoteAéoparta, ISIC Challenge 2017, Reader Study

H ouvoAikn eualaBnoia, el81koTNTA Kot N KApmUAn ROC yla toug el8Ikeupévoug SepatoAdyoug
TIOU CUMMETELXQV 0TNn HeAETN ATav 76.0% (95% Cl:71.5-80.1), 72.6% (95% Cl:69.4-75.7) kat 0.74 (95%
Cl:0.72-0.77) avtiotolxa. H cuvoAikn evaloBnaia, eldikotnTa Kat n kopumuAn ROC yla Toug
el&lkevOpEeVoUC SepuaTtoloyiag Tou CUPUETELYaV 0T LEAETN yLa TN OWOTH TAELVOUNON LEAQVWUATOC
ntav 56.0% (95% Cl:51.3-60.6), 76.3% (95% Cl:133 73.4-79.1) ka1 0.66 (95% CI:0.6—0.69), avtiotoixwg. H
kopmuAn ROC tou aAyopiBuou pe tnv KaAUTepN enidoon yla TV taflvopnon pelavwpatog nrav 0.8685
(Figure 7), n omola tav kaAUtepn armo tn cuvoAwkn entidoon (oe ROC curve) T000 Twv EL5LKWY, 600 Kall

TwvV e16kevopévwy Seppatoroywv (p<0.01 yia OAEG TIG oUYKpPLOELS).

AapBavovtag wg 6plo ocUYKPLONG TNV GUVOALKA gualaBnoia Twv el8IKwV SEpUATOAOYWV yLa TNV opon
talvounon twv BAapwy, n omola ATav TG TdEewg Tou 76.0%, 0 aAlyopLBUOG TeEXVNTHG vonuoouvng eixe
eldkOTNTA YyLa TNV Tavopnon 85.0%, unAotepn amnod auth Twv L8LKWV Tou ATav 72.6% (p=0.001).
Avtiotolya, n cUVOALKN evaloBnaia Twv el6IKwv SeppatoAoywv yla tn Staxeiplon (management) twv
BAaBwv ATav 89.0% Kal PE AUTO WG OPLo oUYKPLONG, N ELOIKOTNTO TOU aAyopiBuou TexvnTAg

vonuoaouvng Atav 61%, uPnAotepn amo auth Twv deppatoddywv nou Atav 51.1% (p=0.02)
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MpokKeLéVoL va SlepeuvhooUu e TN SuvaTtoTtnTa Twv oAyopiBwy TeEXVNTAG vonuoouvng va BonBricouv
otn Slayvwaon LEAQVWLOTOG, XPNOLUOTIOLNCAE TIG TTPOBAEWELS TOU aAyopiBOoU OTIG MEPLUTTWOELG OTIOU
n autornenoibnon twv readers otnv KAlpaka Likert Atav xapnAn (0-3). (Table 2) Autég oL meEPUTTWOELS
anotelovoav 10 51% Tou cUVOALKOU apLBOU TWV EKTLUNCEWV TWV ELGIKEVOMEVWY, KOL TO 26.6% TwV
el&IkwV depuatoAoywv avtiotolya. Metad tn xprion Twv npoPAEPewv Tou alyopibuou, n evatecbnoia
Twv eldlkevopévwy Seppatoloyiog avénbnke oe 72.9% anod 56.0%, pe avtiotolyn petwon g
eldkOTNTOG 0€ 72.6% amo 76.3%. H Stayvwotikn akpiBela Twv el6Lkevopevwy auvénbnke o 72.6%
(n=981 a6 10 cuVoALkd aplBpod BAapwv 1350) anod 69.4% (n=939). EmutAéov, avadopkd e TOUG
€L81kou¢ Seppatoloyoug, n xprion tou aiyopibuou odriynoe o avénon tng evalodnoiag toug o 80.8%,
arnd 76.0% mou ATav, eVvw KAt N €L8IKOTNTA TOUG yLa tn Sldyvwon peAavwpatog auéndnke os 72.8% amno

72.6%.

Table 2. Metpnon tng Slayvwotikig akpifelag yia tnv tagvopnon BAaBwy, pe Baon tnv avadepopevn
automnenoibnon otn dlayvwon, kKabwg Kal n cuvodog evalobnoia (sensitivity) kal eldikéTNTA
(specificity) yla Toug eldikeuopevoug Seppatodoyiag (residents) katl Toug e161koUG SEpUATOAOYOUC
(dermatologists). Ot readers avédepav péon auvtonenoibnon otn dtayvwon toug 3.7 (SD=1.51), pe toug

e161kol¢ SeppatoAoyoug va €xouv uPnAotepn automnenoiBnon amnd toug eldikeuopévoug (p<0.001).

Group and confidence level n (%) Sensitivity (95% CI) Pirena Specificity (95% CI) Pirena
Residents

0 7 (0.5) 100.0 (2.5-100.0) .54 16.7 (0.4-64.1) <.001

1 160 (11.8) 57.6 (44.1-70.4) 61.4 (51.2-70.9)

2 238 (17.6) 48.6 (36.9-60.6) 73.2 (65.7-79.8)

3 289 (21.4) 53.6 (43.2-63.8) 70.3 (63.3-76.7)

4 397 (29.4) 51.8 (43.1-60.4) 81.9 (76.7-86.4)

5 204 (15.1) 63.1 (50.2-74.7) 87.8 (81.1-92.7)

6 55 (4.1) 100.0 (80.5-100.0) 89.5 (75.2-97.1)
Dermatologists

0 26 (2.2) 75.0 (34.9-96.8) .002 61.1 (35.7-82.7) <.001

1 65 (5.4) 62.5 (40.6-81.2) 68.3 (51.9-81.9)

2 97 (8.1) 52.0 (31.3-69.8) 58.3 (46.1-69.8)

3 131 (10.9) 67.3 (52.9-79.7) 63.3 (51.7-73.9)

4 301 (25.1) 74.3 (64.8-82.3) 64.8 (57.7-71.5)

5 342 (28.5) 79.5 (70.8-86.5) 76.1 (70.0-81.4)

6 238 (19.8) 91.9 (83.2-97.0) 90.2 (84.6-94.3)
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Figure 7.

AwayvwoTiki akpipela tov alyopibuou pe thv kopudaia enidoon amnd to ISIC Challenge 2017, kabwg
KoL TWV eL8IKEVOEVWV Seppatoloyiag (residents) kat Twv eldikwv (dermatologists) mou cuppeteiyav
otn neA€Tn yua tig 150 elkoveg mou e€etdotnkav. H kaumAn ROC Selyxvel Tnv evalcbnaoia kat tnv
e161koTNTA TOU aAyopiBuou pe tnv kopudaia emidoon (UmAe KaumuAn). To CUUTITAYEG LOUPO KOUTL
Seiyvel TNV ouvoAikn eniboon Twv 8 el6IKWV SEPUATOAOYWV EVW TO SLOKEKOUUEVO LAUPO KOUTL Seiyvel

™V enidoon Twv eL8LKEVOUEVWY Seppatoloyiag, kabwg katl to 95% Confidence Interval toug.

1.00 1

0.90

0.80

0.70-
0.60 preees

0.50

Sensitivity

0.40

0.30

[ ] Dermatologists
0.20
.+ Residents
0.10

0.00

0.00 010 020 030 040 050 060 0.70 080 0.90 1.00
1 - Specificity

Area under ROC curve = 0.8685

35



Yulntnon, ISIC Challenge 2017, Reader Study

Ta amoteAéopata pog, o€ cuvSUAopd e AANEC £peuvec oto Tedio,?458 katadeikviouv otL Ta
veupwvika Siktua (deep neural networks) kot oL aAyopLBpolL TexvnTng vonuoouvng Umopouv va
TOEWVOAOOLV ELKOVEC LEAQVWHATOC B HeydAn akpiBeta. Ev ouykpioel pe to ISIC Challenge 2016,27:38
napatnpnoape BeAtiwon tng dlayvwotikng akpifelog tou adyopiBuou pe Tnv kopudaia enidoon
OUYKPLVOUEVO UE TOUG LATPOUG - readers tng LeEAETNC. AUTO To elpnua odnyel oto mBavo cuumépaocpa
Twg N enidoon Twv umapXOVIwWV alyopiBuwv ohoéva BeATiwveTal, evOEXOUEVWG AOYW TG UTIAPENS

HEYOAUTEPWVY KAl TIOLOTIKOTEPWV BAoewv SeSopévwy yia Tnv avamtuén autwy. 0

MoAOVOTL OPKETEG PEAETEG £XOUV Selel WG oL aAyopLBUOL TEXVNTAG VONUOCoUVNG £X0UV SLAYVWOTLKN
okpiBela epApAAN, av OXL OVWTEPN, AUTNE TWV KAWVIKWY Seppatoloywv o€ reader studies, akopo Kat
experts Tou Top€a, n Suvatotnta ehapPoynG TOUG oTtNV KALVLKA TIpan mapauével apdiBoAn.
MpokKeLUEVOU va SlepeuVHOOUUE aUTA TN SUVATOTNTA, UTTOAOYICOE AV KOL KATA TTOCO N Xprion Twv
npoPAEPewv Twv aAyopiBuwv Ba aAlhale tn Stayvwaon kat T Slaxeiplon, OTIG MEPUTTWOELG OTIOU O
LOTPOG EXEL XOUNAR auTtomenoiBnon otn dldyvwon Tou. € auTr TNV avaluchn BpnKape otL n
gualobnola, kat n cuvolAikn dlayvwoTtikn akpiBela twv readers avénBnKe LETA TNV TPOOBNKN TNG
POPAePNC Twv ahyopiBuwv. Nepattépw peAETeg xpeldlovTal, TPOKELUEVOU va SLEPEVUVICOUE Ta OpLa
(thresholds), ta omoia Ba ATav xprRowa otnv KAWVLIKA tpaén Kal Ba wdeholoav TOCO TOUC LATPOUG, OGO
KOlL TOUG aoBevelg, o éva eupl paopa KAVIKWY oevopiwy, LEAETEG TIG omoieg Nén die€ayoupe oto

voookoueio Avopéag Zuyypoc.

OLmeploplopol TnG £peuvag pag eivat ot €€nG: To test dataset mou XpnoLUOMOLACAE Yl TN LEAETN QUTH

Sev neplhapBave 6Ao To VPO Twv dAAOLWOEWV SEPUATOG, ELSIKOTEPQ, KAAOOIKEG KaAonBeig BAaBec,
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KOOWG KO ELKOVEC LEAQVWATWY LLE OTIAVIOTEPEC HOPPEC Kal epdavioel. EmumpooBEétwe, 6ANn n €psuva
£YLVE O€ €va TeXVNTO MepLPAAOV, EVW OL LOTPOL TTOU CUUMETELXAV 0Tn HLeEAETN Sev elxav mpocBaon os
oAa ta 6ebopéva ta onoia Aapfavouv oYLy Toug 6Tav EKTIHOUV Evav aoBevn e GUOLKN TTapouasia
(nAwia, ATOUIKO KOl OLKOYEVELAKO LOTOPLKO LEAQVWHOTOG, TO av N BAARN £lval CUUTTTWUATLKA K.qL.).
T€Aog, 6ev mpaypotonolnoape e€wteplkn, aveEaptntn entPefaiwon Twv AMOTEAECUATWY TOU
aAyopiBuou, n omola ivol onuavTikn MpoKeLEVoU va emiBeBalwBel To Katd moco oL MPoPAEPELG TwY

aAyoplBpwv TEXVNTAC VONHooUVNC UITopoUV vVa. YEVIKEUTOUV GTOV YeVIKO TTANBuoud.3!

ErtutAéov, oL cuykpioelg TNG SlayvwoTiknG akpiBelag Twv SepUATOAOYWY E TOUG OAYOPLBOUG TEXVNTAC
vonpoouvng yla tn Slayvwaon HeAoVWHOTOC LECW TwV reader studies Ba MpEmel va epunvelovTal Ue
poooxh. Mo GUOKEUN QUTOMATNG SLAyvWong HEAAVWUATOC, N omola eixe AdBel €ykplon amo tov Food
and Drug Administration (FDA) twv HMNA eixe &gifel uPpnAn evatodnoia yla tn dtayvwon PeEAAVWUATOC
KOlL 0TO va auAvel TOOO TNV evaloBnaoia, 600 Kal TN ELOLKOTNTA TWV LATPWY UETA OO KALVLKH Kall
SEPULATOOKOTIK EKTLUNON TOU 0.0BevoUC péow reader studies. °7 MoAatalta, n cUoKeLH QUTH
amnocupBbnke o 2017, kaBw¢g amodeiytnke Mwc dev eixe epapINAa amoteAéopata otnV Kabnuepvi

KALVIKN Ttpaén.

Autd Tou Stadpoporolel auth TN HeEAETN amd AAAeS avtiotolxeg, 2426 eivan mwe e€eTdoape T
SlayvwoTikn akpiBela Twv oAyopiBuwy TeEXVNTAG VONUOooUVNG XPNOLLOTIOLWVTOG pla Snuoola
npoofaotun Bacn Se50UEVWY LE SEPLOTOCKOTILKEC ELKOVEG, OL OTIOLEC UImOpOUV va Xpnotponotnbouv
QIO EPEVVNTEC VLA TIEPALTEPW MEAETEG KoL eTLBERALWON TWV OMOTEAECUATWY Hag. EmumAgoy,
OouYKplvape ) dlayvwoTiki akpiBela Twv readers pe auTr Tou alyopiBuou Texvntig vonuoouvng Ue TV
kopudaia eniSoon amnd to ISIC Challenge 2017,28 ypnowponowwvrac £tot T teAeutaio AéEn g

TEXVOAOYLOG KOL TNG EPEUVOC OTOV TOUEQ TIPOKELUEVOU VA TIPOXWPNOOUE OTLG CUYKPLOELg pag. Ta
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etnola ISIC Challenges yla tn Slayvwon LeEAAVWUATOG elval oL LEYOAUTEPEG CUVEPYATIKEC Kall
OUYKPLTLIKEG LEAETEG TNG OLUTOLATOTIOLNUEVNG QVIXVEUONG KAPKIVOU TOU SE£PUATOG LEXPL OTLYUNG Kall
£€Youv Kataotel onueio avadopdg yla tnv Epeuva otov TopEa auTo. Kabwe to apxelo pog Leyalwvel,
avapévou e va dlhofevou e etrota challenges pe Stapkwg avEavopevn Bacn dedouévwy,
oupunep\appfavovrag OAo Kal MepLocOTEPEC Slayvwoelg KabBwg Kal KAVIka SeSopéva Ta omoia gival
XpRolo otnv KaBnuepwvn mpaén. OL peléteg oL onoieg akohovBnoav (2018-2020) cupnepléAaBav 6Ao
TO €VPOC TWV KAPKIVWY S£pUATOC, OTIWE PACLKOKUTTAPLKO KOPKIVW LA, AKOVOOKUTTOPIKO KapKivwa
KOOWCE Kol ETUTPOOOETOUC HLUNTEC ToUC.28 EmunpdoBeta, ota mAaioto TnG SLATPLBAS KOG ETUXELPAOOLE
va enavefeTACOUE TO task 2 yla TNV amopovVwaon CUYKEKPLUEVWY SEPULATOCKOTILKWY XOPAKTNPLOTIKWY
pEow TnG Expert Agreement Study on Dermoscopy pelavokuttaptkwyv BAaBwv (EASY Study). O
EVTOTILOLOG CUYKEKPLUEVWVY SEPUATOOKOTILKWY XAPAKTNPLOTIKWY TTOU oUUIePLeAndOn ota ISIC
Challenges 2016 & 2017 enédelfe xaunAotepn eniboon Twv aAyopiBuwv cuykpLTIKA pe Ta dAAa duo
tasks kal ota mAaiola tng EASY Study, tnv omola Ba ekB£coupe oTnV OPELQ, ETUXELPHOAUE Va
enavanpoodloplooupe Ta SEPUATOOKOTILKA XAPOKTNPLOTIKA yLa T SLayvwaon omiAwy Kat

pelavwporoc.27:28

Yuunépaopa, ISIC Challenge 2017

JUUMEPAOCUATLKA, 0 0AyOpLOBUOC e TNV Kopudaia emidoon amo to ISIC Challenge 2017 £6¢c1ée
KOAUTEPN SLayvWOoTIKN akpiBeLo TOOO CUYKPLTIKA LE TOUG ELSIKEVLOUEVOUC SepaToAoyiag, 0G0 Kol e
experts, oL omoiol e€elbikeVovtal otn Slayvwan kat T Beparmeia Tou Kapkivou Tou S€pUATOG, OTO
TEXVNTO epLBAAAOV plag reader study. H evatoBnoia kal n cuvoAlkr SlayvwoTikn akpiBela Twv LATpwV
BeAtiwOnkKe, HeTA TNV TPOoBNKN Twv TPoPAEPEWY Twv aAyopiBUwyY, OTLG TIEPUTTWAOELG OTTOU oL KALVIKOL

Lotpol avédepav HelwpPEVn autonenoibnon wg mpog tn Sltayvwaon Toug, deliyvovtag £1al, Twg oL
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aAyoplBpuol TexvnTng vonuoouvng Ba pnopouaoayv va £Xouv pOAO 0TNV KALVIKA TIPAEN O Eva TETOLO
0evapLo. MeAAOVTIKEC LEAETEC OL OoTtoleg Ba XpNOLUOTIOLo0OUV TOUG aAyopiBoug KoTa Tn SLApKELA TNG
e€€taong evog aoBevoucg elval avaykaieg mpokelpévou va emiBefatwbolv autd to apyxLKA
anoteAéopata, evw &N Sle€ayoupe ula TEtola PEAETN 0TO VOoOKOopEio Aspuatikwy kKot Abpodiolwv

Noonudtwy «AvSpEaC SUYYPOC», LE UTTOOYOMEVA ATTOTEAECUOTAL.
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Alepelivnon TwV MELOVEKTNMATWY TWV aAyopBuwy Texvntng

Nonuoouvng yla tn dtayvwon S€pUATOAOYIKWY TTaBNoEWV

Eloaywyn

Yta mAaiola g €peuvag pag mpoomadnoape va SLEPEUVIICOULE TOOO TN SLayVWoTLKN akpipeLa,
000 Kot To generalizability umapyovtwv alyopiBuwv texvntn¢ vonuoouvng yla tn Slayvwaon
Sepuatoloylkwy Mabnoewy, Kot eL8IKOTEPA yLa TN Sldyvwaon Tou Kapkivou Séppatoc. MNa autd 1o Adyo
Sle€ayape duo epeuvnTIKEG Mpoomabeleg emaAnBevong dnuoota Slabeatpwy, SLayVwoTIKwy

aAyopLOpWY TEXVNTAC vonpoovnc.58:59

Automated Dermatological Diagnosis: Hype, or Reality?31

To 2018 ot Han et al. ékavav pLa e€alpeTIKA onUAvVTLKA cuvelodopd otnv edapuoyn Tng
Texvntng¢ Nonpoouvng otn dtdyvwon Seppatoloylkwy abnoewv. MoAovoTL TPoNYOUUEVEC EPEUVNTLKEG
npoonabeleg iyav delfel mwg oL aAyoplBUOL TEXVNTAG VONUOoUVNG UITOPOoUV Vol SLayLlyVWOKOUV TOV
KOpKivo Tou S€ppatog pe akpifeta epautAAn autn¢ Twv KALWVIKWY Latpwy, ol Han et al. Atav ot mpwTtot ot
ormolol ékavav tov aAyoplBuo toug dnuocta dtabeoiuo yio e€wteplkn eMaAnBeuon TwV EUPNUATWY
T0U(.38:55:56.60 O gy Adyw akyopLBpoc eixe ekmatbeutel og 12 SLyYVWOELC OL oMol GUpMEPLEAdBavaAY
To peAavwpa, To BCC, to SCC, to SCC in situ, TNV AKTLVLKA UTIEPKEPATWON, TN CUNYUATOPPOIKN
UTIEPKEPATWON, TOUG LEAOVOKUTTOPLKOUC OTtIAOUC, TNV NALaKn dakr), TO AlLAYYELWUA, TO TTUOYOVO
KOKKlwQ, To Seppatoivwpa Kot TG puppnkies. Npokelpévou va Slepeuvrocoue To generalizability tou
aAyopiBuou Toug ot évav Eexwploto MAnBuopd acbevwy, emhé€ape 100 kapkivoug S€pUaTtog, oL omoiotl

giyav unootel BloYia kal oL omoiotl S1€BeTav lkoveg UPNARG OLOTNTAC Kal EVKpiveLag. OL ELKOVEG
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QUTEG amotelouvtav amnod 37 elkovec pedavwpartoc, 40 elkoveg BCC kat 23 elkdveg SCC, ol omoleg ivat

dnuoota mpooPaotpec oto ISIC-archive (https://isic-archive.com/#images, dataset name: 2018 JID

Editorial Images).

To dnuodaolo auto dataset amoteAeitol amno 15 in situ peAavwpata kat 22 SinOnTka pedavwpata, Ye
HUEoo 6po Breslow thickness ta 0.6mm (0.1-3.1mm), evw ta 14 ano ta SCC Atav SCC in situ kat ta 9 Atav
SinOnTika. OL BAaBeg evronilovtav otov tpdxnAo/keddlt (n=26), otov kopuod (N=21), ota dvw akpa
(n=30) kot ota kdtw akpa (n=23), n Leon nAkia twv acBevwyv NTav ta 66.8 €tn, 67% Twv acBevwv ATav
avdpeg, evw 0Aeg ol BAAPeg rou ipogpyovtav amno Kaukaoloug acBeveic otig votieg HMA. AkoAouBwg,
aveBAOCAUE TIG EIKOVEC AUTEG 0TV SLadLkTuakn ebappoyr twv Han et al. n onoia gival StaBéoiun oto

http://dx.medicalphoto.org/.

ZUVOALKA 0 aAyopLBuog Twv Han et al. Bprike tn cwotn totonaboloyikni Stayvwon oto 29% twv BAaBwv
(Table 3). AapBdavovtag urtoPv kat TG 5 SLayvwoeLg TIou PocEdePE 0 AAYOPLOUOG WG ATIOTEAECHA OTN
Sladopikn Tou dtayvwon (aveéaptitwg mbavotntag), N cwoth didyvwon cupnepAndOnke oto 58%
Twv BAaBwv. Ae SlamotwOnKe Kapia oTATIOTIKA onUavTiki Stadopd avdapeoa otig BAABEC oL omoleg
taflvoundnkav cwotad kot AavBaopéva (0.711 vs.0.715, P = 0.94, paired t-test). Avopopikd HE TIG
ELKOVEC HEAQVWUATWV OL oTtoieg cuumepANdOnKav otn PeEAETN pYag, To peAavwpa Atav n 1" dtayvwon
oto 13.5% twv neputtwoswy (5 amno 37), pe péoog (range) mbavotnta 0.82 (0.42-0.99).
Juuneplthapfavovtac Kal TG 5 Sltayvwaoelg mou o alyopldpog npooédepe we Stadopikr dtdyvwaon, To
peAdvwpa cupmeplapBavotay oto 35.1% twv neputtwoewy (13 amno 37), pe péon (eVpog) mbavotnta
0.43 (0.02-0.99). Avapeoa oTLg 8 ELKOVEG LEAQVWOTOC OTIoU N Sldyvwaon Tou peAavwpotog ntav 2" A 3"
rmBavoroyika Sltayvwon To péco (range) score mBavotntag nrav 0.18 (0.02-0.037). Ta amoteAéopata

pag €6el€av otL n evaloBbnoia tou adyopiBuou Twv Han et al. mou dnpoctevtnkav to 2018 oto Journal of
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Investigative Dermatology, kat eldikotepa N evalodBnaoia tou yla tn Sldyvwon LEAQVWUATOG NTav
ONUAVTLIKA LELWPEVN OTav edapUooTnke o€ BAABeC mpoepyoueveg and SladopeTikd MANBUCUO ano
OlUTOV OTOV OTtoL0 eKTALSEVUTNKE TO PovTéNO Al, meplopilovtag 1oL To generalizability tou. TéAog
SLAMIOTWOAUE WG XELPLOUOL WG TTPOC TN PWTELVOTNTA ) TNV avTiBeon TG €lKOVAG Umopouv va

ENMNPEAcOULV TO anotéAeopa Tou aAyopiBuou (Figure 8). 31

Multiclass artificial intelligence in dermatology - progress but still room for improvement32

To 2020, ot i6lot cuyypadeig eMEKTEVAV TOV SLAYVWOTLKO TOUG 0AyopLBpo Al, poKeLpévou va
oupuneplhaBouv 174 Stayvwoelg, eknaldevovtag tov o 220.680 elkoveg, kal emainBbelovrag ta
AMOTEAEGUATO TOUC yLa 134 £k TWV SLAYVWOEWV AUTWV Kot Le eEwTepLkd dataset. 29
Mpokelpévou va emaAnBeloOUE TO OMOTEAECUATA TOUG, Kal Vo eEETACOUE av BeATLWONKE TO
generalizability tou aAyopiBuou toug, xpnowuomnotoape Tig idteg 100 BAABeG mou xpnoLponol)énkav
KoL oTov aydptBpo tou 2018. 31 AveBdoape Tic BAGBEC oTn Sladiktuakr EbopHoyr TOU KovoUpyLou

oAyopiBuou petalt 7 kat 9 Anpihiov 2020 (https://modelderm.com/). H Stadiktuokn autr spapuoyn

ETUTPETIEL OTOUC XPNOTEC va eTIAEEOUV pLa Tieploxn evlladépovtog (region of interest - ROI),
TETPAYWVOU OXNUATOG KoL Pe pHéEyeBoc 250pixels-by-250pixels evtog Tng elkova Tou £xet kKatatebel. H
gmAoyn autou tou ROI yilvetal pelwvovtag Tn HeyEBUVON TNG ELKOVO KoL TOMOBETWVTAC OTO KEVTPO TOU

niediov.

MPayUATOMOLCAE UL OELPA aTtO TECCEPQ TIELPAUATA. 2T OElpa uploads mou meplypadeTal Ao TIg
odnyieg xpnong kat kataypadape wg ‘intended use’, emAé€ape wg ROl auto to onolo (i) eixe tn BAGBN
OTO KEVTPO Kal (ii) kdAuTtte ~80% tng BAAPNG. Enetta avefdaoape Tig idleg BAAPEC KL TPOCAPUOCAE TO

ROI wote n BAaBn va ival ektdg Tou KEvtpou tou Tiediou, ‘intended use off-center’. Tautdxpova,
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xpnotpornotioape to ‘drag and drop’, 6mou XpnoLOTOLCAUE TN LEYEBUVON TTOU EMEAEYE QUTOUATA O
aAyoplBpuoc. TEAoG xpnolponolnoape Kot To “1x magnification’, dmou tomoBetioape tn PAAPN oTO
KEVTPO KaL IPOCOPUOCAE TN HEYEBUVON WoTe va KAAUTITEL TO peyaUtepo Suvatov nedio (6co
gyyutepa otn pey£buvon 1x ntav duvatov). MNa kabe slkdva, Kal yla Ta 4 MEPAPATA, Kataypaape Tig
Tpeic mpwteg Slayvwoelg Tou alyopibuou kabwg Kat Tig MBavATNTEG IOV TOUG avtloTolyouoay.
ErtutAéov kataypaape tnv mbavotnTa ylo KakonBeia mou £81ve w¢ anotéEAeoua 0 alyopLlouog,
‘malignancy probability’, To omnoio gival to dBpolopa Twv MBAVOTATWY TToU TAPAYEL 0 AAyOpLOUOG yLla
pehavwpa, BCC kat SCC. Ynoloyioapue T top-1 accuracy, top-3 accuracy, Kal to average Kal standard
deviation (SD) okop kakonBelag (malignancy score). H evaloBnoia tou aAyopiBuou unoAoyiotnke

XPNOLLOTOLWVTAC TO 6pLo Tou 10% yia mbavotnta kakonBeLag, pe Bdon tn Snpocieuon Twyv Han et al.??

H ouvoAikn top-1 kat top-3 SlayvwoTikr akpiBeLa Tou VEOU HOVTEAOU ATV BEATIWUEVN CUYKPLTIKA LE
autr) tou 2018 (top-1: 39% vs. 32%, p=0.38; top-3: 63% vs. 60%, p=0.77) (Table 4). H StayvwoTikn
akpiBela yla to peAavwpa BeEATLWONKE CNUAVTIKOTEPQ, CUYKPLTIKA LE TOUG GAAOUG KOPKivoug S€pUATOG
(top-1: 29.7% vs. 13.5%, p=0.16; top-3: 56.7% vs. 35.1%, p=0.10), woTOCO O€ ANMOAUTO TTOCOOTA
napépeve xapnAn (Figure 9). H top-1 Stayvwotikn akpifeta Atav uPnAotepn yia to BCC (55%),
akoAouBoUpevn arnd to pehdvwpa (29.7%) kat to SCC (17.3%) (X?=8.6, p=0.01). O pécog 6pog Tng
ruBavotntag kakonBetag (SD) twv 100 elkdvwy Kapkivou Tou Séppatog ntav 41.1% (30.4),

katadelkvuovtag otL to model calibration emdéxetal BeAtiwong. (Table 4).
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YulAtnon

MoAovoTL kamolog Ba UmopoUoE va EPUNVEVCEL TA ATTOTEAECUOTA LAG WG EVOELEELG XA UNANC
enidoong Twv ev Aoyw alyopiBuwv, eival onuavtiko va AdBoupe umtoLv TouG EYYEVELC TTIEPLOPLOUOUG
KOLL TLG T(POKANOELG TIOU OXETL{OVTAL LE TNV OLUTOUATOTOLNUEVN SLAYVWaon Tou Kapkivou S€pUATOG.
Avadoplkd pe Tov aAyoplBpo tou 2018, poAlg 20.000 elkOveg xpnoLpomolnOnkay yla tTnv eknaideuon

TOU aAyopLlBuou Toug, Kat €€ autwy, LOALS oL 6.000 ATav €LKOVEG KoKoNBELag.

Y& audOTEPEC TIC EPEVVEC Hag Pprkape teploplopevo generalizability twv aAyopiBuwv os éva ewteptkd
dataset, evw n top-1 kat top-3 StayvwoTtikn akpifela yia pedavwpa, BCC kat SCC Atav xapnAdtepn ano
auTn TNV omoia avédepav oL cuyypadeic. Evtonicape 6tL n SlayvwoTtikn akpifela Tou alyoplBuou
efaptartal o peyadho Babuod amno tn peyebuvon Ue tnv onoia Ba umtoBAnBel pLa elkdva mpog avaiuon,
TO QVATOULKO onpeio omou Bpiokovtav ot PAAPEG, KABWE KOl ATO TO AV Ol ELKOVEG E(VAL TIPOCEKTLKA
tonoBetnuéveg oto KEvIpo Tou ROL. Ta euprpoTa Hog UTA elval CUMBATA e OVTIOTOLXEG EPEUVEC OL
ormoleg £xouv Seifel OTL oL ahyoplBuoL autopaTng Stayvwong SepUaToAoyLlkwy abroewy Hmopouv va
EMNPEACTOUV OO TAELASA TTAPAYOVTIWY, LETALY OLUTWVY TOU ‘image noise’, Tng mepLotpodng Twv
EIKOVWV, TWV MAPEUBACEWY WC TPOG TN PWTELVOTNTA KOL TNV AVTIBECSN TWV EIKOVWY, KABWC KAl amo pen
markings.31:61-63 Eriméov, pua ouxv kpttik n omolo aokeital oToug EpEUVNTES TWV OAyopiBHwY
TEXVNTNC VOonUoouvng, OMwe Kal oto iSto to ISIC-Archive, meplAapBavel Tov meEPLOPLOUO WE TTPOG ETTL TO
mAelotov Kaukaoloug acBeveic, €xovtag £T0L TEPLOPLOUEVN TTOLKIALO WG TIPOC TNV EUPAVION KATIOLWY

voonudtwyv.84

44



Karmolot evéexopevol Tpomol BeEATIwWoNG TwV SLayVwoTIKWY aAyopiBUwyY yLa TNV UTOLATOTOLNUEVN
Slayvwon SepUATOAOYIKWY VOO LATWY, KoL EL8LKOTEPQ, KapKivou §€puatog cupmeplthappfavouy: 1. Tn
XPron MPOTUTIONMOLNUEVWY HEBOSwWV yla TNV ANPn dwtoypadlwy, wote va napayovtal standardized
datasets, 2. Tnv exnaidevon Twv alyopiBuwv autwv os oAU eupeia datasets, Ta omola Ba
nepAappavouv pwroypadieg amno notkhio pwrtoypoadikwy eEomMAlouwY aAAd Kot dtopa SLadopeTIKAG
dUANG, nAwkiag, dUAoU wote Ta training set va mepltAapBAvouv pLa eupUTEPN MOLKIALO TTApoUGioong
SepUaToloyLkwV Voo LATWY Kal cuvakoAouBa va eival eukoAdtepo to generalizability Twv

QMOTEAEOUATWY TOUG.

Table 3.

JuxvoTtNnTEG yla to cross-classification petafl otomaBoloyikng SLdyvwong Twy elkOVWV Tou dataset pag
KoL TNG Bavotepng SLAyvwang Mou TAPElXE WG AMOTEAECUA 0 aAyOopLlOUOoG, KaBwg Kol 0 LEGOG OPOG TNG
TOAVOTNTAC CUGKETLONG HE TV aKPLBR Stdyvwon yla tov aAyoptBpo tou 2018. 6

Web app categorization

Histopathologic Basal cell Intraepithelial Squamous cell Actinic Seborrheic

diagnosis Melanoma carcinoma carcinoma carcinoma Hemangioma Lentigo keratosis Nevus keratosis Wart Total

Melanoma 5 2 6 3 1 12 1 5 0 2 37
0.82 0.96 0.70 0.59 0.96 0.82 0.94 0.65 0.82

Basal cell 0 19 10 1 3 1 1 2 1 2 40

carcinoma 0.68 0.78 0.64 0.83 0.81 0.98 0.74 0.37 0.57

Intraepithelial 0 6 4 1 0 1 1 0 0 1 14

carcinoma 0.59 0.83 0.51 0.52 0.46 0.85

Squamous cell 1 1 4 1 0 0 0 0 0 2 9

carcinoma 0.17 0.46 0.87 0.30 0.36

Total 6 28 24 6 4 14 3 7 1 7 100

The bold values represent the “correct” diagnosis.
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Table 4: AlayvwoTtikn akpifela avaoya pe tn Sldyvwaon, Tov alyoplBio mou xpnoLomnoltitnke Kot tnv

TELPOUATIKY H€B050.56:59

Accuracy, n=37

Han et al 2020 174-disease algorithm Han et al
2018 12-
disease
algorithm
Intended | Intended | Drag and 1x Intended
Use Use, Off- Drop Magnification Use
Center
Overall Top-1 39% 37% 28% 24% 32%
Accuracy, n=100
Overall Top-3 63% 65% 65% 48% 60%
Accuracy, n=100
Overall Top-Any - - - - -
Accuracy, n=100
Melanoma Top-1 29.7% 29.7% 16.2% 2.7% 13.5%
Accuracy, n=37
Melanoma Top-3 56.7% 56.7% 59.4% 18.9% 35.1%
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Melanoma Top-Any - - - - -

Accuracy, n=37

Malignancy 41.1% 40.9% 41.3% 32.3% -
Probability, mean (30.4) (29) (26.7) (26.4)

(SD), n=100

Sensitivity 77% 80% 83% 70% -
(malignancy

probability 210%)

Figure 8.

MeTtaBoAn TG TaEvOpnong Tou aAydptBuou tou 2018 péow XelpLopol tng ekovags 96 (a, b)
BaolkokuTtaplko kapkivwpa. H apykn elkova petaBAndnke auvéavovtag tn peyéBuvaon, KAvovtag Tov
aAyoplBpo va Swoet StadopeTikni Tagvounan. TNV €kOva (a) To amotéAeopa tou aAyoplBuou nTav
ednAida (99.2% confidence) evw otnv elkova (b) Baoikokuttaplko kapkivwpa (96.9% confidence). (c, d)
MeAhavwpa. ITnv apxikn ikova (c) petaPAndnke n dwtewvotnta kat n avtibeon (d). O alyoplBuocg ekave
Sladopetko classification otig U0 €lkOVEG pe TNV €lKOVA (C) va Talvopeital wg peAdvwpa (99%
confidence) evw n ewkéva (d) tavopndnke wg atpayyeiwpa (98% confidence). (e, f) MeAdvwpua. H
apxLkn ewova (e) petaBAnbnke aAlalovrog tov npocavatoAlopo tng BAaBng (f) kat o alyoplBuog
avtiotoya LeTERAAE TNV TafLVONON TOou. H apxikn elkova taglvoundnke wg epnAida (74% confidence),

peAdvwpua (12% confidence),
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oriloc (5% confidence), evw n ewkéva (f) talvopiOnke wg pehavwpa (40.5% confidence), ednAida (32%
confidence), omihoc (24%confidence). OAeg oL elkOveg tpogpyovtal amod To International Skin Imaging

Collaboration Archive (https://isicarchive.com/#images, dataset name: 2018 JID Editorial Images)
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Figure 9.

KALVLIKEG ELKOVEG 5U0 PEAAVWHATWVY KO ME TLG TECOEPLG TELPAUATIKEG CUVORKEG TTOU
XPNolponocape, To onoia Stayvwodnkav AavBacpéva and tov aAyopiduo twv Han et al.>®
Melanoma in situ (A — D). A. ‘Intended use’, 1" Stdyvwon opokepatwon (mbavotnta 27%) B.
‘Intended use, off centered’, kUpLa Slayvwon mopokepdtwon (mBavotnta 27%). C. ‘Drag and drop’,
kUpLa Stayvwon lentigo (mBavdétnta 67%). D. ‘1x magnification’, kUpla Stdyvwon lentigo (mBavotnta
51%). Melanoma 0.2 mm thickness (E-H). E. ‘Intended use’, kUpLa Stayvwon AsUkn (mBavotnta 33%).

F. ‘Intended use, off centered’, kUpLa S1dyvwon Asvkn (mBavotnta 27%). G. ‘Drag and drop’, kUpLa
Slayvwon ouAn (mBavétnta 35%). H. ‘1x magnification’, kUpla Stdyvwaon pun eldkn BAaRn, (mbavotnta

52%).

- Y
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EppnVEUTIK) TpooEyyLon TNC EPaPUOYNG TWV aAyopiBuwy TexvnTAg
Nonuoouvng yla tn dlayvwon Tou Kapkivou 0€PUATOC OTNV KALVLKN

npaen.

Onwg ekBEoape kal oTNV eLoaywyn, N €ykalpn SLayvwan Kal n XeLpoupyLkn adoaipeon tou
KOPKIvOU SEPPATOC, Kal ELGLKOTEPO TOU HEAQVWIATOC, £lval 0 KUPLOG TPOTOC HElWONC TN BvnToTnTag
KOLL TNC voonpoTtnTac amd autolg touc oykouc. 1921 Yridpyel pio metdSa epmopikd SLabéoipuwy, pn
EMEUPATIKWY GUOKEU WV, OL OTIOLEG UTTOPOUV va Xpnotpomnotnfolv Kotd tn SLapKeLa TNG KALVLIKAG
€€ETAONC TTPOKELUEVOUL va SLEUKOAUVOUV TN SLAyVwaon ToU HEAAVWLATOC, CUUTEPIAOUBAVOUEVWY TWV
Raman spectroscopy, multispectral instrumentation kot epappoywv Texvntrg vonuoouvng,

EVOWHATWUEVWY o€ cuoTApata Pndtakhc Seppotookdnnong.t”-65-68

Y€ YO ONUAVTIKY cUVELoPOPA OoToV TOUEN TNG £yKalpng Sldyvwaon Tou pedavwuatog, ol Maclellan et al.
Slepevvnoav TNV evaloBnoia kat tnv €L8IKOTNTO TTOU TIPOOPEPOUV TPELG OO AUTEC TLG CUOKEUVEC, Kall
ouykekpLUéva ta FotoFinder®, Melafind®, Verisante Aura™, cuykpivovtag TeG U TIG AVTIOTOLXEG EVOG
KALVIKOU Sepuatoldyou, Kal evog el8Lkou ot Seppatookomnnon og 209 pehavokuttoplkég BAaBeg os
184 aoBeveic ol omoieg unePAOnoav oe Bowia.®? Ttnv épeuva Toug auth Bprkav Mwe o ELBIKOC 0TN
Seppatookdénnon, o onoiog ékave teleconsultation, eixe evaloBnoia 84.5% kat eldikdTNTO 82.6% yLa
Slayvwon peAavwpatog, o KAWVIKOG Sepatoloyog eixe evaloBnoia 96.6% kat el6kotnTa 32.2%, EVW OL
KN eMeUPATIKEG CUOKEUEG elxav avtiotolya evatoBnoia kat eldikdtnTo: MelaFind® 82.5% kal 52.4%,
Verisante Aura™ 21.4% kol 86.2%, evw to FotoFinder® Moleanalyzer Pro (88.1%, 78.8%). Zta

CUUMEPACHOTO QUTAC TOUC TNG LEAETNG KATAARYOUV WG 0 OAyOpLBUOC TEXVNTNE VONOoUVNG TToU ival
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EVOWHATWHEVOG 0To cuoTnua Pndlakng Sdeppatookonnong FotoFinder® Ba pmopouoe va amodetybel

KALVLKQ XPNOLUOG e BAon TLG EMSOOELG TOU yLa TN SLAyVwaon HEAAVWUATOC.

MPOKELUEVOU va SLEPEUVHOOUUE QUTH TNV UTIOBECN, KABWE KaL YLO VOl UITOPECOUE VA AELOAOYIGOULE
gv yevel TNV edbappoyn tng Texvntig Nonpoolvng otn depuatoloyia ev yEVEL, Kal EL8LKOTEPA OTOV
KOPKLVO TOU S€pUatog, apxikd mpoonabnaoaue vo emaAnBgUCOULE TO EUPAUATA TNG LEAETNG AUTNC Kall
EMELTA eMIXEIPoape pia StadopeTikn pooéyylon otn Stadikacia AfPng tng amodaong yia Blogia
pLag vrtortng PAEPNC.33 Oa Atav BePLacuévo va eEdyoupe cupmepdopata yia o generalizability Twv
gupnuatwyv twv Maclellan et al. Baowlopevol og auth Toug TN HeAETn, dedopévou OtL to dataset Toug
elxe peyadho bias wg mpog Tov EMMTOAACHO TOU HEAAVWUATOG (28.2% Ttwv BAaBwv ou cupnepAndOnkay
oTn HEAETN ATV HEAGvwa), Kal gival paAlov apdifolo OTL Ta amoTEAECUATA WG TIPOC TNV evalcOnaoia
KOLL TNV ELOLKOTNTA TWV CUCKEUWV TIOU XpnotpomnotiBnkav Ba Atav ta idla og évav yeviko mAnBuouo, Ue

TOAU meplocotepec kahonBelg PAAPeg.

ErmunpooBeta, éva onpelo To omolo dev €xel Toviotel Slaitepa eival 6tL pnopet va ivot SUokoAo va
OUYKPLVOULLE TNV EVOEXOUEVN XPNOLLOTNTO OVTOYWVLOTIKWY SLOYVWOTLKWY OTPATNYLIKWV
XPNOLLOTIOLWVTOG MAPad0ooLaKa HETPA Yl TNV Taflvopnon tng SlayvwoTikng akpifelag, omwg
guvaloBnoia, eldikdotnTa KAl Area Under the Curve (AUC). Mia evaAAOKTLKN TIPOGEYYLON TIOU
TPOTEIVOUE, KaL N omoia evoeEXOUEVWG VoL UIOPEL val Bpel pLa B€on otnv afloAdynaon TG XpnNoLUOTNTOS
Twv edpappoywv Texvntig Nonuoolvng, sivat autn tou Net Benefit kat Decision Curve Analysis
(DCA).70:71 Apxikd xpeLdiletal va kaBopiooupe To onpeio avtaAaync HLeTofl Suo SLadOoPETIKWY
AMOTEAEOUATWY, OTWCE TN BloPia evog pedavwpatog vavit Tng Bloiag evog omidou. Q¢ BewpnTiko
mapadelya UmopoU e va eKAABou e OTL vag SepaToAOyog Unopel va BewphoeL OTL TO ‘KAKO’ TTou

npofevei n Blowia 9 onidAwv, SnAadn kaAonBbwv pehavokuttaplkwy BAaBwy, LOOUTAL LE TO ‘KAAO’ -
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benefit, tn¢ Browiag evog pedAavwpartoc. Auto mapayel éva exchange rate 1:9 kot avtiotolya €va
probability threshold tng td§ewg tou 10%. Katd avtiotolyia, évag Seppatoloyog Ba tav mpobupog va
nipoPel og BoPia piag pedavokuttaptkng PAABNG eav To pioko n ev Adyw BAAGBN va eival peAdvwpa
elval Tng tagewg tou 10%, aAAG OxL av sival 9% | ikpoTtepo. To exchange rate, n evacOnaoia kat n
el81KOTNTA pLag SlayvwoTiknG HeBodou xpnotpomololvTal mpokelpévou va tapaxBel to Net Benefit
(Net Benefit= (true positives/n) — [(false positives/n) x (weighting factor)]. weighting factor = threshold

probability/(1 — threshold probability).

Emteldn umo Stadopetikég ouvOnkeg mBava petafarietal o exchange rate, ol eppotoAdyol Kal ot
aoBeveig eni napadeiypoatl pnopei va €xouv Sladopetikd exchange rate, eival xproLo va utoAoyLoTel
to Net Benefit o€ éva peyalo eUpog KALWVIKWY TLOAVOTATWY Kal oevapiwv, To onoio mapayel to Decision
Curve. Ta ) peAétn twv Maclellan et al. unoAoyicape 1o eUpog auTo petal 5% kat 10% yia tnv Blogia
evOC pehavwpatoc.59 Xpnotpomnowwvrac ta otoleia yla T StayvwoTikh akpifeLa mou mapovsiacay otn
peA€Tn Toug urtohoyioape ta Decision Curves yLa TG 5 TEPAUATIKEG CUVONKEG TTOU TAPOUCLACTNKAV
(e1dk6¢ oTN SepaTOOKOTNON, KALVIKOG SEPUATOAOYOG KL OL 3 EUTIOPLKA SLOOECLUEG OUOKEUEC).
JuyKeKpLUéva, uTtohoyioape ta Decision Curves yLa T avTaywVIOTIKEG SLOYVWOTIKEG HeBddoug og OAo
TO €UpOC, arod To va udiotavral Bloia 6Aeg ol BAAPeS (evaitoBnoia 100%, eldikdtnTa 0%) £WG TOU VA

pnv udiotatal o io kapia amnod tig BAaBeg (svatoBnoio 0%, eldikdtnTta 100%). (Figure 10)

Bprkape otL n BEATLIOTN IpoaEyyLlon e€aptatal ev moAloig anod to probability threshold. Edv to 6plo
QUTO gival g Tafewg Tou 5%-7% (exchange rates amd 19:1 éwg 13:1), o KAWVIkOG deppatoloyog, o
omolog SLaBEtel kal tnv uPnAOTEPN EVALOONOLO CUYKPLVOEVOC LIE TIG UTIOAOLTTEC TIELPAULOTLKEG
uebodoug, £xeL to uPnAotepo Net Benefit. Eav auénooupe to emBuunto probability threshold oto

€UPOG 8% €wg 10% (exchange rates amd 12:1 €wg 9:1), To cvotnpa Texvntng Nonpoouvng tou
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FotoFinder €xeL to unAotepo Net Benefit. Qotdco, ol anoAuteg Stadopég oto Net Benefit petafl twv
oTPATNYKWV oL omoieg mephaupavouv BloPia oAwv twv BAaBwv, BloPia Twy BAaBwv pe Baon tn
Slayvwotikn akpiBela tou kKAvikoU Seppatoloyou, kal Bloia pe Baon To amotéAsopua tou aAyopiBuou
tou FotoFinder eival pikpég og autd ta thresholds, eldka pe éva dataset o onoio nephappavel t6co
MEYAAO TIocooTo kakonBewwy (28.2%). MoAatauta, n xprion tou Net Benefit kat twv Decision Curve
Analyses, Ba pmopouoe va sival £vag xpnoLog Seiktng yla tnv afloAdynon tng SlayvwoTikng akpiPfeLag,
KOlL TNG XPNOLUOTNTAC TTou Ba propouacav va £Xouv oL aAyoplBpol Texvntrg Nonpoouvng otnv KALWVLKNA

mpagn.

Figure 10.

Decision Curves yLa TG SLoyVWOTIKEG TIPOCEYYLOELG TTOU XphoLpomnol)nkav and toug Maclellan et al.
éyovtac to Net Benefit w¢ petaPAnth tou threshold probability.59 Avdpeoa otic Stadopetikéc
npoaoeyyioelg, n Bohio 6Awv Twv PAapwv £xel To uPnAotepo Net Benefit yia threshold probabilities
arnod 1% €wg 4%. Bioyia pe Baon tov kKAVikd SeppatoAoyo xel to uPnAotepo Net Benefit yia threshold
probabilities amno 5% £wg 7%. Kai Bloyia PAaBwv pe Bdon ta anoteAéopata Tou adyopiBuou Tou

FotoFinder €xeL to unAdtepo Net Benefit yia threshold probabilities ano 8% £wg 10%.
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Meplypadn VEWV SEPLATOOKOTILKWY KpLtnplwy yLa tn SLtdyvwaon Tou
KapKivou SEpUATOC KO ULNTWY Tou Kal n Expert Agreement Study on

Dermoscopy HeEAQVOKUTTAPLKWY BAaBwv.

Onwg neplypald ape Kot oTnv eLcaywyn, N SEpUATOCKOMNGN £ival pla eVXPNOTN, KN EMEUBOTLKA
TEXVLKN, N omola £xel amodelyBel OTL BeATIWVEL TN SLAYVWOTLKA OKPIBELA TWV KALVIKWY LATPWVY yLa TN
Stdyvwon tou kapkivou §€éppatoc.23:72 Ta tedeutaia 30 xpovia £xouv KatoPANBEL ONUOVTIKEC
TPOOTABELEC yLa TV Tieplypadr SEPUATOOKOTIKWY SLayVWOTIKWVY KpLtnpiwy Ta onola fonBolv otn
Sladopikr SLdyvwon Tou KapKivou Séppatog amod kahonBelc PAABES ou pmopet va tov ppovvtal.’3-85
H avayvwplon autwv Twv Kpttnplwv £xel onpaivovta poAo Katd TNV KAWLIKN €€€Taon ULag UTTOTTNG
BAGBNC yLa kapkivo S€ppatog, evw Urnopel va SLadpapaTiosl onUavTIKO poAo Kal yLa Tnv eknaideuaon
TwV aAyopiBuwv Texvntric Nonuoouvng Machine Learning mpokelgévou va auvénBel n dtayvwotiki Toug

aKpiBeLa,30:38:39.86

Kata tn dtapkela tng SLatplprg autng mpoPRkaue otnv neplypadn KavoUupylwyv SEPUATOOKOTILKWY
KpLtnpiwv T000 yLa tn S1dyvwaon Tou LEAQVWHATOG, OG0 KAl TOU BACLKOKUTTAPLKOU KAPKLVWUATOG,
KOBwG KaL EVOG cUXVOU ULNTH Tou Kapkivou §€puatog - Tou Lichen Planus-Like Keratosis (LPLK). TéAog,
TIPOKELUEVOU TO SEPUATOOKOTILKA KPLTAPLA VA UITOPoUV va Xpnatpomnolnbouv yia tn Stdyvwaon Tou
peAavwpatog, xpelaletal va eivat afLlomota Kal avanapagipa, yio auto to Adyo poPrKaE Kal oTnv
npwtn Expert Agreement Study on Dermoscopy pelavokuttaplkwyv BAaBwv, n onola mpocdloploe oyl
MOVO TN cupdwvia el8LIKwWV oTn SEPUATOOKOTNGN Ao OAO TOV KOGHO YLa TNV apousia
OEPUATOOKOTIKWY KPLTNPLWY, aAAA KOL TNV EVTOTILON TOUC EVTOC pLaG BAABNG. Ta amoteAéopaTa LOg

QUTA pItopoLV va XpnoLponolnBouy poKeLUEVou va kaBodnyrnoouv Toug SlayvwaoTtikol¢ aAyopiBuoug
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TIou amneuBUvovTal 0€ KALVLKOUG LOTPOUG OL omoiol acxoAouvtal Ye T Sldyvwaon Tou Kapkivou
S€puatog, kat yla va BeAtiwBolv ol alyoplBuol Texvntric Nonpoouvng yla tn SLayvwaon Tou KopKivou

S€puaroc.

AeppatookoTikn mapouciaon ApEAAVWTIKOU MEAQVWHATOC TWV AKPWVY O€ CUYKPLON LE

A ALLLOYYELWHOTO TWV AKpwv.34

Eloaywyn

To peEAAVWHA TWV AKPpWVY EXEL GTWYOTEPN TIPOYVWON CUYKPLTIKA UE AAAOUC TUTIOUG
pehavwpatog, opelthopeva Kupiwg otn duokoAia tng Stdyvwong Tou Kal cuvenakoAouBa, otn Slayvwaon
TOU O€ TILO TTpOXWPNHEVA 0TASLA TG VOoou.87 Mia avaSpopikr HeAETN 53 HEAQVWHATWY TWV GKPWY GE
€vaL KEVTPO Bprke OTL o€ Touldxlotov 34% (n=18) €€ autwy, apxikd, xabnke n dldyvwon tou
MEAQVWHATOC. ATIO QUTEG TLG TIEPUTTWOELG OTIOU €yLve AavBaopévn Sldyvwon, to 50% (n=9) ntav
apeAavwTikd pehovwpota.88 H apeAavwTikr mapousiaon Tou HEAQVWHATOC TWV GKPWVY TEpLypadeTaL
TOAU oTtdvia Kot Ta KAWVLKG Kol SEPATOOKOTIKEA TG XOPOKTNPLOTIKA eival dyvwota. Ot Ozdemir et al.
neplEéypaav Eva SEpUATOOKOTIKO TIPOTUTIO TO OTIOLO AVEUPIOKETAL OTNV TIEPLPEPELA TWV PEAAVWUATWY
TWV AKpwv w¢ “vascularized parallel ridge pattern,” to onoio neplypadetal wg epuOnua kat dotted
vessels Ta omoia MAnpoUV ta ridges kat e€atpolv ta furrows.82 Qotdoo, Ta alpayyELWHATA TWY AKPWY
£xouv emiong neplypadel va mapouotdlouv Eva TapopoLo TIPOTUTIO e ayyela Statetaypéva oe parallel
ridge pattern otn Seppatookonnon.?0:91 e auth pog tn peAétn meplypdapie T SEPUOTOOKOTILKY
mapouaiacn evog APeAAVWTIKOU LEAQVWHOTOC TWV AKPWYV KOl CUYKPIVOUE Ta SEPUATOTKOTILKA

EUPAHLOTA MO LE OUTA TWV CULUAYYELWHATWY TWV AKpwv.34
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Evpnuata

To neplotatiko mou neplypadoape adopd oe Evav eviAika avépa 0 OToiog MAPOUCLACTNKE LI
pla Kawvoupyla SLayvwon HEAQVWUATOC 0To PeYAAo SAKTUAO Tou aplotepou toddg. O aobevg aveédepe
pLa Slapkwg emidelvoupevn Suotpodia Tou OvuXoC Kata tn SLapKeLla TnG teAeuTalag nevraetiag. H
Bowia ovuyog emiBeBaiwoe tn dtayvwon pedavwpatoc, Babouc touhaylotov 0.57 mm kata Breslow. H
mapatnpenon tng neplpEpeLag Tou SakTUAOU avESELEE pLa KALVIKA UTIOTITN TIEPLOXH LEAQYXPWONG KABWG
KoL pa mpoe€apyovoa epubpn Teploxr OyKou otn pecdtnTa tng nepldEpelog. H SepUaTOOKOTIK
g€étaon tng e€€pubpnc neploxnc aveédelte MOANAMAG OTIKTA ayyeia, XaoTIKA Stavepnuéva ota ridges,
xwpig va mepthapBavovral ta furrows (Figure 11A). H punch Bloyia tng epuBpng mAdakag €deiée
MEAAVWHA in situ, L€ CUMUETOXI TOOO TOU EKKPLVOUC TTOPOU, 00O KL EMEKTOON OTOUC EKKPLVELG abEVeG
(Figure, 11C). O acBevnic umeBARBn o€ eyxeipnon akpwTNPLACUOU Tou SAKTUAOU OTO €Tinedo TNG Amw
dalayyo-parayykng apbpwong kat to TeAko Babocg Breslow tou dykou ntav 4.6 mm, evw n Blodia
dpoupol Aepdadéva ATav apvnTikn yla KokonBela. EMUTAEoV GUYKPILVOUE TO SEPLATOCKOTILKA
EUPNAHATA POG OTO OHEAAVWTIKO HEAQVWUA AKPWV HE TOL SEPUATOOKOTILKA VPN ata o€ 3 acBeveig pe
alloyyelwpata akpwv. OAa ta alpayyelwpata mapouacialav parallel ridge pattern, amoteAoUpevo amnod
epuBpEC mpog epubpoiwdelg KOoUKISEC. 2 avtiBeon e TO APEAAVWTIKO HEAQVWLA, TA OTIKTA ayyela ota
OULLOYYELWHATA ELXOV OPYOVWLHEVN KATOVOWN oTnV eEpLdEpeLa TwV ridges, xwpig va cupnephappfdavouv
ToUG eKKpLveig mopoug (Figure, 11B). lotomaBoAoyLkad, n eEETACN EVOG €K TWV ALLAYYELWHUATWY aVESELEE
£0TLOKOUC OYXNUATLOMOUC YYELWY, TO OTIOLA EMEKTEIVOVTAV OTLC XOPLAKEG AAXVEG, XWPLG va

cupmneplhapavouy Toug ekkplveig adeveg (Figure, 11D).
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2ugntnon

H mapouaia tou pehayypwpatikol parallel ridge pattern €xel SeixBel oe mAelada peAetwy va
oxetiletal pe tn Stdyvwon tou acral lentiginous melanoma kat eivat dlaitepa xprioLluo yla t dtdyvwaon
TOU PHEAQVWHOTOC in Situ TwV AKpwv.9294 3tn pelétn pog auth meplypdPape pio mepintwon
TMPOEEAPYXOVTIWE APEAAVWTIKOU PEAQAVWUATOG TWV AKPWVY TO OTtolo enedeikvue otn SepUATOOKOMNGN €va
ayyelako parallel ridge pattern, amoteAoUpEVO O XAOTIKA SLaVENUEVA OTIKTA ayyeia. EmumpooBEétwg,
OTN UEAETN HOC CUYKPIVALE TNV TOPOUGIAC TWV OHEAAVWTIKWY HEAQVWUATWY TWV GKPWV LE AUTH TWV
OULMOYYELWHATWY TwV AKPWV, Ta omoia ivat n kupla Stadopikr Stdyvwaon, Kal BpAKOUE WG Ta
aloyyelwpata mapouaotalovral emiong Ye ayyelako parallel ridge pattern. To parallel ridge pattern twv
aLUOYYELWHATWY Xapaktnpiletal wc linear,double-dotted ridge pattern kot amoteAsital amo epuBpég
npog epuBpoiwdelg koukideg (dotted vessels), Ta omoia dlavépovral otnv neplbEpela Twv ridges, evw
ONMOVTIKO S1apopodLayvwoTiko ototyelo elvat dTL Sev epmAékouv Touc ekkpLveic opouc. 2091 O
TIOPOTNPNOELG MOG QUTEC Ba xpelaotolv eniBeBaiwaon oto péEANOV, waTOoO Umopouv va anodelybouv
SuvnNTIKA XPNOLUES yia T Stadoplki SLAyvwaon Tou OPEAAVWTIKOU HEAQVWHLATOC TWV AKPWY o T

OULLOYYELW AT TWV AKPWV.

Figure 11.

A kot B, Aeppatookonnon moAwpévou ¢wtog, peyéBuvaon x10. A. AeplaTOOKOTILKH Kal KALVIKN (€vOeTO)
dwtoypadia apedavwtikol pedavwpatog dkpwy Ue parallel ridge pattern kat xaotikr dtavopun
£pUBPWV OTIKTWV OYYELWV LE CUUHETOXN TWV EKKPLVWV TTOpWV. B. Aeppatookomikn Kal KAWVIKN (EvOeTo)
dwtoypadia alpayyelwpatog dkpwv Le parallel ridge pattern amoteAoUpevo amo oTIKTA ayyela ta
omoia elval KaTaveUnUEVO O OELPA OTA AKPA TWV ridges Kal Xwpig CUMIETOXN TWV EKKPLVWV TTopwv. C.

AvoooioToxN LK avaAucon Tou apeAAVWTIKOU PLEAQVWUATOG in situ To omolo Sdeiyvel atuna
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peAavokUTTapa otny embepUida KAl CULHETOXN TWV EKKPLVWY TTIOPWV, UE AL 0UENON OTNV TIUKVOTNTA
TWV AYYELWV OTO XOpLo, cuoXeT{OPEVN TILBAVWC He PAeypovr). D. lotornaboloyikr) ElKOVA EVOG EK TWV
OLHLAYYELWHATWY TIOU EEETACALE, N omola avadelkVUEL ayyELakoUG OXNUATIONOUG TToU GTAVOUV HEXPL

TLG XOPLAKEG AAXVES Xwpic va cupmepAaBAvouV Toug EKKPLVELC TTOpouC.

[A] Dermoscopic and clinical AVM Dermoscopic and clinical VA

E| SOX10-Immunostained AVM @ Hemotoxylin-eosin VA
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Juoxetion twv Multiple Aggregated Yellow-White Globules pe tn Stdyvwon tou un-

LeEAQYXpWHATIKOU Baotkokuttapkol Kapkivwpatoc.3?

Eloaywyn

To Baotkokuttaptkd kapkivwpa (BCC) ivat o miio cuxvoc kapkivog otov kdopo.2° H entntwon
Tou BCC aufavel Slapkwg e MEPLOCOTEPEC ATO 2 EKATOUUUPLA TIEPLITTWOELG VA SLAYLYVWOKOVTAL ETHOLO
0TI HMA."2 Ta §€pATOOKOTILKA KPLTAPLAL YL TN SLAyVWwon TOU BACLKOKUTTOPLKOU KAPKLVWLOTOC
nepleypadnkav to 2000 and toug Menzies et al. kat mepldapBavouv ta blue-gray ovoid nests, multiple
non aggregated blue-gray globules, ulceration, arborizing telangiectasia, spoke-wheel structures, kalt Tig
leaflike areas.” Mo mpdodara, MPooTEBnKe TO KPLTAPLO TwV shiny white structures, Kot eL8KATEPA TWV
shiny white blotches and strands, w¢ kawoUpyLo StayvwoTtikd KpLtripLo yia to BCC.98 Autd ta kpLtripla
€xouv emiBeBalwbel 6tL MpoadEpouv uPnAn SlayvwoTtikn akpifela yla tn dtayvwon tou BCC pe pla
ouVOALKA evaicBnaoia g TaEewg Tou 91.2% Kat eIKOTNTA TNG TASEWG TOU 95% oUWV PE plLa
npoodoatn petavéiuon.¥” Qotdoo, n evatodnoia Kot n ELSKOTNTA TWV SLOYVWOTIKWY QUTWY KpLtnpiwv

ylo Ta un-pelayxpwpotikd BCC sival xapnAdtepeg (84.3% svaioBnoia kat 73.2% edikotnta).¥”

Me autad ta 6e6opéva, N avelpeon VEWV SEPLOTOCKOTIKWVY KPLTNPLWY yLa Tn dLayvwon Twv pn-
peAayxpwpatikwy BCC eivat avaykaio.?® Bprkape mwe kdmota BCC emdekviouv otn SepRaTooKOTNON
oA\ anAa aggregated yellow-white (MAY) globules. Autd To Seppatookorikd Kpltrplo dladépel and
TIPONYOUHEVWC TIEPLYEYPAUUEVA AEUKA H KITplvwrtd Kputripta oto BCC.99:100 Mpokelpévou va
SLlEPEUVNOOUE TN ouxVOTNTA UG AVLONG AUTOU ToU KpLtnpiou ota BCC kaBwg Kat tn SLayvwaTik Tou
oKpiBela KAVAPE Pl avoSPOULKN) LEAETN O KALVIKECG KOl SEPUATOOKOTILKEG ELKOVEG BAaBwV oL omoieg

giyav to pun-pelayxpwpotikd BCC wg mbavn Stadopikn Slayvwaon.
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MéBodol

AuTth fTav pa avadpoptkn, case control HeA€Tn, n omoia mpaypatonotndnke and tnv 1"
louAiou 2017, éwg tnv 1" louAiou 2019. OAeg oL £lKOVEC TTOU cuUTEPIANdONKav otn peAEtn mponABav
amno o deidentified database cuvexopevwy BAaBwv amo pia depuatoloyikn kKAvikr oto Plantation,
Florida. Aedopu£vou Tou oXeTIKA XapunAol aplBpol aueAavwTKWY LEAQVWHATWY 0€ aUTO To dataset
eAéytape 2169 pedavwpata anod tn BLPALBNKN tou International Skin Imaging Collaboration (ISIC)
archive, kot 22 apeAAVWTLKAE HEAAVWLLOTO OVEUPEBNKAVY Kot cupmepAidOnkav otn peAétn pog.'O H
UeAETN auTh eyKpiBnke amod tnv enttponr) nBKAG tou Memorial Sloan Kettering Cancer Center. Ot
ELKOVEC TTOU avaAUBnkav NTav amokA£LoTIKA close-up, peyeBUUEVEC KALVIKEG KaBWCE Kal
OEPUATOOKOTILKEG ELKOVEG, EVW KAVEVA AVOYVWPLOLUO XOPOKTNPLOTLKO TwV 0.oBevwv dev aveupédnke oe
KOOl OTTO TIG ELKOVEG TToU avaAuBnkav. Tpeig amo toug epeuvntég (C.N.-D., K.L, and A.R.) e€etaoape
OAEG TIG £lKOVEG ToUu dataset kot cupmeplAaBape Povo ekeiveg TI¢ PAAPEG oL omoieg eixav
LotorntaBoAoyikn emBeBaiwon Kol NTAV KAWVIKA UN-UEAOYXPWHATIKEC. ATOKAEloapE elkOVEG BAaBwv oL
ormoleg LotonmaBoAoyika Atav collision tumors, eixav apdiBoAn totonaboAoyikn Slayvwan, 1 dev ixav
TIOAWUEVEG KAL LN-TIOAWUEVECG SEPUATOOKOTIKEG ELKOVEC. ZUUTIEPIAABAE OAOUG TOUG LOTOAOYLKOUG
unotumioug BCC evw wg controls cupumepAdPBape BAaBeG oL omoieg ouvnBwe eloépyovtal otn Stadoplkn
Slayvwon tou pn-pehayxpwpatikol BCC: akavBokuttaplko kapkivwua, (SCC), xopLakoug omiAoug -
intradermal nevus (IDN), apeAavwTtiko pedavwua, lichen planus—like keratosis (LPLK), 6€GHOMAQOTIKO
TpyoemOnAlwpa (DT), e€aptnuatikolg oykoug (onwg, fibrofolliculoma), kat pAeypovwdelg mabnoelg
(omwg deppartitida kat Pwpiacon). Ta Snuoypadlkd XApOoKTNPLOTIKA TV A0BEVWVY, N AVATOULKN

tonoBeoia Twv BAABWVY KAL O LOTOAOYLIKOG UTIOTUTIOS TWV OYKWV Kataypadnkav.
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KAtvikéc kat AEpUATOTKOTTIKEG ELKOVEC

OL KAWVIKEG Kol SEPLLOTOOKOTILKEG €LKOVECG EANONnoav pe pia kapepa Nikon 1 (Nikon USA Inc) kat éva
Dermlite DL2 pro HR yLa TIG SEpUATOOKOTILKEG ELKOVEG (3Gen). TupmnepAaBape TO00 TTOAWUEVEG, OGO Kol
UN-TIOAWHEVEC SEPLLOTOOKOTIKEC ELKOVEG. OL SEPUATOOKOTILKEG ELKOVECG AvOALBNKav amod TPELG EK TWV
gpeuvntwv (C.N.-D., K.L., and A.R.), ot omtoiot Atav blinded w¢ mpog tn Stdyvwaon ylo consensus. Evag
t€taptog aflodoyntng (A.A.M.) eméAue tnv omnota Stadpwvia TPoeKUTTE. OL SEPLATOOKOTILKEG ELKOVEG
avaAuBnkav yla ta SEPUATOOKOTILKA KPLTAPLA OTIWG TIEPLEYPAPNKAV OTO TILO TPOCSHATO CONSENSUS yLO.
n Seppatookonnon.3? AvoAUoape eLSIKOTEPQ TOL SEPUATOCKOTILKA KpLtApLla yia BCC, v To KUPLO
SEpPUATOOKOTILKO KPLTHPLO TO omoio avalntovoape ntav ta MAY globules, ta onola nmepleypadnkav ano
€pAac wg multiple, aggregated, white-to-yellowish globules arranged in clusters. To ev Adyw
OEPUATOOKOTILKO KPLTHPLO Elval ELGAVEC TOOO LE TO TTOAWUEVO OO0 KOl LE TO UN-TIOAWMEVO dwG OTN
Sepuarookonnaon Stayxwpilovrag to ano ta shiny white structures (blotches and strands) kat amno ta
milia-like cysts avtiotowa (Figure 12). A§lohoyrnoaue TG SEPLOTOOKOTILKEG ELKOVEG YLOL TNV TTopousia N
v anoucia Twv MAY globules og consensus ol Tpelg epeuvnteg (C.N.-D., K.L., and A.R.) yla tnv
mAElovotnTa Twv BAaBwv mou cupmepAdBape. Mpokeévou va afloAoyr|CoUE TO interrater
agreement yLa tnv mapouaia twv MAY globules og 150 cuvexopeveg BAAPEG, oL 18LolL EpeuvNTES

ipayuatonol)oape aveéaptntn afloAdynon.

Reflectance Confocal Microscopy, Optical Coherence Microscopy kat Histopathological
correlation

Y& pa umtokatnyopia BAaBwv ot omoieg Slayvwatnkav TPoonTika Kot emedeikvuav ta MAY globules
epapudoape reflectance confocal microscopy (RCM) kat optical coherence tomography( OCT) nptv Tnv
nipaypatonoinon Bodiag. Ol ewodveg eEAdpOnoav pe éva handheld RCM device (VivaScope 1500 and/or

3000; Caliber ID), evw yla TG €lkoveg OCT XpnOLUOTOLACAE ULO CUCKEU N oTtoila avamntuxonke
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MPOOohATA UE TN CUPUETOX) CUVEPYATWVY LaG, KABwWG KaL Ta KpLTApLa Iou meplypadnkav otnv idla
perétn. 01 Ta kputfpla mou xpnotpomnowiBnkav yia to RCM eivat autd mou meplypddnkay oe o
npoodoatn systematic review.192 5e autég i PAABeC To histopathologic correlation mpaypatonotidnke

LLE TNV TEXVLKA TOU precision biopsy.193

Kupta Evpnuarta

To KUpLO EVPNUA TNG LEAETNG O ATAV N KATAVOUN TNG apouoiag 1 tng anouaoiag twv MAY globules
yla tn dtayvwon tou BCC ouykplvOpEeVo e OAeG TIG AAAEC SLayVWOELG oL omoleg elyav Tov poAo Tou
control. Asutepevovta amoteAéoparta Atav n katavoun twv MAY globules kata unotumno BCC, kaBwg
KOlL KATAL AVOTOULKE) TOTtoBe0ia Tou Oykou. MPOKELUEVOU va avaAUGOUE TOUG SLadopeTIKOUG
LotoAoyLkoug uTtdtuTioug Tou BCC toug xwpioape ot high risk (morpheaform kat infiltrative) kat og low

risk (superficial and nodular) BCCs.

AmnoteAéopata

H avadpopikn e¢étaon 2555 BAaBwv aveédelfe 643 BAaBeg oL omoieg Ba pnopovoav va
ouunepAndBouv otn pHeAETN pog o 621 aoBeveig He KALVIKA pN-pUeEAAyXPWHATIKOUG OyKoug. OL 9
BAaBeg amokAeioBnkav Adyw: Un npaypatonoinong Blogiag (4 éykot), collision tumors (4 dykol) Kal pn
SLaBEoung, un-moAwpEVNC SEPUATOOKOTIKNG ELKOVAG (1 0ykoc). H TeAkn pog avaluon cuumneptéhafe
656 BAaPec (634 BAaBec amnod to database kal 22 apeAavwtikd pedavwpata amno to ISIC archive) os 643
aoBeveis. H péon (SD) nAwia tou cohort pag ntav ta 63.1 (14.9) xpovia, kat 381 (58.1%) ek Twv
acBevwv Ntav avdpec. OL 194 (29.6%) BAABeg NTav atov TpdxnAo kot To keddAL Eva olvolo 291
BAaBwv oe 278 aoBeveic (44.4%; puéon [SD] nAwia, 61.9 [14.9]; 190 [64.3%] avdpec) ntav BCCs (cases),

Kot 365 BAaBeg (55.6%) og 365 acBeveig (LEon [SD] nAwkia, 63.9 [14.9]; 191 [53.1%] avdpeg)
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avtlotolyoloav og AAeG Slayvwoelg (controls). To péoo (SD) péyeBog dykwv og oAokAnpo to cohort
ntav 7.6 (4.9) mm, pe éva péoo (SD) péyeBog dykou 6.8 (4.8) mm yia ta BCC kat 8.2 (4.9) mm yla Tig
urtohouneg dtayvwoelg (P < .001). Ot Stayvwoelg Twv a.oBevwv Kot oL urtdétumol Twv BCC tou cohort pag
napouaotalovrat otov Table 5. Ta BCCs evtonilovtav oto kedpdaAL katL tov tpdxnAo os 124 (42.6%) Twv
aoBevwv KoL oTov KOpUO Kot ota dkpa o€ 167 (57.4%) twv acBevwv. Avadoplkd He TIG AAAEG
SlLayvwoelg, oL oykol evtomilovtav oto kedpdaAL kal tov tpdxnAo oe 70 aoBeveig (19.5%) KoL oTOV KOPUO
KoL Ta akpa o€ 289 acBeveig (79.2%) (P<.001). Ot untétumot Twv BCC otn peAétn pag ntav: nodular yia
224 BAaBeg (76.7%), superficial yia 27 (9.2%), infiltrative yia 24 (8.2%), morpheaform for 8 (2.7%),
sclerosing yia 2 (0.7%), keratotic yia 2 (0.7%), woem®nAiwpa tou Pinkus yia 1 (0.3%), kait

basosquamous yia 1 (0.3%). Na 2 dykoug, dev umnpxav Sltabéotpa Se60EVA YLOL TOV UTIOTUTIO.

AlayvwaoTikd kpLttnplo

Ta MAY globules aveupéBnkav oe 64 amno tig 656 BAAPeS mou cupnepAndBnkav (9.8%; 95% Cl, 7.6%-
12.3%). Ta MAY globules mapatnpnBnkav o€ 61 amnoé ta 291 BCC (21.0%; 95%Cl, 16.4%-26.1%) koL o€ 3
arnd TG 365 meputtwoelg e AAAeS Stayvwoelg (0.8%; 95% Cl, 0%-2.3%) (P < .001). H napoucia twv MAY
globules ota BCCs ocuoyetiobnke pe pia evatodBnoia tng tagews tou 20.9% (95%Cl, 16.4%-26.1%), kal
MLa EL8LKOTNTA TNG TAENG TOU 99.2% (95%Cl, 97.6%-99.8%), éva positive predictive value tng tdéewg Tou
95.3% (95% Cl, 86.6%-94.5%), kol €va negative predictive value tng ta§ewg tou 61.0%(95% Cl, 59.6%-
62.4%). To odds ratio yta tn 6tdyvwon tou BCC Atav 32.0 (96% Cl1,9.9-103.2). To positive likelihood ratio

ntav 25.4 (96% Cl, 8.0-80.0), kaL to negative likelihood ratio ftav 0.8 (96% Cl, 0.7-0.8).

Avartoutkn Evtomnion

A&lohoywvtag Tnv mapoucia twv MAY globules otig BAaBeg mou evronilovtav oto KepAAL Kal Tov

tpdxnAo(n = 194), 51 acBeveig (26.3%) mapouoLAcTNKAV e AUTO TO KPLTNPLO. ZUVOALKA 124 ek Twv 194
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BAaBwv (63.9%) mou evtomilovtav oto KepaAL kot Tov TpaxnAo aviiotolyovoayv oe BCC. Ek twv BCC mou
evtomnilovtav oto KeAAL KaL Tov TpdxnAo, 48 ek twv 124 (38.7%) emedeikvuav ta MAY globules,
CUYKPLTIKA [E 3 ek Twv 70 BAaPwv (4.2%) pe dAAeg Stayvwoelg (P < .001). To odds ratio yia tn dtayvwon
Tou BCC otav ta MAY globules Atav napovta o€ pa BAAPN Atav 14.1 (95%Cl, 4.2-47.4) yia tig BAABeG oL
ormoleg evromnilovtav oto KedaAL kKot Tov TpaxnAo oto cohort mou e€etdoape. Ol 3 BAaBeg mou

TIOPOUCLACTNKAV LE TO KpLTrpLo Kat Sgv ntav BCC ntav otonmaboAoyikd DT (n = 2) kot SCC (n = 1).

AvdaAvon Yrotumou BCC

Ta MAY globules mapatnpriBnkav og 18 ek twv 32 high-risk BCCs (56.2%) (rAtoy, infiltrative kot
morpheaform) kat og 41 ek Twv 210 low-risk BCCs (19.5%) (P < .001) (Figure 12, Figure 13A, and Figure
14A). Ta MAY globules ntav 6.5 dpopég nio mbavo va mapatnpndouv og BCC uPnAotepou piokou
CUYKPLTIKA [LE auTA XapnAou piokou (odds ratio, 6.5; 95%Cl, 3.1-14.3). To kpLtipLo auto dev

napatnpnonke oe kavéva ek twv 27 superficial BCCs (Table 6).

Interrater Agreement

MNapatnproape oAU uPnAd interrater agreement yla tnv napoucia twv MAY globules (k = 0.89; 95%
Cl, 0.75-0.94). To interrater agreements yLa ta. urtoAounta deppatookorikd kpttrjpta BCC ntav 0.94 (95%
Cl, 0.94-0.97) yia ta arborizing vessels, 0.83 (95% Cl, 0.81-0.90) yia ta shiny white structures (blotches
and strands), 0.78 (95% Cl, 0.63-0.84) yia ta in-focus dots, kat 0.73 (95% Cl, 0.66-0.77) yia to ulceration

(Table 6).

Kpttnpta RCM kat OCT
Kata tnv e€€taon unod RCM, OAeg amo TI¢ 4 MEPUTTWOELG TTOU CUUMEPIAABOLE TIPOOTTIKA ElxaV

hyperreflective amorphous areas (Figure 13B & C kat Figure 14B) os tpooBrkn Twv KAACCLKWV
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kpLtnpiwv yla to BCC (tumor nests with palisading and clefting). H e€€taon OCT Atav Stabgoiun yla 2
neputtwoelg kot avedelte hyperreflective areas, ol onoieg mapnyayav optical shadow (Figure 13D kot

Figure 14C).

Histopathologic Correlation

211 4 PAGBeg tou e€etacape e precision biopsy, Ta aggregated yellow globules cucxetiotnkav pe
UEUOVWEVEG, OTPOYYUAEC tepLO)XEC SuoTpodLkn aoBeaTtomnoinong, eviog, N mépLE Twv tumor nodules
KOLL L€ TNV TApOUCLa aoBECTOMOLNUEVWY KEPATIVIKWY KUoTEWV (Figure 13E & F kait

Figure 14D). ErutAéov, 2 €k TWV MEPLUTTWOEWV TTOU avaAUBOnKav LoTomaOoAoyLIKA avESELEQV ULKPES

evanobéoelg acBeaotiou oto superficial dermis, o€ CUGXETLON E ULKPEG KEPOTIVIKEG KUOTELC.

JulAtnon

Y& aqutn TV avadpopikn, case-control peAétn 656 BAaBwv os 643 acBeveig YUe un-
HEAQYXpWUATIKOUG OYKOUG, BprKape OTL N mapoudia Tou Kpitnpiou twv MAY globules cuoyetiletal pe
N Sdtayvwon tou BCC. EmumAgov, Bprkape OtL n mapoucia twv MAY globules cuoxetiletal pe upniouv
plokou umtétumoug BCC. Napdtl kat GAAoL Oykol ekTO¢ Twv BCC pmopel va embelkvUoUV ASUKWIA
SepUaTOOKOTLKA KpLthpla, onwg milia-like cysts ) kat shiny white structures, mapatnprnoape otL n
napouaia twv MAY globules mapatnpnbnke oxedov amokAelotikd og BCCs. MoAoOvOTL TO KPLTpLO QUTO
napatnpnonke og PoALg 21.0% twv un-pedayxpwuatikwy BCC nou eéetdotnkay, n cuxvotnta autr &¢
SladEpel onUAVTLKA amo th cuxvotnta aAwv BCC-specific Sepuatookomikwy kpLtnplwv, Omwc to
spoke-wheel structures, Ta concentric structures, kal ta leaf-like areas, ta onoia €xouv avadepopevn
ouxvotnTa n onoia Kupaivetat and 8% éwg 20%.73:194 Ootdoo, dtav Atav napdvia, ta MAY globules

ouoyetilovtav pe tn Slayvwaon tou BCC kal e18ikotepa pe utotunou BCC uPnAou piokou.
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H Seppatookomnnon €xetl BeATiwaoel Tn dLayvwoTikn akpifela yla toug epuBpoulg Oykoug, amelkovi{ovtag
otolyela Kal SoUEC oL oTtoleg elval adpateg Sia yupvol odBaApou, BeAtiwvovTtog £ToL TN SLayVwoTLKn
akpiBeta yio to SCC, Ta apeAavwTikd peAavwpoto kat ta BCC petaft dAwv.%8

MapoAa auTd, oL UTTOUEAQVWTLKEG KOl AEAQVWTIKEG PAAPEG Mapapévouv SUCKOAEG 0T SLAYVWaon TOUG
QTOKAELOTIKA PE TN Xprion Seppotookdnnonc.36:98 Mua dAAn katnyopia BAafwv n omola propet va
givat 8UokoAn otn dLayvwaon TG KE TN Xprion Lovo tn¢ Seppatookomnnong eival autr) twv BCC mou
napoucLdlovtal we Aeukéc PAatiSec oto KedAAL KoL TOV TPEXNAO ATOHWY He évtovn nAtakr €kBson.3% H
napouaia twv MAY globules pmopet va ivat éva onpavtiko otolxeio yia t dtayvwaon tou BCC og auTég
TIC TEPUITTWOELG, OTWG KaL otn dtadopodlayvwaon tou BCC and GANeG SLayVWOELG UE TIC OTOLEG pmopel
va uTtdipet Suokohia SLdyvwonc, 6Twce ot xoptaxot omidot. 98 Extdc amd To vo BEATIWVEL TN SLOYVWOTIKA
akpiBela yia ta BCC, n depuatookonnon £xel emmPooBETwG BeATiwoel Tn SuvatdtnTa pog va
avayvwpiloupe tov untdtumo twv BCC (kupiwg, superficial vs nodular), Suvatdtnta n onolo pmopet pe t
oslpa ¢ va kaBodnynoel tnv Bepameia akopa kot xwpic t AnPn Bloyiag, kata tnv KAWVIKN e¢€taon.
80,105 3tnv peAétn pac, ta MAY globules Sev mapatnpribnkav o kavéva and ta superficial BCC to omoia
g€etdoTnKav. INUAVIIKA, N mopouaoia twv MAY globules cuoyetiotnke e Lo EMBETIKOUE UTIOTUTIOUC
BCC. Zuvenwg, n mapoucia twv MAY globules 8a pnopoloe va Stadpapatiost onuavtikd polo otnv
anodacn XELPLOUOU EVOG TIEPLOTOTLKOU KATA TN SLAPKELA TN KALVIKAG £€€TaonC, amodeVyovVTaC TOTILKEG
KOTOOTPETTLKEG Beparmeieg, Onwg vypo alwTto, KabBw¢ Kal va kaBodnynast Tov tpomo ANYng tng Boviag,
wote va anodeuyBel evbexduevn AavBaopévn taflvouncon evog smbetikou tUrou BCC.106
MponyoUUEeVEG UEAETEC €XOUV PPEL WG 0LOBECTOMOLOELG UTTOPEL va elval tapoUoeg LotomaBoAoyLkd o€
éva 11% £wg 21% twv BCCs.'97:108 EmmAéov ot Slowdkoska et al Bprike ATt aUTEG OL AGBECTOMOLAOELS
elvat o ocuvnBeLg og uPnAou piokou LotoAoyikoUg uTtotunog BCC (44% oe infiltrative 1 morpheaform)

OUYKPLTIKA HE XapnAol piokou LoToloytkolg undtumoug (22%).197 Ta §epuaTOOKOTIKA EUPAKATA TNG
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MEAETNG HOG ETILKUPWVOUV QUTA Ta anoteAéopata, Le ta MAY globules va eival moapovta
npoeapyoviwg o uPnAou piokou BCCs (56%) CUYKPLTIKA e LOTOAOYLKOUG UTIOTUTIOUG XA UNAGTEPOU

piokou (superficial and nodular, 19%).

Meploplopot

H peAétn pog neplopiletal amo tnv avadpoutkn Tng duon, Kabwc Kal oo ToV MEPLOPLOUEVO
aplOuo kahonBwv Oykwv oL omolol mapouctalovrtal Le AEUKEG SoUEC oTn Sepuatookonnon (sebaceous
hyperplasias, molluscum contagiosum kal pilomatrixomas). Autég ot BAaBec wotdoo cuviBwg ival
TIOANQTTAEG KOlL OXETLIKA EUKOAEG 0TN SLAYVWON TOUG LLE TNV KAWVLKA €€€Taon o€ cuvOUAOUO LE TN
SEpUATOOKOMNGN, KOL OTIAvVLIA UTIELOEPYOVTAL oTn dtadopikn Stayvwon twv BCC, ) udiotavrtal Bloyia.
‘Evag eMUTAE0OV TTEPLOPLOPOC TNEG LEAETNG LG EYKELTAL OTO OTL TIPOKELUEVOU VO EUTTAOUTICOUE TOUG [N
peAayxpwuatikoUg 0ykoug ol omoiot Sev gival BCC avatpe€ape oto ISIC Archive, £toL evééxetal n
aAnBnc ouyvotnta epdaviong twv MAY globules va pnv pmopet va untohoylotet pe akpifeta. TEAog o
MANBUGLOG TTou cupTmepleAndOn otn peAétn pag amoteAeital ano Kaukdoloug acBeveig, YUe LOTOPLKO

€vtovng nAlakng €kBeonc (katotkol tng Florida), meplopilovtag £tol to generalizability Twv eupnudatwv

pag.

JUUTEPAOUA

Ta anoteAéoparta pog deiyvouv nwg ta MAY globules Ba pnopouoav va £ouv XpNoLUOTNTA WG
£€va KalvoUpyLo SEPUATOOKOTILKO KPLTAPLO yla TN Sldyvwaon Twv pn pedayxpwpatikwy BCC, kat

eldkotepa, Twv BCC uPnAou piokou. AUTEG oL SOEC eVOEXETAL VOl CUVEEOVTAL |IE OLOBECTOMOLNCELG.
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Emkbpwon twv anoteAecpdtwy pag 6a xpelaotouv pe dedopéva and aAla kévtpa Le SladopeTLKO

MANBuoLO acBevwy.

Tables

Table 5.

Katnyopieg BAaBwv rou cupumnephfdOnkav otn HeAETN pag kat urtdétumol BCC.

No. (%) of total cases

Characteristic (N = 656)

Diagnosis
BCC 291 (44.4)
Scc 114 (17.4)
Actinic keratosis 42 (6.4)
LPLK 37 (5.6)
Amelanotic or hypomelanotic melanoma 31(4.7)
Seborrheic keratosis 29 (4.4)
Bowen disease 13 (2.0)
Keratoacanthoma 12 (1.8)
Intradermal nevus 12 (1.8)
Dermatitis 11(1.7)
Sebaceous hyperplasia 6 (0.9)
Dermatofibroma 5(0.8)
Desmoplastic trichoepithelioma 4(0.7)
Psoriasis 4(0.7)
Molluscum contagiosum 2(0.3)
Other?® 43 (6.6)

BCC subtype®
Nodular 224 (76.9)
Superficial 27 (9.3)
Infiltrative 24 (8.2)
Morpheaform or sclerosing 10(3.4)
Keratotic 2(0.7)
Basosquamous 1(0.3)

Pinkus 1(0.3)




Table 6.

AvAAuon TwV SEPUATOCKOTILKWY XOPAKTNPLOTIKWY TwV PAaBwv ou cupmnepAndOnkav.

Cases, No. (%)

Other

BCC diagnoses  Total
Characteristic (n=291) (n=365) (N=656) OR(95%Cl) K (95% Cl)
Multiple aggregated 61(21.0) 3(0.8) 64 (9.8) 32.0(9.9t0103.2) 0.895(0.753t00.937)
yellow-white globules
Ulceration® 50(17.2) 60(16.4) 110(16.8) 1.1(0.7to1.6) 0.7261 (0.664 t0 0.768)
Arborizing 139 (47.8) 22(6.0) 161 (24.5) 14.3(8.7t023.2) 0.935(0.935t00.966)
telangiectasia®
Ovoid nest? 16 (5.5) 0(0) 16 (2.4) NR -0.008 (0.017 to 0.003)
Blue-gray globules® 24 (8.3) 0(0) 24 (3.7) NR 0.189 (0.126 t0 0.494)
Blotches and strands® 214(73.5) 70(19.2) 284(43.3) 11.7(8.1t016.9) 0.827 (0.806 to 0.904)
Spoke-wheel structures® 4 (1.4) 0(0) 4(0.6) NR 0.328 (0.189t0 0.497)
Leaflike areas® 36(12.4) 1(0.3) 37 (5.6) 51.4(7.0t0377.2) 0.747(0.747 t0 1.0)
Concentric structures® 15(5.2) 0(0) 15(2.3) NR 0.272 (-0.008 t0 0.392)
Short-fine 115(39.5) 25(6.9) 140 (21.3) 8.9(5.6t014.2) 0.484 (0.398 t0 0.592)
telangiectasia®
In-focus dots® 75(25.8) 6(1.6) 81(12.4) 20.8(8.9t048.5) 0.782(0.629t00.835)
Multiple small erosions®* 23 (7.9) 3(0.8) 26 (4.0) 10.4(3.1t034.8) -
Serpentine vessels 1(0.3) 16 (4.4) 17 (2.6) 0.1(0to 0.6) -0.014 (-0.017 to -0.008)
Milialike cysts 15(5.2) 16 (4.4) 31(4.7) 1.2(0.6t02.4) 0.601 (0.477 to 0.791)
Polymorphous vessels 11(3.8) 46 (12.6) 57 (8.7) 0.3(0.1t00.5) 0.669 (0.507 t0 0.742)
Shiny white lines 3(1.0) 28(7.7) 31(4.7) 0.1(0to0.4) 0.851 (0.658to0 1.0)
Rosettes 17 (5.8) 51(14.0) 68(10.4) 0.4(0.2t00.7) 0.741(0.676 t0 0.747)
Peppering 2(0.7) 7(1.9) 9(1.4) 0.4(0.1t01.7) -0.005 (-0.005 to -0.003)
White circles 3(1.0) 35(9.6) 38 (5.8) 0.1(0t00.3) 0.767 (0.719t0 0.82)
Scale 15(5.2) 179 (49.0) 194(29.6) 0.1(0to0.1) 0.807 (0.782 t0 0.824)
Glomerular vessels 11 (3.8) 115(31.5) 126(19.2) 0.1(0to0.2) 0.650 (0.501 t0 0.697)
Hairpin vessels 10(3.4) 41(11.2) 51(7.8) 0.3(0.1t00.6) 0.556 (0.332t00.63)
Orange color 5(1.7) 50(13.7) 55(8.4) 0.1(0t00.3) 0.647 (0.538t00.779)

69



Figures

Figure 12: Morpheaform kat Infiltrative BCC ta omoia erubetkviouv ta MAY globules.

\z‘ Nonpolarized dermoscopic image of morpheaform BCC . Polarlzed dermoscopic image of morpheaform BCC

\E Nonpolarized dermoscopic image of infiltrative BCC @ Polarized dermoscopic image of infiltrative BCC

Aand C, Nonpolarized images. B and D, Polarized images. Note that the structure is seen in both modes (original magnification x10).

Figure 13.

A. Aeppatookortiki epdavion twv MAY globules (kitpwva B€An). B. Mavopaptkn 6yn RCM Seixvel Evav
KaAd kaBoplopévo oyko pe hyperreflective, amorphous areas. C. To RCM &eixvel tumor nodules (prAe
B£An) kat hyperreflective, amorphous areas (kitpwva BEAn). D. H OCT 8eiyvel hyperreflective Sopéc pe
okouaoTikn ok (kitpwva BEAN) kat hyporeflective olidia (prthe BEAN). E. lotomaBoloyikn avaAuon (en
face) n omola &eiyvel tumor islands pe clefting kat palisading (umAe B€An) kot evamoBbéoelg acfeotiou
(kitpwva BEAN). F. lotomtaBoloyikn avaiuon (vertical) n omola deixvel tumor islands pe clefting kau

palisading (umAe B€An) kot evamoBéoslg aoPBeatiou (kitpva BEAN) uMOETLOEPULEIKA.
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E Dermoscopic image

Reflectance confocal microscopy image, panoramic view
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Figure 14.

A. Aspuatookorikn epdavion BCC n omoia amnstkovilel MAY globules (kitpwva B€An) B. RCM swova n
omoia amnewovilel tumor nodules (umAe BEAn) kot aoBeotomotioslg (kitpwva BEAR) C. OCT n omola
amewovilel hyperreflective Sopéc pe akouvotikr okld (kitpva BEAn) kat hyporeflective olidia (purAe
B£An). D. lotontaBoloyikr avaAuon (en face) n omoia Ssixvel tumor islands pe clefting kat palisading

(urtAe BEAN) kat evamoBéaoelg acBeotiou (kitpva BEAN)

E Dermoscopic image Reflectance confocal microscopy image

E Optical coherence tomography
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Expert Agreement Study on Dermoscopy MeAavokuttaptkwyv PAaBwv (EASY study)

Eloaywyn

Onwg ekBEoape kal oTnV eloaywyn TG StatplBng, N AepUaTtooKOTNGoN VAL Lo LN EMEUPATIKA
SLayvWwOoTLKN TEXVLKA N omola £xel amodelyBel 6tL Bonba otnv £ykalpn SLayvwon Tou KOpKivou Tou
S€puatoc Kat el8IKOTEPA TOU peAavwpatoc.2271:107 4 Aeppatookonnon xpnotpomnoLel TOAWHEVO f 1N
ToAWUEVO Pwg Kat otabepr) pey£EBuvon 10X MPOKELUEVOU VA ATIELKOVIOEL OTOLXELOl SEPUATOAOYLKWV
BAapwv mou Bpiokovtal K&Tw arnod tnv kepdtivn otPada tne emdeppidac.494! Yrndpxel éva peydo
€UPOC EPEUVWV OL OTOLEG UTIOYPaUUI{OUV TO TTAEOVEKTLATA TNE SEPUATOOKOMNONG, WOTOCO, EVW N
Sepuartookonnaon adlapdloBitnTa BeATIWVEL TN SLoyVWOTIKA akpiBela twv depuatoAdywy yla tn
Slayvwaon tou Kapkivou 8€puatocg, n cupdwvia PeTaty Twy apatnpntwy (interobserver agreement)
ylaL TNV TTAPOUGCLO GUYKEKPLUEVWV SEPUOTOCKOTILKWY KPLTNPLWV TIAPOUEVEL KAKI EWG LETPLA, OKOUA KOl

avapeoa os experts TNe dSeppatookonnonc.’2:109

OLAdyol yla autn TNy Kakn cupdwvia Sev €xouv Sleukpviotel mMARpw aAAd Ba pmopoloayv va
neptAapBavouv: (1) Stadopécg otnv avtiAnn twv dtadpopwv KpLtnpiwv avapeoa oToug mapaTnpnTEC,
(2) mBavn aAAnAoerikalupn Stadopwv kpitnpilwvy, (3) ENeldn npotumonoinong tng SEPUATOOKOTIKIG
opoloyiag, (4) SepUOTOOKOTIKA KPLTHPLA Ta omtola gival pn avarnapadfipa, (5) xprion oakataAAnAwv
OTATLOTIKWY HEBOSWV yLa TNV HETPNON TNG cUHbwWViag petafl Twv mapatnpntwv. MNpotepeg
T(POOTIAOELEC OTOV TOUEN E£XOUV ETILXELPHOEL TNV TIPOTUTIONOLNGN TNG SEPUOTOCKOTIKI G OpoAoyiag,
wWOoTO00, AUTA TA KpLTHpLa Sev £xouV eAeyxDel yLa TNV avamapaywyLLoTnTa Toug, Kabwg Kal tnv

aflonotia Toug.39
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Mpokelpévou va emiteuxBel auénuévn xpron tng SEPUOTOCKOTNGONG ATO TOUG KALVIKOUC LaTPpoUG KaBwg
KoL yla va BeAtiwBel n dtayvwoTtikn akpiBela twv atpwyv n BeAtiwon tou interobserver agreement,
OTIWG KOlL N T(POTUTIOTIOLNON TNG SEPLATOCKOTILKN G opoAoyiag elvatl tpoamnaltovpeva. MNa tnv enitevén
QUTOU TOU oTO)oU oxedlaoape tnv Expert Agreement Study on DermoscopY (EASY Study) yia
MEAQVOKUTTAPLKEG BAAPBEC. I aUTA TN UEAETN EMLYELPROAE Va UTTOAOYIOOULE TNV interobserver
agreement twv £181Kwv otn Seppatookomnnon o€ 31 (Tplaviagva) SEPUATOOKOTILKA KPLTpLa Ta omoia
glval e181ka yla tn Stayvwon pehavokuttaplkwy BAaBwv, onwc mpoékuPav amnod To TeAsutaio

consensus.3°

Mpog auTo to okomo, INTHoaUE amnod l61koU¢ 0T SEPUATOOKOTINON VA UTIOPAAAOUV ‘apXETUTILKEG
BAaBeg, oL omoieg epnepleiyav to 31 SEPUATOOKOTIKA KPLTAPLA LE TIOPASELYLATIKO TPOTO. AUTEC OL
BAGBeg xpnolpomnolBnkav MPoKELUEVOU va SLEPEUVAOOUE TN CUHGWVIA TWV ELSLKWY WE TIPOG TNV
mapouaia, A TNV AMOUCLA TWV CUYKEKPLUEVWYV KpLTnplwv. EMMpooBETw g, HECW TOU WWW.isic-
archive.com avantufape pia hatpopua yia dte€odikn meplypadrn (annotation) twv kpLtnpiwv autwy
Qo TOUC L8LKOUG TN deppatookomnong. Méow autn¢ tng mAatdopuag ot eldIkol prmopovoav va
npoadlopioouv mou akplBwg otn PAAPN Bpiokovtal ta 31 kpLtrpLa, kKavovtag spatial annotation Twv
superpixel (opadec pixel Ta onola opolaouv HeTafy TOUg) oL T TtepLelyav. H meplypadn Twy
KpLtnplwv amo toug e161koU¢g oto eninedo tnG BAABNC eMITpEMEL TNV AvAAucn Tou interobserver
agreement yLa Tnv mapouaia f OxL Twv KpLTNPlwy, evw n avaiucn oto eninedo twv superpixels

ETUTPEMEL TNV avaluon TG aAANAoETIKAAUPNG TWV €V AOYW KpLtnpiwv.
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YAWA kot MéBobSot

Auth ftav pia cross-sectional, observational peAétn n omola npaypatonoBnke petafL tng 1
YentepPpiou, 2017 kat tng 31" lavouapiou, 2020. MNpookAnoelg otaABnkav péow email og 32 e161koUg
otn Seppatookonnaon. Q¢ eldikol¢ mpoodlopioape SepUOTOAOYOUG e TtEpLOcOTEPA Ao 10 xpovia
eunelplag otn SepUATOOKOMNGN KAl OL OTIoloL £X0UV CNUAVTLKN cuVelodopa otV eEEALEN Tou Ttediou
TO0O PECW £peuvag 0600 Kal Stdaokaliag. Zntrnoaue amo Toug el8Lkoug va cuvelodEpouv 1 €wg 3
€IKOVEC BAaPwv yla kABe éva amo ta 31 HEAAVOKUTTAPLKA SEPUATOOKOTILKA KPLTAPLA, OL OTIOLEG Val
anetkovilouv mpdtuna napadeiypota Twv kprtnpiwv avtwv.3? (Supplementary Table S1: Oplopol
KpLTNpilwv Kal ol CUVTUAOELG Touc) QG IPOTUTN ELKOVA OPLOAE TLG ELKOVEC OL OTIOLEC lxav EEALPETIKN
TIOLOTNTA KOl ATIEKOVLIAV TO KPLTNPLO Lo TO OTtolo KatatédBnkayv in-focus Kat pe MOpaSELYUATIKO TPOTO.
ZUuvoALkad, 25 elbikoi (81%) cuveloédepav 964 £LKOVEG LeAavOKUTTAPLKWY BAaBwv. Ek Twv 32 €L8LKwV oL
omoiol mpooekANBnoav apxKA va CUUETAOXOUV OTh LEAETN, 21 (66%) oAokApwoav To annotation
OAwv Twv BAaBwv kat tEvte emMAEoV eL08LKoL TpooekAnBnoav va CUHPETATYOUV. OAEC OL ELKOVEC Elval

SlaBéotpec oto International Skin Imaging Collaboration Archive (ISIC Archive).10

Mpokelpévou va kabopioou e Tov amapaitnto aplBuo readers Kal Twv aLOAOYNOEWYV TTOU £KOOTOC
ETIPETIE VOL TIPAYLATOTIOL OEL XPNOLLLOTIOL OO LE TipOCOpOoLWoEeL Monte-Carlo tng intraclass correlation
coefficient. YnoAoyioape ot pe éva confidence interval tng tdfewg tou 95% kat interclass correlation
coefficient tng tafewc tou 0.5 w¢ T0 pETPO TG ouudwviag, 5 readers ava dataset Ba apkoloe

TIPOKELUEVOU va afLOAOYNOOUE TN cupdwvia Twv readers yla ta 31 SEPUOTOCKOTILKA KPLTHPLA.
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ErttAoyr} Aepuatookorikwy Kpttnpiwv

TupnepAdBape Kat to 31 HEAQVOKUTTAPLKE SEPUOTOCKOTILKA KPLTAPLA aTtd TO consensus tou 2016. 39
Auth n Alota oupnepleAdpPave 14 kpitrpla ta onola €xouv uPnAn el8IKOTNTA yia TN SlAyvwaon

pelavwpotoc.4!

Anutoupyla twv eniuepouc Dataset

Tpelg eldikol otn Seppatookonnon (K.L., C.N-D. and A.A.M.) emtéAe€av 310 amo TIC ELKOVEC TTOU
£0TAANOAV OO TOUC £L8LKOUG PECW consensus. EmeAéynoav 10 elkOVEG ava SEPLATOCKOTILKO KPLTHPLO
Ue BAon TV moLoTNTA TNG EIKOVAG, TNV TTAPaSELYUATLKA TTapouciaon Tou KABe kpttnplou Kal tnv
napouaia OAwv Twv metadata. AUTEG oL ELKOVEG XpnoLpomoLnBnkav nmpokelpévou va Snuoupynbouv 5
datasets, To kaBéva amoteAoUEVO amd 62 SEpUATOOKOTIKEG £LKOVEC. KaBe éva amo ta 5 dataset
ouunepleAdpPave 2 ‘exemplar’ SepUOTOOKOTIKEC ELKOVEC yLo KaBEva amo ta 31 SEpUATOOKOTILKA
kpltipla. OL 25 e16ikol otn depuatookonnaon Kataveundnkayv tuxaio os éva anod ta 5 datasets,
TIPOKELUEVOUL va TTpoBouv oTo annotation Twv ewkovwy. Ta annotations 6gv oAokAnpwOnkav yla éva

amno ta 5 datasets kat amokAeioBnkav anod nepaltépw avaiuon.

Anutoupyla twv Superpixels

AkolouBwvtag To upload Twv Seppatookomikwy elkovwv oto ISIC Archive (www.isic-archive.com), évag
“Xaptng amod superpixel Snulouvpyeital avtopata. To segmentation elkovwy o€ superpixels sivat pa
TEXVLKH yla TNV opadomnoinon Yeltovikwy pixel pe Baon tnv opoldTNTA TOUC KAl TV €yyUTNTA TOUG OTO
Xwpo. Xpnotuomnotoape tov ahyoplBuo SLIC (Simple Linear lterative Clustering) Baowlopevol oTo xpwua
TwV pixel yla va mpoyHOTOMOLNCOULE TNV opadomnoinon Bacl{OUeVOL OTLG XPWHOTLKEG AVTIOEDELG HeTOED

yettovikwv pixel. #3110 (Figure 15).
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Annotation twv SEPUATOTKOTILKWY ELKOVWV

Avantuéape €va online epyaleio péow tou ISIC Archive (ISIC annotation tool) mou enitpénel otoug
annotators va emAéyouv SEpUOTOOKOTILKA KpLThpla Tooo oto eninedo tng BAaBn¢ (lesion-level
annotations), 600 Kat oto emninedo Twv superpixels (spatial annotations).'? Ta annotations oto eninedo
™¢ PAAPNG emTpEMEL TNV eMAoyn o duadiko eninedo - mapouasia f anmovaoia evog SepUATOOKOTILKOU
KpLTtnpiou - xwpic va mpoadlopiletal o€ molo onpeio eviog tng BAABNC mapatnpeital To ev Adyw
kpLtiptlo. Avtibeta, Ta superpixel annotations enttpénouv va npocdlopiletal xwpeLKA Tou evtomileTal
Ka0Be kpttnpto. To ISIC annotation tool pmopet va xpnotponotnBei ywa tTnv tautonoinon moAAaniwv
OEPUATOOKOTILKWY KPLTNPLWV eVTOg pLag BAABNC, akopa kat av aAAnAsrikaAvmntovtal. Ot eldikol ot
omoloL mpayuatonoinoav ta annotations sv yvwptlav tn Stdyvwaon twv BAaBwv kal ntav eAevBepol va
emAEEOUV OmoLa KpLtnpLla StEkpvay otig BAaBeg oupdwva pe tnv avtiknn touc. (Emidelén tov nwg

Asttoupyel n mhatddppa propei va Bpebet edw https://youtu.be/jgJdCD3k3Es) Mapddelypo pLog K Twv

OEPUATOOKOTIKWY ELKOVWV LE TO Slaxwplopod oe superpixels kaBwg kal Ta annotations amo toug 5

€L81kou¢ umopet va Bpebel otnv Figure 15.

AvdAuon tou Agreement

Mpayuatonolnoape tpla enineda avaluong: (1) Agreement yla tTnv mopoOUGLO TOU KPLTNpiou yla To
ormolo katatebnke n swova (exemplar feature) amnod toug 161kol¢ (2) Agreement yla ta exemplar
features oto eninedo twv superpixel & (3) Agreement yla ta non-exemplar features oto eninedo Twv

superpixel.
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Agreement oto erntinebo tn¢ BAabn¢

Zuupwvia otnv napouvcia tov exemplar feature:

MNapadelyLaTIKEG ELKOVEC yLa kaBéva amo ta 31 kpitrpla Stapolpdotnkayv os kabgva ano ta 4 dataset
To omola cupumepA\ndBnkav otn peAétn pag (2 exemplars yio kaBe kpLtriplo). AkoAoUBwC ta SeSopéva
ouuntuxbnkav ot £va dataset mpokeEvou va avaAuBouv. YItoAoyloo e TV mocooTtiaia cupudwvia, To
Fleiss kappa kat to Gwet’s AC1 yLa kaBéva amo ta 31 Seppotookorikd kpttipla. 11 O unoAoytopdc
audotepwv Twv Fleiss kappa kat Gwet’s AC1 £€ylve TPOKELUEVOU va cUVUTIOAOYiooUE TNV tapadoln
enidoon tnc Fleiss kappa ota 6pLa TNG KOTAVOUNE TNG TOCOOTIAL0G cUNPWVIaG. MPoKELUEVOU va
Slepeuvnoou e mepalTtépw TBavr aAAnAosTKAAL PN LETAED TWV SEPLOTOCKOTIKWY KPLTNplwy Ta
ocuvbudoaype oe 7 ‘super-categories’ kpttnpiwv (Dots, Globules/Clods, Lines, Network, Regression
Structures, Structureless and Vessels), Statnpwvrtag Eexwplotd ta doutka dtadopetika kpLtripta Shiny
White Structures, Angulated Lines/Polygons, kot Negative Network pe Bdon ouvaiveon petalt 4 ek twv
gpeuvntwv (K.L., C.N-D., M.A.M, & A.A.M.). H pé€tpnon t¢ cupdwviag mpayuatonoLdnke Kal yLo TiG
‘super-categories’, evw n gpunveia twv Kappa & Gwet’s AC1 nmpaypotonolnonke onmwc umoypoppiotnke
arnd toug Landis and Koch: 0<0.4 (poor agreement), 0.4<0.75 (fair to good), kat 0.75-1.0 (excellent

agreement).’12

Suupwvia oto srinedo Twv Superpixel:

MPOKELUEVOU VA EKTIUNCOUE TN cupdwvia petafd Twv readers oto 610 superpixel, kaBwg kal tnv
aAAnAoemikaAun, A TN oUyxuon HETaL Twv SladopeTikwy KpLtnpiwyv, umtoloyioape to Dice coefficient

avapeoa o KaBe mBavo {elyog KpLtnplwv yLo KaBe éva amo ta superpixels Ta onola eméAefav oL
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readers.'13:114 Autdg 0 uoAoyLopdg yevvd évav aplBud petafy undevikig cupdwviag (0.0, 0%) oe
TEPUTTWOELG TIARPOoUG Stadwviag kal péytotng cupdwviag (1.0, 100%) (dnAadn emloyn akplBwg Twv
(61wv superpixel). MPoKEIEVOU VO ATIELKOVICOUHE TNV avAAUCH auTh HETOEL TwV (EVYWV KpLTNPLwv
Snuoupynoape éva confusion matrix. O KwOIKAC YL AUTEC TIG avaAUoELS eival dtaBgaiuog online oto

Github repository.11®

AmoteAéopata

Annotations oto entimebo tn¢ BAabnc:

Eikool eldikol mpoxwpnoav os annotation 248 SepUATOOKOTIKWY ELKOVWV (8 exemplar elkOVeC ava
OEPUATOOKOTILKO KPLTHPLO) 0 OUASEG TwV 5 el8LIKWY, yla €va cUvoAo 4507 mapatnproswy
SePUATOOKOTUKWY KpLtnpilwv. MovipeLg tapatnproeLg evog kpltnpiou amotéAeoe 1o 22.4% OAwv Twv
TApATNPNOEWY, EVW amOAUTN cupdwvia (LeTafl OAwv Twv readers) mpoéku e oe 65 eKOVES (26.2%)

(Supplementary Table S2)

Agreement yio to exemplar feature oto eniredo tn¢ BAaBnc:

Ta amoteAéoparta tou agreement napouotalovial oto Table 7. H mocootiaia cupdwvia yia ta
Sladopa kpitrpLa oikAe. Ta uPnAoTepa TOCOOTA agreement TapaTnERBNKAV yLO TA KPLTPLO:
‘Peppering / Granularity’ (92%), ‘Shiny White Streaks’ (90%), ‘Typical Network’ kat ‘Irregular Blotch’
(86%), ‘Negative Network’ (84%), ‘Irregular Globules’ kal ‘Dotted Vessels’ (82%) kat ‘Scar-like
Depigmentation’ kat ‘Blue-Whitish Veil’ (80%). Ta umtoAouma 22 KpLTpLO TTOPHRYOYaV HIKPOTEPA
nooootd cupdwviog (Table 7). ZuvoAika to Fleiss kappa £6eLée xapnAo agreement (<0.4) yla 0Aa Ta

peAavoKUTTapLKA SEPUATOOKOTILKA KpLTrpla, He tnv e€aipeon twv: ‘Rim of brown globules’ kat ‘Irregular
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Blotch’; 0.44 & 0.42, avtiotowa. Autd ta anoteAéopata odeilovral otnv mapadofotnta Tng enidoong
tou Fleiss kappa og e€atpetika UPNAEG, | XAUNAEG TILEC TOU EMUTOAONCHOU EVOC XAPAKTNPLOTIKOU.
Xpnaolpomnolwvtag to Gwet’s AC, Bprikape moAU uPnAn cupdwvia yla ta kpteipla ‘Irregular Globules’
(0.78), ‘Typical Network’ (0.83), ‘Peppering / Granularity’ (0.91), ‘Shiny White Streaks’ (0.89), ‘Negative
Network’ (0.81), ‘Irregular Blotch’ (0.82), ‘Blue-Whitish Veil’ (0.76) kat ‘Dotted Vessels’ (0.77). Ta

uTtOAoLTTa KpLTrpLa eEMESELEQV XaUNAnN £wg HETPLA cupdwvia.

MEeTA TNV CUUTTUEN TWV EMLUEPOUG KPLTNplwy o€ ‘super-categories’ Baol{Opuevol o SOULKEC OLOLOTNTEG,
napatnpnoape vPnAotepa enimeda cuvollkol moocooTlaiou agreement, OTw¢ Kal Tipwv Gwet’s AC. Ta
kpttipLa ‘Globules/clods’, ‘Network’, ‘Regression Structures’, ‘Shiny White Structures’, ‘Negative
Network’ kal ‘Vessels’ emédelfav e€alpeTiko agreement pe Tineg Gwet’s AC >0.81. Métpla cupdwvia
gudavicay Ta kpLripla ‘Lines’ kat ‘Structureless’, evw ta kpttrpla ‘Dots’ kat ‘Angulated lines’

gudavicav YapnAo agreement.

Superpixel level annotations:

KaBepia amo tig 248 SepUATOOKOTILKEG ELKOVEC TTOU avaAlBnkav otn HEAETN Hag Xwplotnke og mepimou
1,000 superpixel (mean=1001.4, SD=18.1). Eva cuvoAo 47,524 Superpixel €ywve annotate amno toug
€161KOUC O€ QUTEG TIG ELKOVEG. Aladwvia avadoplkd pe Ta SEPUATOOKOTILKA KPLTHPLA TPOEKUYE OTO

81.5% twv superpixels mou €ywvav annotate (N=38,732 superpixels).

Percent Superpixel Agreement on the exemplar feature:

Yrinpéav 9 kpltrpla ta onoia mapouctalopeva wg exemplar feature epdpavioav xwpikn (spatial)
agreement >10% avapeoa otoug 5 £L6LKOUG oL omoioL ATav readers. Autd ta kpLtipLa oy ta Typical

Network’ pe 36.2% amnoAuto (100%) agreement avapeoa otoug readers, ‘Cobblestone Pattern’ e
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24.7%,‘Rim of Brown Globules’ pe 19.6%, ‘Blotch Regular’ e 17.6%, ‘Blotch Irregular’ pe 17.2%,
‘Negative Network’ pe 15.3%, ‘Shiny White Streaks’ pue 15.2%, ‘Peppering / Granularity’ pe 11.3% kau
‘Blue-Whitish Veil’ pe 11.3%. (Table 8).

Aéka ek Twv 31 kpLtnplwv Sev epdavicav kabBolou spatial agreement avapeoa otoug expert readers
(0%), auta Atav: ‘Regular Dots’, ‘Milky Red Globules’, ‘Regular Globules’, ‘Angulated lines’, ‘Branched
Streaks’, ‘Broadened Network’, ‘Delicate Network’, ‘Homogeneous Pattern’, ‘Milky Red Areas’ kat

‘Corkscrew Vessels’.

Percent Superpixel Agreement on all features (exemplar and non-exemplar):

Ta kpLTipLa Pe to uUPNAGTEPO TTOCOOTO amdAuTou agreement (100%) avaueoa otoug readers nTav: o
‘Cobblestone Pattern’ e 14.63% amnoAutou (100%) agreement, ‘Typical Network’ pe 11.88%, ‘Rim of
Brown Globules’ pe 10.86%, ‘Dotted Vessels’ pe 5.83%, ‘Negative Network’ pue 5.27%, ‘Shiny White
Streaks’ pe 4.99%, ‘Peppering / Granularity’ ue 3.82%, ‘Starburst Pattern’ ue 3.36%, ‘Blotch Regular’ pe
2.86%, ‘Blotch Irregular’ pe 2.37% kau ‘Polymorphous Vessels’ pe 2.09% anéAutou (100%) spatial
agreement avapeoa otoug readers (Supplementary Table S2). Ta (6t 6éka kpLtripLa OV eMESELEQV
punéevikn oupdwvia otav mapouoiactnkav wg exemplar features sixav eniong undevikd agreement

g€etalovrag Ta KPLTAPLA EV TW GUVOAW TOUG.

Confusion matrix kat DICE coefficient (exemplar and non-exemplar features):

To mocooTlaio agreement avapeca oToug experts oto eninmedo Twv superpixel ATav cuyKPLTIKA XOUNAO,
woTto00 péow NG avaAluong tou DICE coefficient evtomicape 50 {evyn kpttnplwv Ta omola emédeléav
otaBepd uPnAn aAAnloemukaiun pe péoo DICE coefficient 20.5 (Table 9). Eni napadeiypart, ‘Atypical

Network’ kal ‘Broadened Network’ €ywvav annotate 85 ¢pop£g anod StadopeTikoug readers, o
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TapooLeG TieploxEg superpixel pe DICE coefficient tng taéewc tou 0.584- avtiotolya ta ‘Delicate
Network’ kal ‘Typical network’ éywvav annotate 67 ¢op£c anod StadopeTikouc readers o TAPOUOLES
Tieplox€G superpixel pe DICE coefficient tng taéewg tou 0.637, evw Ta kputipla ‘Broadened Network’ &
‘Typical Network’ éywvav annotate 33 ¢popéc anod StadopeTikolc readers 0 TAPOUOLEG TIEPLOXEG
superpixel pe DICE coefficient tng tafewc tou 0.658, deiyvovrag £tol tnv mibav aAAnAoemikalun Twv
OPLOUWY QVAHUECO OTA 4 QUTA LEAQVOKUTTOPLIKA SEPUATOOKOTILKA KpLTrpLla. EmumpooBETwg, To KpLThHpLo
‘Homogeneous Pattern’ — éva yeviko pattern polalel va ival pn el81ko Kal epdavioTnke va
oAAnAemikaAUTTeTOL PHE oXeSOV OAa Tat SEPUATOOKOTIKA KPLTAPLA TO OTtola avaAuBnkav ot HeEAETN pogG
(Figure 16). Napadeiypata apdotepwy twv anoteAeopdtwyv (UPnAd overlap/agreement oe éva
KpLTnpLo Kat e€loou uPnAn Stadwvia oe GAAQ KPLTAPLA) UITOPOUV va aveupeBouv oto Supplementary

Figure 1.

YulAtnon:

Y& auTN TN HEAETN n omola cupmeplélapBe 20 Siebveig experts otn depuatookonnon afloAoynoape To
agreement yla ta 31 avayvwpLlopéva, LEAQVOKUTTAPLKA, SEPUATOOKOTILKA KPLTAPLA OE 248 £IKOVEG
pelavokuTtoptkwy PAapwv.3 To agreement oto eninedo tng PAAPNE ATav HETPLO yLa TTOAAS amtd ta
TIPOTELVOLLEVA KPLTNPLA, LE LOVAPELS TTAPATNPROELS va amoapTilouv To 22.4% OAwv Twv annotations and
Toug expert readers. Bprkape onuavtiki cupdwvia oe 14 and ta 31 kpuripla (45.2%) evw eEQLPETIKO
agreement npogkuPe LOALG o€ 8 amo ta 31 kpitrpLa (25.8%), akOUa KoL OTAV TAPOUCLACTNKAV WG
exemplar features.!:112 EySiadépovoa Atav n mapatipnon nwe anoé ta 14 kpiripla pe vPnAo
agreement ta 7 Atav kpttnpla pe uPnAn e81KOTNTA yLa TN SLAyVWaon LEAOVWHOTOG, KATASELKVUOVTAG
TIWG OUTA TA KPLTAPLA ElvaL amapaitnta yla tnv KAWIKN paén. EmumAgov, n cbumtuén Twv 31 kptnplwv

o€ eMPEPOUC ‘super-categories’ Baol{Opevn o€ SOULKEG OLOLOTNTEG AVESELEE KAAUTEPO agreement, Ue
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Vv e€aipeon Twv ‘Dots’. AUTA TA EVPN AT UTIOVOOUV TTWG EVOEXOUEVWE Va UTIAPXEL AAANAoETUKAAUYN
TOCO OTOUG OPLOLOUG, 000 Kal oTnv avtiAnyn twv Stadopwv KPLTNPpLlwy IOV EVTACOOVTAL O AUTEC TLG
‘super-categories’, Ta onola Ba pmopovcav va avaAuBouv epaltépw N va emavanpoodloplabolv

TIPOKELUEVOUL va SnuloupynBouv mo aglomiota Kat avamnapafiua SlayvwoTKA KpLThHpLa.

MponynBeioeg £pguveg ato mebdio iyav Seifel xaunAn £éwg HETpLA oUPdWVIA YLO TNV TTAELOVOTNTA TWV
Sepuatookomikwy KpLtnpiwv.”®199 Qotdoo, autd mou Sloxwpllel TV €peuva pog eival eV TPWTOLS N
Xpron Twv exemplar §€PUOTOCKOTIKWY ELKOVWY, OL OTtoieg UTIOPANBNKaV armo Toug eL8LKOUC oL omoiol
£Youv TepLlypAP el TNV MAELOVOTNTA TWV UTIO €€€TaON KPLTNPiwy. H Xpron auTwV TwV ELKOVWY eEdepe
vPnAdTEPO agreement CUYKPLVOUEVN LIE TIPOTEPEG EPEVUVEG EVW SnULolpynoe Eva Snuoota Slabéatuo
apxelo ‘exemplar’ elkovwv to omoio pnopet va xpnowuomnonBel amo 6Aoug yla tnv Mpoodo TnG EPEUVag
tou mediou. 10 EmumpooBétwe, n peAétn pog eivat n mpwtn mou aflonoinoe o spatial localization
XPNOLLOTIOLWVTAG Ta superpixel wote va nmeplypael To agreement yla ta SEPUATOOKOTILKA KPLTHPLA.
AUTH N KOLWVOTOWOC TIPOCEYYLON LaG EMETPEYE VA TIPOOSLOPICOUE TO KPLTHPLA TA OOl
oAAnAemikaAuntovral, Sivovtog pog £ToL Tn SuvatotnTa Vol aVOAUCOUUE ETL IEPALTEPW TNV OTITLKNA
avtiAnyn twv e8kwyv otn deppatookomnnon. TEAOG, o emnpooBetog umoAoyLopog Tou Gwet’s AC pag
npooédepe TN Suvatotnta vo urtepBol e Toug TtepLopLooUC TG Fleiss kappa oTig akpaleg TIUES TNG

KOTOVOUNG TWV KpLtnplwv.

To ouVOALKO agreement, TIOLKIAAE yLa ta Stadopa SEpUATOOKOTILKA KpLtrpla. QoTdo0, £va ONUOAVTIKO
TUAMA TNG MEAETNC pog adopolos otn Xpron Twv superpixel yLa Tov XwpLko mpocSLlopLloUo EKACTOU
KpLTnpiou oTIC SEPUATOOKOTIKEC ELKOVEC TTOU CUUTEPIARPONKav otn PeAétn pag. Ta superpixel
annotations pog EMITPEMOUVY TNV EMUMPOCOETN KATAVONGCN TWV OAANAOETIKAAUPEWVY PLETALY

SLaDOPETIKWVY SEPUATOOKOTILKWVY KPLTNPLwY, KABWCE Kal VEEC IPOOEYYIOELG yLa TNV OVAAUCH TOU
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agreement. H cupdwvia oto eninedo twv superpixel Atav xapnAn- poAlg 19.6% tou cuvoAou Twv
superpixel Ta omola €ylvav annotate ano toug eldikou¢ emedetav cupdwvia PeTAL 2 1) TEPLOCOTEPWV
readers, evw HOALG 11 kpitrpla £6eL€ayv spatial agreement >2% avapeoa 0to cUVOAO TwWV aloAoynTwv.
Qotooo, otn HeAETN pag tpoodlopiocape 50 Levyn kpltnpilwv ta onola enédeltav otabepd v PnAd DICE
overlap (>0.5). Kat’ auto tov TpOmno UMOPECAE VA EVIOTIICOUE TO KPLTHPLO T OTtola UIMopEL va
iPoKAAEoouV olyxuan, 1 Ta onola £(o0uv OAANAETILKAAUTITOUEVOUC OPLOUOUC, KOO KOL YLt TOUG
€l81kou¢ otn Sepuatookonnon (Table 9, Figure 16). Ztn peAétn pag cupnephdpope 4 StadopeTikd
KpLTpLa uTo TNV ‘super-category’ ‘Network / Reticulation’, Ta onoia mapouoldlouv SOoUKEG OUOLOTNTEG,
Baowduevol oto TeEAeuTaio consensus TG SEPUATOOKOTIKAC opoloyiac.3? Avo €€ autwv sivat el8Kd yla
™ dtayvwon pelavwuatog (Atypical Network kat Broadened Network), éva cuoXeTileTal Pe TN
Stdyvwon omidwv (Typical Network), evw €va eivat pn €l61ko (Delicate Network).3941 Qotdoo, mopd
Touc SLadopeTIKOUG OPLOUOUG TOUG Kal Tn SLapOpPETIKN) TOUC onpacia otnv KALVLKA TPAgn, To KpLTrpLo
auta enédeléav éva otabepd uPnAo DICE coefficient otn peAétn pag. EmutpooBétwe, o 1dLo loxuoe Kot
yla ta ‘Irregular Globules’ (OR yia Stayvwon pehavwpatog 1.7-4.8) kat ta ‘Regular Globules’, éva
KPLTAPLO EL81KO yia TN SLdyvwon kahonBwv pehokuttoapkwv BAapwv. (Table 9, Figure 16).3941
MeANOVTIKEG peAETEC XpeLalovTal TIPOKELUEVOU Va SLEUKPLVIOTEL av auTd Ta eupnpota odeilovtal o
Stadopetikn avtiAnyn Twv aAANAETUKOAUTITOUEVWY KPLTNPLWV amd Toug eldIkoug, Aoyw EAAeWNG

EMAPKOUG KOTAVONONG TWV OPLOUWY, | Adyw cUyXpovnG MApousiag Twy eV AOyw KpLtnpilwv.

H mpooéyylon tng avaluong elkovwy HEow superpixel eixe xpnotpomnolnBei moAaldtepa
TIPOKELUEVOUL va BEael To ground truth yla Tnv ekpdbnon SEPUOTOCKOTIKWY KPLTNPLlwY oo
aAyopLBOUG TEXVNTAC VoNUooUVNG, woTOoo auTo To annotation gixe mpaypatonownBel anod povo évav
expert (K.L) kot n enioon twv aAyopiBpwv otnv avayvwpLon Twv kpretnpiwv Atav xapnin.28:29 o

aAyoplBpoL TexvnTAG vonuooLvng €xouv emtbeifel UPNAEC SuvaToOTNTEG yLo TN SLAyVWaon LEAQVWHLATOG
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KoL GAAwV Kapkivwv d€puatog kal Ba pmopovoayv va amodetyBouv MoAUTIHOL CUUAXOL 0TNV KALVLKNA
npdi€n.30:58.116 51 pedétn pag Seiape mwe moAlarmhol readers mPOOEKTIKA ETUAEYHEVWV
OEPUATOOKOTILKWY EIKOVWYV Ba prmopouoayv va amoteA£couy T BAon yla TNV KAAUTEPN KATAVONoN TWV
SEPUATOOKOTILKWY KPLTNPLwV Kal Ba pmopoloav va BEATLWOOUV TNV NS00 TwWV oAyopiBUwWY TEXVNTAG

vonpoouvng LEow eMIBAENOPEVNG EKUABNONG.

O MpwTapXLKOG 0TOXOC TNG UEAETNG Hag adopoUae atn Slepelvnon Tou agreement PETALY TwV
el8IKWV oTn depuatookonnon yla ta 31 LeEAAVOKUTTAPLKA SEPLOTOCKOTILKA KpLTHpLa. Ta anoteAéopota
pag €6el€av Ta kpLtipla ta onola £xouv LPNAGTEPA TOCOOTA cUPdWVIAC, KABWC KAL TA KPLTRPLA TA
omota aAAnAemikaAUTToVTaL e AAAQ. AUTOU TOU TUTIOU OL LEAETEG UIMOPOUV eVOEXOUEVA VOl
amnoteAéoouy Th Bacn ylo BEATIWHEVOUC SLAYVWOTLKOUG aAyOpLlOUOoUG, OTIWG KOL YL TTPOTUTIOTOLNEVN
opoloyia otn depuatookonnaon, odnywvtag £Tol oe uPNAOTEPN SlayvwaoTik akpiBela, TOOO amo Toug
KALVIKOU ¢ SepUaTOAOYOUG, 000 Kal oo Toug aAyoplBuoug texvntig vonuoouvng. Evag onuavtikog
OTOXO0G TNG LEAETNG aUTHC adopouce ot SnULoupyia EVOG IPOTUTIOU apXELOU ELKOVWY, oL oTtoleg Ba
emdeikvuay ta 31 HEAQVOKUTTOPLIKA SEPUATOTKOTILKA KPLTNPLO UE TIAPOSELYUATIKO TPOTIO YL
QIMOTEAEOUATIKY EMLOTNUOVLIKH ETMLKOWVWVIA, yla S1daxr Kal yla aoknoelg aAyopiBuwy texvntng
vonpoouvng. AUTEC oL 248 elKOVEC, LE T ouvodA TOUC annotations Kal TG TEPLOXEC oupdwViag

OVAUECQ OTOUG TTAyKOOULOUG L8IKoUC TG Seppatookomnnong Bpiokovtat oto ISIC archive kal gival

Slabéoteg oto kowo. 0
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Meploplopol:

H xpnon twv superpixels ival pia kawvotopog pEBodog yia tnv aloAdynon tng cupdwviog
petall Sladopetikwy readers. QOTOCO, AUTEC OL TTPOKABOPLOUEVEC TTEPLOXEC EVOEXETAL va. LNV glval
LOEATEC yLa TOV TTPOCSLOPLOUO SEPLOTOCKOTIKWY KPLTNPLWY TTIOU EKTEIVOVTAL TEPQ OO TOL OPLOL AUTA-
€161KA yLa KpLTHpLO Ta omtoia epmepléxouv uPnAo emninedo avtiBeong, 6nwg to Network. Evag aAAog
ONUAVTLKOC TIEPLOPLOUOG TNC LEAETNC Hag elval n aflomoinon Twv expert readers: n yevikeuon Twv
QMOTEAEOUATWY TIOU TtapaxBnkav amod autolg Toug e€eLlSLIkeuEVOUG readers evdeXopEVWE va elval
aduvaTtn oTo YeVIKOTEPO MANBUGCUO Twv Seppatoloywy. EmumpooBEtwg, mapd Tig mpoomabeleg pag va
ouUMEPAABOUE €va LEYAAO EUPOC ELSLKWVY OO OAO TOV KOG elyape LOALG 2 readers amo tn AATIVIKN
Apeplkn katl tnv Avotpalia, kal kavévay amo thv Adpikni Kat tnv Acia. TEAog, autn n PeAEtn dev Ba
ENMpene o€ Kopila nepintwaon va ekAndOel wg embnuiloloyikn LEAETN, ULAg Kal EUTAOUTIOOUE To dataset
HOG UE TMANBWPA LEAQVWHATWY TIPOKELUEVOU VO EXOULE ETTAPKI) AVTLTIPOCWITEVCN TWV KPLTNPLWYV TToU
glval e181ka yla tn Stayvwon peAavwpatog. H emdnuioloyia twv KpLtnpilwv autwy £xet peAetnBel
EMOPKWE OE TPONYOULEVEC EPEUVEC KAL O OKOTIOC TNG LEAETNG LA ATAV VA EEETACOUUE TN ouudwvia

UETAEL €8LKWVY OTNV TTAPOUCia KAL TNV EVTOTILON TWV LEAQVOKUTTAPLKWY SEPUATOTKOTILKWY KPLTNPLwVv.
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JUumEépaopa:

H cupdwvia ota SepUATOOKOTIKA KPLTHPLO TIOPAUEVEL TIOLKIAN AKOUA KoL OTAV XPNOLULOTOLOUUE
€€QLPETIKA ETUAEYUEVEG SEPLLOTOOKOTILKEC ELKOVEG, e readers 181koU¢ otn Sgpuatookonnon. H xpnon
Twv exemplar images SleUKOAUVEL TO agreement, evw n XprHon Twv superpixels MapEXEL ONUAVTIKEG
mAnpodopieg yla Ta KpLTpLa Ta omoial oAANAETUKAAUTITOVTAL, 1] TWV OMOLWY Ol OPLOUOL CUYXEOoVTaL. TN
MEAETN Hag BpNKAUE OTL TA ULOA Ao Ta SEPUATOOKOTILKA KPLTHPLA Ta oTtola ival EL51KA yLa Tn
Slayvwon PeAaVWHATOG £X0UV CNUAVTLIKO agreement evw GAAa onwg ta ‘Broadened Network’ ,‘Delicate
Network’, ‘Tan Peripheral Brown Areas’ €xouv oAU xaunAo agreement, 0KOUO KAl OTO LOEATO OEVAPLO
Twv exemplar images kal evoeXoUEVWE va XPELAETAL ETE VA ATTOKAELOTOUV OO TO KPLTHPLA SLAYVWONG
HEAQVWHATOG, £iTe va cuumtuxBouv petafl touc. TEAog n avaAuon tng aAAnAosmikalung Twv
OEPUATOOKOTILKWY KPLTNPLWV oTo emninedo twv superpixel avédeilfe onuavtiko overlap petafl dtadpopwv
KpLTtnpiwv, umoypappilovtag €ToL TV cUYXUON HETAEY Twv oplopwy Sladopwv Kpltnplwv. AUTEG oL
TIOPOTNPNOELG ELVAL ATIALTOUEVEG TIPOUTTIODECELG IPOKELUEVOU VA TEBOUV OTEPEEC BACELC yLO TNV
olkodOUNGoN consensus, OTWE KaL yLa ToV BEATLOTO OPLOUO TWV KPLTnplwy, wote va ivat Suvatn n
VEVIKEUOHN TOUC Kal N KaBnuépa xprion Touc. Ta amMOTEAECUATA O UITOPOUV VA ATTOTEAECOUV Evav
081KO XAPTN TIPOKELUEVOU Va. ETITEUXOEL KAAUTEPN MPOTUTIOTIOINON TWV SEPUATOCKOTIKWY KPLTNplwv
KoL yla TNV kaBodrynon Twv SEPUATOCKOTIKWY SLayVWOTIKWY aAyopiBuwV PokeLEVOU va eTTEVYOEL

vPnAdtepn xprion kat amodoxr tng SEPUATOOKOTINONG AVAUECO OTOUG KALVLKOUG SEPUATOAOYOUG.
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Tables:

Table 7. M€tpnon Tou agreement yLa LEPOVWHEVA SEPHLATOOKOTILKA KPLTAPLA, KABWE KAL YO TIG ‘super-

categories’ oto eninedo tn¢ PAAPNG.

Individual Dermoscopic Features

Combined Dermoscopic Super-feature

categories
% %
agreem | Fleiss’ | Gwet’ agreem Gwet’

Variable ent kappa | sAC Variable ent kappa [ sAC
Dots : Irregular 60.00% | 0.095 | 0.282 Dots 61.00% | 0.137 | 0.288

4 9 1 4%
Dots : Regular 60.00% | 0.200 | 0.200

0 0
Globules / Clods : 60.00% | .0.080 | 0.291 Globules / 91.00% | 0.370 | 0.895
Cobblestone pattern 9 8 Clods 6* o*
Globules / Clods : 82.00% - 0.784
Irregular 0.098 7*

9
Globules / Clods : 46.00% - -
Regular 0.131 | 0.030

5 1
Globules / Clods : Rim 78.00% | 0.441 | 0.636
of brown globule 9 8*

88



Lines : Branched streaks | 76.00% | 0.003 | 0.683 Lines 70.77% | 0.354 | 0.465
3 9* 2% 9*
Lines : Pseudopods 54.00% - 0.218
0.117 0
0
Lines : Radial streaming | 65.93% | 0.014 | 0.479
3 2
Lines : Starburst 54.00% | 0.041 | 0.115
(pseudopods/radial) 7 4
Network : Atypical 70.00% - 0.582 Network 100% 1.0* 1.0*
pigment network / Re 0.063 1*
1
Network : Broadened 38.00% - -
pigment network / R 0.291 | 0.192
7 3
Network : Delicate 48.00% - -
Pigment Network / Re 0.055 | 0.025
2 2
Network : Typical 86.00% | 0.222 | 0.829
pigment network / Ret 2 3*
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Regression structures : 92.00% - 0.913 Regression 96.00% - 0.958

Peppering / Gra 0.041 3* structures 0.020 4%
7 4

Regression structures : 80.00% | 0.322 | 0.716

Scarlike depigm 5 2*

Shiny white structures : | 90.00% - 0.889 Shiny white | 90.00% - 0.889

Shiny white st 0.052 5* structures 0.052 5*
6 6

Independent: 60.00% | 0.188 | 0.211 Angulated 60.00% | 0.188 | 0.211

Angulated lines / 3 4 lines/ 3 4

Polygons / Zig-zag polygons

Independent : Negative | 84.00% - 0.812 Negative 84.00% - 0.812

pigment network 0.087 4 network 0.087 4

(independent) 0 0

Structureless : Blotch 86.00% | 0.418 | 0.815 Structureles 75.06 0.169 | 0.643

irregular 6 6* S 9* 4%

Structureless : Blotch 66.00% | 0.205 | 0.405

regular 2 8

90



Structureless : Blue- 80.00% - 0.756
whitish veil 0.111 1*
1
Structureless : Milky 58.00% | 0.034 | 0.256
red areas 9 4
Structureless : 42.67% - -
Structureless brown (ta 0.148 | 0.144
5 8
Structureless: 46.57% - -
Homogeneous : NOS 0.087 | 0.087
6 6
Vessels : Comma 76.00% | 0.058 | 0.677 Vessels 89.49% | 0.346 | 0.874
8 9* 2% 8*
Vessels : Corkscrew 58.00% - 0.349
0.185 6
8
Vessels : Dotted 82.00% | 0.147 | 0.771
7 8*
Vessels : Linear 68.89% | 0.274 | 0.455
irregular 2 5*
Vessels : Polymorphous | 54.00% - 0.175
0.040 3
3
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Vessels: Milky red 67.00% - 0.510
globules 0.012 4%
4
Table 8.

Superpixel agreement on the exemplar feature.

MNooootlaia cupdwvia avapeoa otoug l6LkoUG oto spatial localization (superpixel agreement) Tou

exemplar features. O Méoog AplBuog Readers (Mean Number of Readers) deixvel o Héco aplBuod twv

€l6IKWV IOV €kavayv annotate TIG ELKOVEC yLa €KOOTO KPLTAPLo. To TOO0OTO TG oL UdwWVIaG avapeoa

otnv mAelovotnta Twv readers (touAdytotov 3 armo toug 5) 260% Bpioketat oto 3RA %, evw KATW Ao TO

Full - 5RA% pmnopoupe va 60U LE TO TOCOO0TO TNG aMOAUTNG SUPWVIAG yLa KABE KpLtrplo (katL oL 5

readers £kavav annotate tnv idla eploxn / superpixels ylo to ev Adyw KpLtrpLo).

Feature

Dots : Irregular

Dots : Regular

Globules / Clods : Cobblestone

pattern

Globules / Clods : Irregular

Mean Number of 3RA-%

Readers

3.875

25

3.625

4.875

0.192648

0.250801

0.629329

0.349432

5RA- %

0.003571

0.247115

0.043504
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Globules / Clods : Milky red

Globules / Clods : Regular

Globules / Clods : Rim of brown

globules

Lines : Angulated lines / Polygons /

Zig-zag pattern

Lines : Branched streaks

Lines : Pseudopods

Lines : Radial streaming

Network : Atypical pigment

network / Reticulation

Network : Broadened pigment

network / Reticulation

Network : Delicate Pigment

Network / Reticulation

Network : Negative pigment

network

Network : Typical pigment network

/ Reticulation

Pattern : Homogeneous : NOS

1.25

2.875

3.625

35

0.875

35

4.25

1.875

2.125

4.5

4.375

2.125

0.016079

0.299281

0.408223

0.156645

0.300592

0.20898

0.30728

0.092118

0.01616

0.644936

0.756599

0.180564

0.195766

0.003906

0.035716

0.031322

0.152862

0.362415
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Pattern : Starburst

Regression structures : Peppering /

Granularity

Regression structures : Scarlike

depigmentation

Shiny white structures : Shiny white

streaks

Structureless : Blotch irregular

Structureless : Blotch regular

Structureless : Blue-whitish veil

Structureless : Milky red areas

Structureless : Structureless brown

(tan)

Vessels : Comma

Vessels : Corkscrew

Vessels : Dotted

Vessels : Linear irregular

Vessels : Polymorphous

3.125

4.625

3.875

4.125

3.375

4.375

25

4.375

1.125

4.5

3.875

3.25

0.330246

0.504966

0.312567

0.532319

0.417691

0.508637

0.4768

0.184145

0.157379

0.176428

0.541738

0.247682

0.315864

0.041268

0.112971

0.050974

0.151495

0.172234

0.175758

0.112656

0.033333

0.027243

0.082328

0.036885

0.002083
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Table 9.

Zelyn kpltnpilwv pe uPnAo (>0.5) DICE spatial overlap ota superpixel annotations. N of pairs deiyvel

niooeg popeg mpoékuPav ta Levyn e to uPnAd overlap otn peAéTn pag, evw % overlap deixvel to

Tt0o0oTO Tou spatial overlap.

N of % overlap Feature 1
pairs
92 52.80% | Network : Atypical pigment network /
Reticulation
85 58.40% | Network : Atypical pigment network /
Reticulation
68 55.60% Vessels : Linear irregular
67 63.70% Network : Delicate Pigment Network /
Reticulation
64 67.00% Lines : Radial streaming
58 86.50% Globules / Clods : Cobblestone pattern
42 90.10% Pattern : Homogeneous : NOS
33 65.80% Network : Broadened pigment network /
Reticulation
31 71.50% Globules / Clods : Irregular

Feature 2

Network : Typical pigment network / Reticulation

etwork : Broadened pigment network / Reticulation

Vessels : Polymorphous

Network : Typical pigment network / Reticulation

Pattern : Starburst

Globules / Clods : Regular

Structureless : Blotch regular

Network : Atypical pigment network / Reticulation

Globules / Clods : Regular
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29

29

25

24

24

22

18

16

14

14

13

12

66.30%

50.70%

62.20%

67.90%

56.20%

50.30%

70.10%

54.90%

72.30%

67.00%

50.30%

57.50%

56.80%

52.40%

Pattern : Homogeneous : NOS

Network : Negative pigment network /

Reticulation

Dots : Regular

Globules / Clods : Regular

Pattern : Homogeneous : NOS

Dots : Irregular

Lines : Pseudopods

Pattern : Homogeneous : NOS

Structureless : Blotch regular

Globules / Clods : Rim of brown globules

Structureless : Blotch regular

Dots : Regular

Globules / Clods : Milky red

Globules / Clods : Regular

Actureless : Structureless brown (tan peripheral area)

Shiny white structures : Shiny white streaks

Globules / Clods : Regular

Globules / Clods : Rim of brown globules

Structureless : Blotch irregular

Dots : Regular

Pattern : Starburst

Structureless : Blue-whitish veil

Structureless : Blue-whitish veil

Lines : Pseudopods

Structureless : Structureless brown (tan

Network : Atypical pigment network / Reticulation

Vessels : Polymorphous

letwork : Negative pigment network / Reticulation
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92.90% Structureless : Blotch irregular

71.60% Lines : Branched streaks

61.40% Globules / Clods : Cobblestone pattern

50.00% Vessels : Corkscrew

89.40% Dots : Regular

74.10% Globules / Clods : Cobblestone pattern

72.30% Globules / Clods : Rim of brown globules

50.30% iression structures : Peppering / Granularity

Structureless : Blotch regular

Pattern : Starburst

Pattern : Homogeneous : NOS

Vessels : Polymorphous

Globules / Clods : Cobblestone pattern

Network : Negative pigment network

Pattern : Starburst

Structureless : Blotch regular
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Figures

Figure 15.

A. Mapadelypoa Seppatookomikng etkovag (ISIC_0022328) evdg peAavwHATOC TTou cUUTepARdOnkKe otn
MeAETN pag yio to ‘exemplar’ feature ‘Structureless: Blue Whitish Veil’; B-F. H S£potooKoTiK elkOvVaL
ETUKAAUTITOEVN o Ta superpixel outlines ka Ta annotation eKAOTOU K TWV 5 ELSLKWV yLaL TA KPLTHPLAL
ta omola eméAe€av. G. XpWHATIKA OITELKOVLON EKAOTOU EK TWV KPLTNPLWY TTIOU EMEAEYNOAV YLA AUTH TV

glkova. H. Jupdwvia petafl OAwv twv eldLIKwv.

I Dots : Irregular
Il Globules / Clods : Irregular
I Globules / Clods : Rim of brown globules
Network : Atypical pigment network / Reticulation
I Pattern : Homogeneous : NOS
[ Regression structures : Scarlike depigmentation
Structureless : Blue-whitish veil
Structureless : Structureless brown (tan)
[ Lines : Pseudopods
| Regression structures : Peppering / Granularity
I structureless : Miky red areas
I Vessels : Dotted
1" Globules / Clods : Milky red
I Vessels : Linear irregular

Figure 16.

Confusability Matrix: K&Be otoweio autol tou confusion matrix eivat n dtdpecoc tng DICE coefficient
yla 6Aa ta {elyn Kpltnpiwv to omoio mpoékupav armd tn LeEAETN HaG. ITIC TEPUTTWOELS OTIOU TA
Slaywvia otolkeia sival katd to Suvatov eyyutepa oto 1.0 (okoUpo xpwpa), paivetal otL ta Levyn Twv
readers (kaBe reader cuykpwopevoc pe kabévo armd toug ultdAoLoug 4 oL omoiol ékavav annotate to
1610 dataset) eméAe€av mapdpola superpixel yia ta idla kprtipla otnv idla etkdva. Otov OAa ta otolysia
™¢ Staywviov mAnotdlouyv to 0.0 (avolytd xpwpa), poaivetal otL ot readers dev enélefav ta (Sl

superpixel yla to ev Adyw Kpitrpla. Amtd TV ELKOVA QUTH UITOPOUE Vo EEAYOU LE TO CUUMEPACTHA OTL
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ent mapadeilyparty, To un 181K Kpitrplo ‘Pattern : Homogeneous’, To omolo pnopei va noapatnpnOel o

omnotodnmote onpeio plag BAapng mapouaotalet overlap pe pla mALAd0o GAAWVY SEPLATOCKOTILKWY

kpLtnpiwv, ouvnBwg pe ta ‘Blotch : Regular’ and ‘Vessels : Comma’, wotdoo, n mocooTtiaia cuudwvia

avapeoa otoug readers ylo To eV AOyw KpLtiplo Atav 0%. EmutAéov, ta kpitrpla ‘Dots : Regular’ & ‘Dots

: Irregular’ éxouv ocuyvo overlap petol toug kabwg kat pe ta ‘Globules / Clods’, evw téco to agreement

oto eninedo Twv superpixel 6mwc kat to Gwet’s AC Atav YopunAo yla auTd o KpLTHpLa.

Dots : Irregular

Dots : Regular

Globules / Clods : Cobblestone pattern

Globules / Clods : Irregular

Globules / Clods : Milky red

Globules / Clods : Regular

Globules / Clods : Rim of brown globules

Lines : Angulated lines / Polygons / Zig-zag pattern
Lines : Branched streaks

Lines : Pseudopods

Lines : Radial streaming

Network : Atypical pigment network / Reticulation
Network : Broadened pigment network / Reticulation
Network : Delicate Pigment Network / Reticulation
Network : Negative pigment network

Network : Typical pigment network / Reticulation
Pattern : Homogeneous : NOS

Pattern : Starburst

Regression structures : Peppering / Granularity
Regression structures : Scarlike depigmentation
Shiny white structures : Shiny white streaks
Structureless : Blotch irregular

Structureless : Blotch regular

Structureless : Blue-whitish veil

Structureless : Milky red areas

Structureless : Structureless brown (tan)

Vessels : Comma

Vessels : Corkscrew

Vessels : Dotted

Vessels : Linear irregular

Vessels : Polymorphous

Dots : Irregular

Dots : Regular

Globules / Clods : Cobblestone pattern

Globules / Clods : Irregular
Globules / Clods : Milky red

Globules / Clods : Regular

Globules / Clods : Rim of brown globules

Lines : Angulated lines / Polygons / Zig-zag pattern

Lines : Branched streaks

Lines : Pseudopods
Lines : Radial streaming

Network : Atypical pigment network / Reticulation
Network : Broadened pigment network / Reticulation

Network : Delicate Pigment Network / Reticulation

Network : Negative pigment network

Network : Typical pigment network / Reticulation

Pattern : Homogeneous : NOS

Pattern : Starburst

Regression structures : Peppering / Granularity
Regression structures : Scarlike depigmentation

Structureless : Blotch irregular
Structureless : Blotch regular
Structureless : Blue-whitish veil
Structureless : Milky red areas
Vessels : Comma

Vessels : Corkscrew

Vessels : Dotted

Vessels : Linear irregular
Vessels : Polymorphous

Structureless : Structureless brown (tan)

Shiny white structures : Shiny white streaks
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SUPPLEMENTARY MATERIAL

Supplementary Figure 1.
Mapadelypa ULlog SEPUATOOKOTIKAG EKOVAG amo T UeAETn pag (ISIC_0016128), n omoia emidelkviel
1000 LPnAA cupdwvia yla to exemplar feature (‘Structureless : Blue-whitish veil’ - pol xpwuay), Kot

uPnAo DICE overlap avapeoa otouc readers yla ta kpLtriplo ‘Network : Atypical pigment network /

Reticulation’ & ‘Network : Broadened pigment network / Reticulation’.
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Supplementary Figure 2.

MNooootiaia cupdwvia ylo OAa ta KpLtrpla oto eninedo tng BAABNCS Kal yLa TG 248 LKOVEC TTOU
cupmepAndBnKav otn PeAETN Hag. Mia cupdwvia tng Taéews tou 100% (1.0) aviutpoownevel BeTIKA
avayvwpLlon Tou kpttnpiou amod 6Aoug Toug e8LkoUG, kKABs Gpopd oU TO KPLTHPLO AVOYVWPLOTNKE amo
TouAdyLoToV €vav £L81KO o€ pia BAAPN. Me piAe xpwpa BAEmou e Tn cupdwvia OTav To KPLTHRPLO

IO POUCLACTNKE WG exemplar feature evw e TTOPTOKOAL xpwHa lval To agreement yla OTav TO KPLTHPLO

avayvwplotnke Kal Atav to non-exemplar feature.

Percent Agreement on Features

mExemplar = Non-Exemplar
0.9
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Tables

Supplementary Table S1:

Terminology Glossary: H AepplatookOmnon €XEL L0l EKTETOEVN OpoAoyia Kot 2 SLopOPETLKES

TPOOEyYyloelg oTnv ovopatoloyia, pia meplypadikn kat pla petadoptkr. ESw pmopolpe va Solupe ta

OVOUOTA TWV KPLTNPilwV TTou cuPTEPIAAPAE 0T LEAETN HOC, KABWC KAL TNV AVTATIOKPLON UETAEY

TePLypadLKNC Kal HeTaPOPLKAC opoAoyiag, e TouG cuvoSoUG 0PLOUOUG KAL TIC CUVTUNOELG TTOU

XPNOLUOTIOLCAE OTO Kelpevo poac.3?

Metaphoric Definition Descriptive

Terminology terminology

Dots: Regular Dots clustered at the Target: Dots,
center of the lesion, or brown, central (in
located on the network the center of

lines or in the hole of the  hypopigmented

network (also called spaces between
target network) reticular lines)
Dots: Irregular Any distribution of dots

other than dots as

described for regular dots

Globules / Clods: Polygonal globules Clods, brown or
Cobblestone Pattern symmetrically distributed  skin colored, large
throughout lesion and polygonal

Abbreviation

Regular Dots

Irregular Dots

Cobblestone

Pattern
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Globules / Clods:

Irregular

Globules / Clods: Milky-
red

Globules / Clods:

Regular

Globules / Clods: Rim of

brown globules

Lines: Angulated lines /
Polygons / Zig-Zag

Globules with variability
in color, size, shape, or
spacing and distributed in
an

asymmetric/disorganized

fashion
Clods, pink and
small

Globules with minimal Clods, small, round

variability in their color, or oval

size, and shape located in

the center of a lesion with

surrounding network, or

along the perimeter or

throughout the entire

lesion

Globules distributed at Clods, brown,

the periphery of lesion circumferential

Gray-brown lines that are  Lines, angulated or
connected at an angle or  polygonal (non-
coalescing to form facial skin)
polygons

Irregular

Globules

Milky-red

Globules

Regular

Globules

Rim of Brown

Globules

Angulated Lines
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Lines: Branched streaks

Lines: Pseudopods

Lines: Radial streaming

Network: Atypical
pigment network /
Reticulation

Network: Broadened
pigment network /
Reticulation

Network: Delicate
pigment network /
Reticulation

Network: Typical
pigment network /
Reticulation

Atypical network with
broken/interrupted lines
and incomplete
connections

Bulbous and often kinked
projections seen at the
lesion edge, either
directly associated with a
network or solid tumor
border

Radial linear extensions at
the lesion edge

Network with increased
variability in line color,
thickness and spacing.
Gray color to lines or
disorganized distribution

Widening of the network
lines

Fine thin network

Network with minimal
variability in the color,
thickness, and spacing of
the lines; symmetrically
distributed

Lines, radial and
segmental

Lines, reticular and
thick or reticular
lines that vary in
color

Lines, reticular and
thick

Lines, reticular and
thin

Lines, reticular

Branched

Streaks

Pseudopods

Radial

streaming

Atypical

Network

Broadened

Network

Delicate

Network

Typical Network
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Network: Negative
pigment network /
Reticulation

Patterns: Starburst
pattern

Patterns:
Homogeneous pattern

Regression structures:

Peppering/granularity

Regression structures:

Scar-like
depigmentation

Serpiginous
interconnecting
broadened

hypopigmented lines that
surround elongated and

curvilinear brown
structures

This pattern consists of
tiered peripheral globules,
pseudopods, or streaks

(or a combination of

them), located around the
entire perimeter of the

lesion

A pattern lacking any
definable pigment

structures, also know as

structureless pattern

Consists of fine dots with

a blue-gray color

Area of white that is

whiter than surrounding
normal-appearing skin
(true scarring); it should

not be confused with
hypopigmentation or

depigmentation caused
by simple loss of melanin;
shiny white structures
and blood vessels are not

seen in areas of
regression

Lines, reticular,
hypopigmented,
around brown clods

Pseudopods,
circumferential or
lines, radial,
circumferential

Structureless, any
color

Dots, gray

Structureless zone,
white

Negative

Network

Starburst

Pattern

Homogeneous

Pattern

Peppering /

Granularity

Scar-like

Depigmentation
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Shiny white structures:
Shiny white streaks

Structureless: Blue
whitish veil

Structureless: Blotch
Regular

Structureless: Blotch
Irregular

Structureless: Tan
(Brown) Peripheral
Structureless areas

Structureless: Milky-red
areas

Vessel morphology,
monomorphous: Dots

Vessel morphology,
monomorphous:
Comma

Short discrete white lines
oriented parallel and
orthogonal
(perpendicular) to each
other seen only under
polarized dermoscopy

A raised/palpable blotch
of blue hue with an
overlying whitish
groundglass haze

One blotch within center
of lesion and surrounded
by network

More than one blotch or a
blotch that is located off
center

Milky-white appearance
or pinkish structureless
areas (strawberry and ice
cream-like), consisting a
red vascular blush with no
specific distinguishable
vessels

Tiny pinpoint vessels

Linear, curved, short
vessels

Lines, white, Shiny White
perpendicular

Streaks
Structureless zone,  Blue whitish
blue

veil

Regular Blotch

Irregular Blotch

Structureless, Tan Peripheral

brown (tan),
Structureless

eccentric
Areas
Milky-red Areas
Dotted Vessels
Curved Comma Vessels

106



Vessel morphology, Twisted looped vessels Helical Corkscrew

monomorphous: with bends twisted along

Corkscrew a central axis Vessels

Vessel morphology, Linear, curved or Serpentine Linear Irregular
monomorphous: Linear serpentine vessels,

irregular / Serpentine Vessels

Vessel morphology: Polymorphous

Polymorphous
Vessels

Supplementary Table S2.

AepUATOOKOTILKA KpLTHpLa EL6IKA yla TN Stdyvwaon pehavokuttaplkwy BAapwv (omilol katl peAavwpata)
To omola cupmePA\RPOBnKav otn PEAETN HaG, 0 CUVOALKOG aplBuog mapatnproswy (lesion level - Total N
of observations), 0 aplBuUOG Twv lKOVWYV OTLIC omoleg mapatnpnBnkav (in images) kat n cupdwvia n
omola mapatnpnRbnke yLa Ta KpLTipLla autd Kot avilotolyia. Mapatnproelg and pepovwUeEVou readers
- Orphan observations, 2 40% - 2-RA, cupdwvia petafl TouAhdylotov 2 readers, = 60% - 3-RA, cupdwvia
peTatl touldylotov 3 readers, = 80% - 4-RA, cupdwvia petatt touldylotov 4 readers kat 100%

agreement, oupdwvia Petafl OAwV Twv readers oL onoiol afloAdynoayv TLG ELKOVEG.

Dermoscopic | Total Nof | In Orphan Lesions 2 Lesions 2 | Lesions Lesions
Feature observatio | image ' observatio @ 40% 60% 2 80% with
ns s ns agreement  agreeme | Agreeme @ 100%
(22RA) nt (23RA) ' nt (24RA) | agreeme
nt

107



Dots : 268 124
Irregular

Dots : 102 65
Regular

Globules / 60 29
Clods :

Cobblestone

pattern

Globules / 319 150
Clods :

Irregular

Globules / 40 31
Clods : Milky

red

Globules / 103 57
Clods :

Regular

Globules / 58 29
Clods : Rim
of brown

globules

48

37

14

67

24

28

18

76

28

15

83

29

11

44

49

14

18

27

10
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Lines : 72 30 9
Angulated

lines/Polygo

ns/Zig-zag

pattern

Lines : 82 61 43
Branched

streaks

Lines : 116 50 19

Pseudopods

Lines : Radial | 135 66 33

streaming

Network : 344 128 32
Atypical

pigment

network /

Reticulation

Network : 130 86 51
Broadened

pigment

21 16
18 3
31 23
33 21
96 67
35 9

11

12

39

14
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network /

Reticulation

Network : 124 81 55
Delicate

Pigment

Network /

Reticulation

Network : 124 54 22
Negative
pigment

network

Network : 245 101 34
Typical

pigment

network /

Reticulation

Pattern: 88 71 57
Homogeneo

us : NOS

26

32

67

14

12

19

39

13

26

12
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Pattern : 53 24

Starburst

Regression 249 114
structures :
Peppering /

Granularity

Regression 161 81
structures :

Scarlike

depigmentat

ion

Shiny white | 218 82
structures :
Shiny white

streaks

Structureless | 227 98
: Blotch

irregular

Structureless 71 39
: Blotch

regular

10

48

42

24

44

24

14

66

39

58

54

15

35

24

40

37

23

11

25

27

11

13

11
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Structureless 183
: Blue-

whitish veil

Structureless 169
: Milky red

areas

Structureles: @ 250
Structureless

brown (tan)

Vessels : 63

Comma

Vessels : 20

Corkscrew

Vessels : 147

Dotted

Vessels : 143
Linear

irregular

Vessels : 143
Polymorpho

us

138

28

17

63

61

54

39

32

62

16

14

26

22

14

54

48

76

12

37

39

40

27

25

28

10

25

25

28

15

15

16

16
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zulntnon

0 Kkapkivog Tou S€ppatoc eivat o Tio cuXVOC Kapkivog oTov koopo.2® YriohoyileTol mwe pHovo

ot HMA n eninmtwon Tou pun LEAQVOKUTTAPLKOU Kapkivou S£puatog (BaoLlkoKUTTapLKO Kot

OKAVOOKUTTOPLKO KapKivwua) eVEEXETAL VA EETTEPVAEL T TIEVTE EKATOUUUPLO TIEPUTTWOELG TO
xpovo.11:12 Tautdypova, etnoiwc, kataypddovtat 220,000 TEPUTTWOELS LEAAVWLLOTOC, TG TILO
Bavatndopag popdng kapkivou tou Séppatog, kabwg kat 37,000 Bavartol e€attiag Tou HEAAVWUOTOC O
Eupwnn kat HNA.M7 Ta teheutaia xpovia €xel kataypadel onpavtikn mpdodog otnv emBiwon Kot thv
nodTnTa WA TWV aoBeVWY e Tpoxwpnpévo kapkivo tou §épuatoc. 119 Napora auvtd, o
ONUAVILKOTEPOG TPOTIOG Yla TNV HElwan TO00 TNG BvnToTNTOG, 000 KAl TNG VOO poTNTOG €alTiag Tou

KOPKLVOU SEPHATOC TTOPAUEVEL N £ykaLlpn SLdyvwon Kot Xelpoupykh e€aipeon tou dykou.19-21

2tn SlatptPn pog e€etaocape tov mbavo poAo mou Ba pmopol oAV Va ATOKTGoUV oL aAyoplopuot
Texvntng¢ Nonpoaouvng otnv €ykatpn Sltdyvwaon Tou Kapkivou tou §éppatog. OL alyoplBuol ot omoiot
Baoilovtal oto Machine Learning €xouv deifel TOAAG utooyopeva amoteAéopata o S1Adpopoug TOUELS
NG LATPLKAG OTwG N odpBaApoloyia kat n aktivoloyia evw &N untdpxouv FDA eykekplpévol alyoplouol
Ol OTIO(OL XPNOLLOTIOLOVVTOL ETILKOUPLKA OTLC aVWTEPW £181KOTNTEC.? Méow tou International Skin

Imaging Collaboration (ISIC) Archive (www.isic-archive.com) emniyelpricope va SLEPEUVHOOUE TOCO TN

Slayvwotikn akpifeta mou €xouv ot ahyopBuol Texvntig Nonpoolvng yla tn Sldyvwaon Tou Kapkivou
ToU 8€pUatog, 000 Kal EVOEXOUEVEC EPOPUOYEC TOUC oTNV KAWVIKN Ttpaén. To ISIC Archive sival pia
ouvepyaoia PeTaty TNG akadNUATKAG KOWOTNTAC Kal TNG Blopnyaviag, n omoia £XeL MPWTOPXLKO OTOXO
N pelwon TG BvnooTNTOG TOU HEAOVWHOTOC LECW TNG EPOPUOYH VEWV ATIELKOVIOTLKWVY TEXVOAOYLWV.

Mpog auTo to otd)o, To ISIC Archive dhoevel etioloug Staywviopolg (2016-2020) xpnoLUOTOLWVTACS TO
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Slapkwg auEavopevo apxeio SEpUATOOKOTIKWY TOU €LkOVWVY. Edw ekBEéoape ta amoteAéopata tou ISIC
Challenge 2017, kaBw¢ Kal To EupAUATA oG amo tnv reader study n omoia emakoAoUBnoe Kot n onola
oupnepleAdpPBave TG00 LSIKOUC OTN SLAYVWON TOU KAPKIVOU SEpUATOC, 000 Kal ELGLKEUOUEVOUG
Sepuatordyouc.28:30 stny épeuva pag auth, Bprkape OtL o kopudaiog ahydplOpoc, os éva SeSopévo
oplo evaloBnoiag, eixe KaAUTEPN EOLKOTNTA YA TN SLAYVWON LEAQVWHATOC KOL OO TOUC ELSLKOUG KOl
OO TOUC ELOLKEUOEVOUG. TO TILO EVTUTIWOLAKO OO TOL EUPAHATA oG WOTOOO RTAV TO YEYOVOG OTL O€
TIEPUTTWOELG OTIOU OL KALVLKOL LaTpol, Kol eL8LKA EKELVOL UE TN ULIKPOTEPN EUMELpia (EL6LKELOUEVOL), ElXOV
XaunAn eumniotoouvn otn SLAyvwon Toug, N EMKOUPLKN XpHon Tou aiyopiBuou Ba pmopoloe va
BeAtuwoel TN SlayvwoTikr Toug akpifela, eupruata mou erPBeBotlwbdnkav Kal oe EMAKOAOUOEG

¢peuvec.59:116

AkoAoUBwWG, emLWEAE va EAEYEOUE TNV AVATIAPAYWYLLOTNTA SNUOCLEV HEVWY aAyopiBuwv Texvntng
Nonuoaouvng, evOEXOEVOUG TAPAYOVTEC TTOU UMOpPEL va emNPeAlouV TO SLAYVWOTLKO TOUG OMOTEAECUA,
KaBwg kat TN SuvatotnTa TOUG Vol EPapPUOCTOUV O SLadOPETIKO MANBUOUO amd autdv OToV omoiov
ekmatSevtnkav.56:59 Xpnowonowjcape éva standardized dataset kapkivwv §€puatoc, to omoio sivat
dnpooto, !0 mpokepévou va eAéyEoupe Suo Snuodota SLabéaipuouc ahyopiBpouc kat BpAKAUE Twe N
Stayvwotikn akpifeta twv adyopiBuwv Texvntig Nonuoolvng LELWVETOL GNUAVTLKA OTav
xpnotporotouvtat BAABeC amnd acBeveic Sladopetikol TUmou Séppartoc.3'32 Emunpododeta Bprikape
TtwG oL aAyoptBpot Texvntric Nonpoolvng oL oToioL XpnoLOTIOLOUV ELKOVEG yLa TN Slayvwaon
SepuaToloyLlkwy MABNCEWV UIMOPEL VA EMNPEACTOUV Ao SLAdopoug MAPAYOVTEC, OTIWG OO TNV
neplotpodr TNS €KOVAC, A amd MapePBACELS WC TPOC T WTEWVOTNTA 1 TV aviiBeon Tne kovag.3?
T£AoG SLamIoTWOoAUE WG N SLayvwoTikh akpiBela twv alyopiBuwv e¢aptatal o€ peydalo Babuo amod tn
pey€Buvon e tnv omola Ba utoBANOel pLa elkdva MPog avaAucon, TO OVATOLKO CnUELo Omou

Bpilokovtav ot BAGBEeC, kKaBwC Kal armod To AV Ol ELKOVEC ELVOLL TIPOOEKTIKA TOTOOETNUEVEG OTO KEVTPO TOU
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ROI.32 Ta suprjpata pog outd oupBasdifouy e avtioTol e épeuvec oto Tedio, KAToSEKVUOVTOC £TOL
KATTOLEC aTtO TIG EYYEVEIC aduvaieg TOUG, oL omoleg Ba MPETEL va UTIEPKEPACTOUV TIPOKELUEVOU VOl

Bpouv epappoyr KaL XpNOLHOTNTA 0TV KABNePWH KAKA paktikr.61-63

Yta mAaiola tng SLatpLPnG, MPOTEIVOLE VEEC EPLINVEUTLKEG KOL OTOTIOTIKEG TPOOEYYLOELG, oL omoleg Ba
pmopoucav va gival 1o KatdAANAeG yla tnv afloAdynon T epopUoynE AUTWY TWV VEWV TEXVOAOYLWV
otn Slayvwaon Tou Kapkivou 6£pUaTtog, KOTaSEKVUOVTOG TAUTOXpOVA TNV avAaykn vo SOKIUAGTOUV O
£€vav YeVIKO TTANBUGUO, Kal OxL LOVO oTa IMAAioLa EpELVWV E aUoTNPA emAeyuéva dataset ota onola
UTIEPEKTIPOCWITOUVTAL OL KAPKivol SEpUATOC, KAl £TL TEPAITEPW, TO HEAAVWUA. I€ AUTA To TTAaiota, Ba
amattnBouv kal SMAA TUPAEC, TUXOLOTIOLNUEVESG UEAETEC, KABWC KAl TIPOOTITLKEG EAETEC afloAOyNnoNng
TwV aAyopiBuwv Texvntric Nonuoolvng, LEAETEC TIG OTtOLEG &N TPEXOULE OTO VOGOKOUELD «AvdpEag
JuyypoGcy, EMIXELPWVTOG va Tipoadlopiooupe e peyalUtepn akpiBelo TN XpNOLULOTNTA TWV 0AyopiBuwy

QUTWV.

Onwg ekBEoape TPONYOUUEVWE, N SEPUATOOKOTINGN €lval Lo E5PALWHEVN, LN EMEUBATIKN TEXVIKN N
omola £xeL BonBnRoeL onUAVTIKA oTNV £yKalpn SLayvwaon Tou KOPKIvou Tou SEpUATOC, TOGO TWV Un-
HEAQVOKUTTOPLKWV KOPKIVWV, AG0 Kal Tou peAavwpatog. 2223 Qotdoo, n cupdwvia mavw ota
ETUUEPOUC SEPLOTOCKOTILKA KPLTHPLO TIPAUEVEL ATIO XOUUNAN £WC LETPLA, AKOUA KOL OVAUECO OE
€L81koUC TS Seppatookonnonc. 3275109 Méow tng épeuvag pag meplypdape vEa SEPUATOOKOTIKA
KpLTipla i. yia tn Stayvwaon SUoKoAwV otn SLAyvwon PEAQVWHUATWY, OTIWE TO AUEAOVWTLKO HEAAVWUQ
TWV AKPWV, ii. BOGIKOKUTTOPIKWY KAPKIVWHATWY uPnAou plokou, omwc ta morpheaform kat infiltrative
KoL TEAOG, iii. oUXVWV ppunTwy touc.34:36:37.118 Fryméov, Sie€dyape tnv Expert Agreement Study on
Dermoscopy of melanocytic lesions péow tn¢ omolag npocdloploape Tnv aflomiotia, tnv

QVaATTAPAYWYLHLOTNTA Kal TNV dAANAoemikaAun Twv SEPUOTOCKOTIKWY KPLTNPilwy TTou
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xpnotgornotovvtal yia tn Stadopodiayvwan kahonBwv amod kakonBelg peAavokuttaplkég BAaBec. Ta
AMOTEAECUATA LG UITOPOUV va Xpnaotpomnotnfouv wote 1. Na BeAtiwBouv ol StayvwoTtikol aAyoplBuot
TIOU XPNOLLOTIOLOUV oL KALWVLKOL Latpol yia T Sldyvwaon HeEAOVWHOTOC Kal 2. va XpnotponolnBouv amno

gpeuvnTéc Texvntrc NonpooUvng yla Tio oToxsupévn ekmaideucon Twv aAyopiBuwv Al.27:28

‘Eva epwtnpa To omolo tibetal cuxva adopd oto TL eEUNNPETEL N HEAETN TWV aAyopiBuwv Texvntng
Nonuoaouvng yla tn Stayvwaon tou Kapkivou dépuatog. Katd mooo xpelalopaote Toug aAyopiBuoug
Texvntng Nonpoouvng yla tn SLayvwon Tou KopKivou §€pUaTog, Kal ev TEAEL, av n xprion Toug Ba
amodelyBel xpnoun yla tov acBevn kat av Ba e§UNMNPETAOEL TOV TEALKO OTOXO, HTOL TNV KAAUTEPN

napoxn ¢povtidag otov acbevr).

Y€ aUTO TO onpuelo xpetaletal va TpoPoUpE 0 KATOLEG TAPASOXEG KOL VA AVAYVWPLCGOUUE KATIOLEG
aAnBeic mpokAnoelg mou avTueTwni{oupe wg KAVIKoL Lotpol avadoplkd pe tn SLayvwaon Tou KopKivou
S6éppatog. H mAelovotnta Twv LEAAVWHATWY, TIEPL TO 75%, 6V SLayLyVWOKETAL APXLKA OTTO TOUG
Sepuatordyouc, oAG evtomiletatl amd tov i5Lo Tov aoBevi 1 K&moLo néAog TnG okoyEvetlag tou.119-124
ErtutAéov, €va peyaAo mocootod acBevwy dev Ba AaBel moté e€eldikeupévn deppoatoloyikr ¢povrida,
Aoyw Teploplopévng pdopaocnc. 122, Evw, TéAoc, N SLayvwoTikn Hac akpiBela we SepuatoAdyot yia tn
Sldyvwon tou pehavwpotog dev ivat sfatpetikd upnAn.'28 H epappoyr twv alyopiBuwy TexvntAg
Nonuoaouvng Ba pnmopouoe eVvOEXOUEVWE VO APEL KATIOLOUG OO AUTOUC TOUG TTEPLOPLOOUC, ELSLKA €AV
UTTOPECOUV VA Yivouv EUPEWG SLABECLUEG, EVOWUATWHEVEG O EQAPHOYEC EEUTVWV KLVNTWV TNAEPWVWV

eni mapadelypartt.

Qot000, 05 AUTO TO ONUELO UTTELCEPYETAL EVa EEQILPETIKA ONUAVTIKO EPWTNUA, TO OTOLO KATA TNV amoyn

poG Ba pénel va amavtnBel amo tnv emotnUovikn kowvotnta. Eotw OTL o€ Alya xpovia Snuioupyolvral
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aAyoplBuol Texvntrg Nonpoouvng e oxedov télela SlayvwoTikn akpifela, og moloug Ba ameubuveTal
£€va TO0O LoXUPO SlayvwoTiko epyaleio; Apaye Ba ipénel va eival SLoB£oiuo o€ OAOUG, aKOUa KoL OTO
£UPU KOLWVO; Kal onuavtikOTEPQ, KATA TNV Immokpatik Bswpnaon, n xpron tou Ba emidpEpeL MEPLOCOTEPO
odelog amnod ot {nuia; Ta teAevtaia xpovia mapatnpeital pla Stapkng avénon tov aplbuol
pHeEAQVWHATWY TIou SLayLlyvwoKovTal ETNOLWE, VW N BvntotnTa anod 1o peAdvwa MapapEVEL otabepn),
EVW £0YATWC, YLa TIPWTN Ppopd o€ SLdpkeLla SekaeTLwy, apatnpeital peiwon tne.'2” Avtiotowxn eivat n
TAON KAt yla T SLdyvwon Twv Pn-HeAavokuTTapkwy kapkivwy §épuatoc.1295 Katd tnv drodn pac, n
pelwon TN BvnToTNTOG TOU HEAQVWHOTOC KAl TwV AAAWV KapKivwv S€ppatog odeiletal o Peyalo
BaBUO OTLC VEES, OTOXEUHEVEC, cuoTnpatikés Bepameieg,’”19 eviy n av€non otov emutoAaopd Tou
Kopkivou &éppatog odeiletal og 3 onuavtikolE tapayovteg: 1. To mpoadokipo {wng, ELOIKA OTLG
SUTIKEC Kovwvieg aufavetal SLapkwe Kal avapeVeTaL va dlatnprost tnv dla taon kab’ 6Ao tov 21°
awwva, 28 2. H evatoBnoia kat n eL8KOTNTA HAC, WC KAWVLIKWY LaTpwVY éXel BeATLWOEL onpavTkd pe Thv
TPOoOoBNKN VEWV SLOYVWOTIKWV gpyaleiwy, onwg n deppatookonnon kot to Reflectance Confocal
Microscopy,22:23:72 ka1 3. Znpavtikd polo otnv mpoavadepBeioa avénon Tneg Stdyvwong mailel to
diagnostic drive, n dtapkng wlnaon yla t dltdyvwon Ao Kal ULKPOTEPWY HEAAVWUATWY, OAO KOL TILO
TPWLILWV Kapkivwy §€éppatog. 129-131

To EPWTNO TO OMOLO EVEIPETAL WOTOCO Elval av SLaylyvwoKovTag KapKivoug S£pUatog os e€alpeTIKA
TpWLHo otadlo, N kKapkivoug ot omoiol Ba elyav apdifoln enintwon oto MPOCSOKLUO 1) 0TV TToLOTNTA
{wAG evOC 00BEVOUC KAVOUE TIEPLOTOTEPO KAAO Ttapd kako. 131133 3¢ qutd To mAaiolo éykettal kat o
av n urtepPoALkn xprion tng texvoAoyiag kot Twv MAEoV eEEALYUEVWY SLOYVWOTIKWY €PYAAELWV Umopel va
obnyel og avtibeta amnod ta emBupuntd anoteAéopata. AnAadr, €Aav KoL KATA TOCOV N XprRon Tng
texvoloylag purnopei va odnyel otn diayvwon «akivbuvwv» Kapkivwyv S£pUATOC, OL OToioL EVOEXOUEVWG

Sev Ba mpokalovoav coBapEg, 1 Kal Kaula emintwon otov acbevr) eav Sgv nuacTav TG00 LKavol otnv
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QVIXVEUON TOUG, EPWTALOTO OVTIOTOLXO LE OIUTA TIOU EYELPOVTAL KOIL OTO Screening yLo Tov Kapkivo Tou
paotol kat tou rpootdtn. 31134 Ty pnopel va cupPet avtiotowxa edv éva 1600 LOXUPS SLOYVWOTIKO
epyaleio, pe Tn SuvatdtnTa va avixveUEL TNV TAPAULKPN LETABOAN og HEyeBOC, OXAUQ, 1 XPWHA LA
BAaBN¢g 6épuatog, Bpebel ota xépla dioskatoppupiwv acBevwy. H mtieon ota cuotiuata vysiag Ba
UTTOpoUCE va Elval TPOUAKTLKH, yla TNV dtayvwon kapkivwv pe audifoln kakondn npoyvwon (uncertain

malignant potential) evw Tautoyxpova to 6delog mou Ba anokoullav ol aoBeveig MepLOPLOUEVO.

T€Aog, og OAa Ta mpoavadepBevta Ba mpemel va AndOBel umoPLv Kal o pOAOG TWV LATPWV, WG KATL
TIEPLOCOTEPO MO avOpwIoug oL omoiot amAd Slaylyvwokouv kat Bepamnevouv pia PAAPn S€puatog,
elblka otav auth n BAapn eival kapkivog d€ppatoc. H oxéon eumiotoolvng Latpol-acBevoug eival
evOEXOUEVWC EVal OTTO TAL CNUAVTLIKOTEPA BrpaTo oTnv mapoxn ¢povtidag tou acbevouc, moAw be
HAaAAov, Tou aoBevoUg e Kapkivo. H xprion Twv vEwY TEXVOAoYLwY, ELSIKA EQV LA KAVOUV KAAUTEPOUC
KALVIKOUC LaTpoUg, lval mopamavw amo eunpoodekTh, LOVO OUWG EVIAYUEVEC O€ €va MAALGLO 0TO omolo

Ba pmopéooupe va mapéyoupe kahutepn dpovtida otouc acBeveic pog.'3°

KataAnyovtag, n mpoodog tng texvoloyiag £xel avoudblofitnta npoodEPeL AVEKTIUNTEG UTNPECLEC OTO
avBpwrLvo yEvog Kal To (610 avapévetal va yivel kal pe tnv Tétaptn Blounyavikn Emavaoctaon, 6mou
Kuplapyxo poldo Ba Stadpapatilouv ol adyoplBuot Texvntrg Nonpuoouvng. Avapévou e TTwG N Xprion
QUTAC TNC VEOG Texvoloyiag Ba Stadpapatiost e€ioou onuavtiko poAo kal otnv latplkn, Kal otn
Sepuatoloylo CUYKEKPLUEVA. KATA TN yVWUN HLO¢ WOoTOo0, Ba MPETEL va ElvalL N EMLOTNOVLKA KOWOoTnTa
£V Tw OUVOAW n omola Ba kaBopioel ta MAaiola xpriong Twv alyopiBuwv Texvntng Nonpoouvng, wote
gv TEAEL, oL KAWVIKoL Latpoti, urtofonBoupevol anod epappoyeg Texvntng Nonuoouvng, 6a pnopouv

Slopkwg BeAtolpeva, va «Qdeléey, n un PAATITELVY Y.
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JUUTEPAOUQ

JUUMEPAOUATLKA, ota TAaiota tng Statpfhg pag, (1) Bprikaue otL ol aAyoplBuot Texvntng Nonpoouvng
glval moAAd urtooxopevol kat Ba prmopouoav PeAAOVTIKA Vol GUUBAAAOUY onUavTikKa oth BeAtiwon Tng
SLayvwoTikNG akpiBelag Twv KAWVIKWY LatpwV yia Th Sldyvwaon Tou Kapkivou S€puatog. (2) Evtonicape
TIWG LOTPOL PE PULKPOTEPN KALVIKH eUTELpia eVOEXOUEVWG VO wPeANBOUV MTEPLOGOTEPO ATIO TN XPHOoN
touc. (3) Katadeifape KATOLEG ONUAVTLKEG EYYEVELG adUVOULEG TwV alyopiBuwv Texvntrig Nonpoouvng
ol omoieg odeilouv va uEpKEPAOTOUV TTpoToU evtaxBouv otnv KAWLIKA Ttpagn. (4) Mpotelvape véoug
TPOMOUG MPOCEYYLONG KAL OTATLOTLKNC AVAAUCNG YLOL TNV EPUNVELR TWV ATIOTEAECUATWY TTOU TTAPAYOUV
ol €peuveg e alyopiBuoug Texvntig Nonuoouvng. Kat, (5) meptypadape kotvolpyla SLayvwoTiKa
KpLTApLa yLo tn S1dyvwaon Tou Kapkivou Tou S€pUatog, aAAA Kol EVTOTIOOUE aduvapleg Twy
SEPUATOOKOTILKWY, SLOYVWOTIKWY KpLtnplwv yla tn Stdyvwon Tou HeAavwuatog, Ta onoia Ba
umopoucav va xpnotpomnolnBouv yia tn BeAtiwon twv aAdyopiBuwv Texvntrig Nonuoouvng. TEAOG,
TEPLYPAY AUE TA TTAEOVEKTAMATA, OAAQ KOL TO EVOEXOUEVO LELOVEKTNLATA TTOU Ba prnopovaoav vo
nipokUPouv ano tn xpron g Texvntrng Nonuoaouvng yla T Stdyvwaon Tou Kapkivou §€puatog, Kabwg
KoL TO TTAQLOLO OTO omoio umopouv va evtayxBolv, mavta Uno TV kaBodnynaon Kol TV EMOTTELR TNG

ETLOTNUOVLKAG KOWVOTNTAG.
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Introduction

Artificial Intelligence (Al) is a rapidly developing research field which involves a wide spectrum of
daily life. This spectrum extends from voice recognition to automation of education, transport and
renewable energy sources.’-3 Medicine could be no exemption; a plurality of recent scientific
publications has explored Al application in fields such as ophthalmology, radiology and pathology among

others.4®

The term Al refers to the development of automated computing systems that are capable of performing
actions which, under normal circumstances, would require human intelligence, such as visual
recognition, speech recognition, decision making, and translation.” A subfield of Al is “machine
learning” (ML), which entails the scientific research of algorithms and statistical models used by
computers in order to perform a function, without being specifically instructed how to perform that
action. ML algorithms build a mathematical model, based on their training data in order to make
forecasts, or perform a specific function, without being specifically instructed how to perform that
action.8 These ML algorithms are the ones that are mainly used in Medicine, while, over the recent
years, the American Food and Drug Administration has approved 64 Al algorithms for use in clinical

practice, with 29 of them being ML algorithms (45%).° The vast majority of these algorithms concerns

radiology, ophthalmology, internal medicine and emergency medicine.?

Herein we attempted to explore the potential that Al algorithms could have in early skin cancer
diagnosis, as well as to facilitate research in the field of skin oncology. However, the lack of large, public

databases has so far limited the progress of deep learning algorithms for the diagnosis of skin cancer
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and accordingly, no Al algorithm has, this far, been applied in daily clinical practice efficiently. In order to
overcome these barriers we created International Skin Imaging Collaboration Archive (ISIC - www.isic-
archive.com) which is an open source, public archive of skin images, available to the public for both

educational and research purposes.' ISIC Archive can be used by both physicians and Al researchers

and has been utilized to date to fuel more than 5000 publications.'?

The reason we elected to deal with skin cancer lays on the fact that skin cancer is the most common
cancer, with more than 5 million cases in the United States alone, while melanoma is the 5™ cause of
cancer death, with more than 9000 deaths each year.'-14 Recently, there has been significant progress
both in survival and quality of life of patients with metastatic melanoma, or regionally advanced and
metastatic Basal Cell Carcinoma (BCC) or Squamous Cell Carcinoma (SCC). This progress has been
attributed to the new, targeted, systemic therapies for these diseases, including immune check point
inhibitors and selective inhibitors of pathways implicated in carcinogenesis, such as ‘Hedgehog’ pathway

inhibitors.'>19 However, despite progress in systemic treatments, the mainstay for skin cancer

treatment remains early diagnosis and surgical excision of the tumor.19-21

Dermoscopy has played a critical role towards this direction over the past 20 years. Dermoscopy is a
widely available, non-invasive, diagnostic technique, which has been proven to aid in early skin cancer
diagnosis compared to naked eye examination alone.22:23 Dermoscopy has become an intrinsic piece of
dermatology and is now considered “dermatologist’s stethoscope”, while its use has expanded beyond
the realms of skin oncology to include general dermatology as well.2425 An additional advantage of
dermoscopy is that dermoscopic pictures are captured with the dermatoscope directly attached to the
skin of the patient, with a standardized 10x magnification, thus preventing dermoscopic images to

render a patient recognizable while protecting sensitive patient information.
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Through our research we attempted to shed some light to the following: (1) Can Al be used in early skin
cancer diagnosis? (2) Which are the pitfalls of Al algorithms in Dermatology and in which possible ways
could they be improved upon? (3) How could Al be of use in Dermatology, and in which ways could it be
used? (4) Which is the best approach to the research conducted with regards to Al algorithms in early
skin cancer diagnosis, and how should these results be interpreted? And (5), how can we improve the
diagnostic accuracy of clinicians and Al algorithms for early skin cancer diagnosis, and more specifically,
melanoma? Finally, we attempted to describe the overall framework, within which, Al algorithms could

be proven useful in clinical practice, and more importantly, beneficial to the patients.

To achieve these goals, we collaborated during our thesis with distinguished scientists from the USA,
Greece, Chile, Spain, Australia, and Austria. Via ISIC Archive we have been organizing (2016-2020) annual
Grand Challenges, where Al researchers compete in constantly expanding datasets for skin cancer
diagnosis. During these challenges we explored the diagnostic accuracy of Al algorithms and compared
them to the diagnostic accuracy of clinicians. We also examined the potential of Al algorithms to
segment lesions from background skin, as well as their capabilities in detecting preselected dermoscopic
features.26-29 Additionally, we attempted to detect under which conditions these Al algorithms could be
useful in the clinical setting by examining the diagnostic accuracy of clinicians at different stages of their
training, compared to Al algorithms, or in adjunct with them.3? We also explored the generalizability and
reproducibility of published, publicly available Al algorithms on a standardized, public skin cancer
dataset in order to reveal potential pitfalls of these algorithms and aid the scientific community in
improving these pitfalls.31:32 During our research we applied novel statistical approaches and ways of
interpretation to better comprehend the results of both our research and the research of other
scientists.33 Finally, we tried to improve the diagnostic accuracy of both clinicians and Al algorithms by

describing new dermoscopic criteria for the diagnosis of skin cancer, especially difficult to diagnose skin
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cancers and its mimickers, and by conducting the first Expert Agreement Study on Dermoscopy of
melanocytic lesions (EASY study).3437 EASY study examined the agreement of experts in dermoscopy for
the reliability and reproducibility of established dermoscopic features for differentiating nevi and

melanomas, not only on the presence of the feature, but also on its spatial localization.
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ISIC Grand Challenges and Reader Studies

Introduction

As discussed prior, in order to examine the potential application of Al in early skin cancer
diagnosis, as well as to face the lack of publicly available databases of skin lesion images, and
particularly, dermoscopic images, we created ISIC Archive.’® Through ISIC Archive we have been
organizing since 2016 annual ISIC Grand challenges with continuously growing level of difficulty and
complexity, along with number of images, diagnoses as well as challenges, in which Al investigators from

around the world compete, making ISIC Archive the reference standard for research in the field.

ISIC Grand Challenges take place annually during well-established, international conferences. In
particular, International Symposium on Biomedical Imaging (ISBI, 2016-2017), Medical Image Computing
and Computer Assisted Intervention (MICCAI, 2018-2020), Conference on Computer Vision and Pattern
Recognition (CVPR, 2019-2020) and Society for Imaging Informatics (SIIM, 2019-2020). During the
conduct of this thesis, | served as a clinical coordinator of ISIC Archive, actively participating in all the
competitions that took place from 2017 till now, while, since 2020, National and Kapodistrian University
of Athens, via ‘Andreas Sygros’ Hospital for Skin and Venereal diseases is officially a part of the
established collaboration between Memorial Sloan Kettering Cancer Center, Medical University of
Vienna, Barcelona Hospital Clinic, Emory University, University of Queensland and Sydney Melanoma
Diagnostic Center. ISIC Grand Challenges are competitions where Al investigators compete with their
algorithms in the accurate diagnosis of skin cancer and its benign mimickers. These competitions are

followed by reader studies, conducted among clinicians of different subspecialties and training stage
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(dermatologists, dermatology residents, general practitioners and residents of general medicine) in
order to examine (1) the diagnostic accuracy of these algorithms compared to clinicians and (2) where
these algorithms could be useful. These competitions are enriched each year with a larger number of
lesions, diagnoses and research challenges which determine the evolution of the field, in an effort to

identify the potential utility of Al algorithms in skin cancer diagnosis.26-29

In the first ISIC Grand Challenge 2016, Al algorithms competed on 1279 dermoscopic images (248
melanomas and 1031 nevi) which were partitioned in a training (n=9001 19.2% melanomas) and a test
dataset (n=379, 19.8% melanomas).2” In the reader study that followed, including 8 expert readers, we
found that the fusion algorithm of the best performing algorithms had a better performance compared

to the experts (sensitivity 76% vs 59% for the experts, p=0.02).38

Herein we are going to present the results of ISIC Grand Challenge 2017, where we expanded the
number of diagnoses to include melanomas, nevi and seborrheic keratoses. At the same time, we
expanded the challenges where the algorithms competed to include 3 tasks: (1) lesion segmentation, (2)
dermoscopic feature detection kaut (3) classification.28 Additionally, we will present the reader study that
followed the challenge, where we compared the diagnostic accuracy of the best performing algorithm
with the performance of expert dermatologists and dermatology residents. We also examined what
would happen if we were to substitute the diagnosis of clinicians by the algorithm prediction, in cases

where the clinical confidence in diagnosis was low.30
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ISIC Grand Challenge 2017

Materials and Methods, ISIC Grand Challenge 2017

The 2017 challenge consisted of 3 tasks: lesion segmentation, dermoscopic feature detection,
and disease classification. For each, data consisted of images and corresponding ground truth
annotations, split into training (n=2000), validation (n=150), and holdout test (n=600) datasets.
Predictions could be submitted on validation and test datasets. The validation submissions provided
instantaneous feedback in the form of performance evaluations, as well as ranking in comparison to
other participants. Test submissions only provided feedback after the submission deadline. The training,
validation, and test datasets continue to be available for download from the following address:

http://challenge2017.isic-archive.com/

Part 1: Lesion Segmentation

Task Participants were asked to submit automated predictions of lesion segmentations from
dermoscopic images in the form of binary masks (Figure 1). Lesion segmentation training data included
the original image, paired with the expert manual tracing of the lesion boundaries in the form of a
binary mask, pre-annotated by 2 of the experts participating (K.L. and M.M.) where pixel values of 255

are considered inside the area of the lesion, and pixel values of 0 are outside

Figure 1.

Example lesion segmentation. Left: original dermoscopic image. Right: binary segmentation mask.
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Part 2: Dermoscopic Feature Classification
Participants were asked to automatically detect the following four clinically defined
dermoscopic features: “network,” “negative network,” “streaks,” and “milia-like cysts,”.39-4! Pattern

detection involved both localization and classification (Figure 2). To reduce the variability and
dimensionality of spatial feature annotations, the lesion images were subdivided into superpixels using
the SLIC algorithm.#244 Lesion dermoscopic feature data included the original lesion image and a
corresponding set of superpixel masks, paired with superpixel-wise expert annotations for the presence
or absence of the dermoscopic features (ground truth was set by one of the participating experts, K.L.).

Validation and test sets included images and superpixels without annotation.

Figure 2. Images from “Part 2: Dermoscopic Feature Classification”. Ground truth labels highlighted in

purple. Left: Streaks. Right: Pigment Network.
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Part 3: Disease Classification Task

Participants were asked to classify images as belonging to one of 3 categories (Figure 3),
including “melanoma” (374 training, 30 validation, 117 test), “seborrheic keratosis” (254, 42, and 90),
and “benign nevi” (1372, 78, 393), with classification scores normalized between 0.0 to 1.0 for each
category (and 0.5 as binary decision threshold). Lesion classification data included the original image
paired with the gold standard diagnosis, as well as approximate age (5-year intervals) and gender when

available.

Figure 3. Example images from “Part 3: Disease Classification.” Ground truth labels written above

Melanoma Nevus Seborrheic Keratosis

EVALUATION METRICS

Details of evaluation metrics have been previously described.2”:38 For classification decisions,
any confidence above 0.5 was considered positive for a category. For segmentation tasks, pixel values
above 128 were considered positive, and pixel values below were considered negative. For evaluation of
classification decisions, the area under curve (AUC) measurement from the receiver operating
characteristic (ROC) curve was computed.2’ Additionally, for classification of melanoma, specificity was
measured on the operating curve where sensitivity was equal to 82%, 89%, and 95%, corresponding to

dermatologist classification and management performance levels, and theoretically desired sensitivity
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levels, respectively.3® Segmentation submissions were compared using the Jaccard Index, Dice

coefficient, and pixel-wise accuracy.2” Participant ranking used Jaccard.

Results, ISIC Grand Challenge 2017

The 2017 challenge saw 593 registrations, 81 pre-submissions, and 46 finalized submissions
(including a 4-page arXiv paper with each). The associated workshop at ISBI 2017 saw approximately 50
attendees. To date, this has been the largest standardized and comparative study in this field,
accounting for the size of the dataset, the number of algorithms evaluated, and the number of

participants. In the following, the results for each challenge part are investigated.

Part 1: Lesion Segmentation

21 sets of prediction scores on the final test set were submitted for the segmentation task, and 39 were
submitted to the validation set. The top ranked participant achieved an average Jaccard Index of 0.765,
accuracy of 93.4%, and Dice coefficient of 0.849, using a variation of a fully convolutional network
ensemble (a deep learning approach).*® Example segmentations are shown in Figure 4, and a histogram
of individual image Jaccard Index measurements is shown in Figure 5. Subjectively assessing the quality
of the segmentations, one can observe that segmentations of Jaccard Index 0.8 or above tend to appear
visually “correct.” This observation is consistent with prior reports that measured an inter-observer
agreement of 0.786 on a subset of 100 images from the ISIC 2016 Challenge. When Jaccard falls to 0.7 or
below, the “correctness” of the segmentation can be debated. 156 out of 600 images (26%) fell at or
below a Jaccard of 0.7. 91 images (15.2%) fell at or below Jaccard of 0.6. This suggests a failure rate of

15% to 26%, which is higher than the pixel-wise failure rate of 6.6%.

129



Figure 4.
Part 1 example segmentations from top ranked participant submission. Top Row: Original images.
Middle Row: Ground truth segmentations. Bottom Row: Participant predictions. ISIC identifiers and

Jaccard Index values are listed at each column head.

ISIC_0014992 ISIC_0014500 ISIC_0012265 ISIC_0015447 ISIC_0013966
0.198

0.962 0.799 0.693 ~ 0.568

Figure 5.

Histogram of Jaccard Index values for individual images from top segmentation task participant

submission.
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Part 2: Dermoscopic Feature Classification Task

For the second year in a row, dermoscopic feature classification has received far less participation than
other tasks. Only 3 submissions on the test set were received from 2 parties.*6:47 Whether this is due to
the technical framing of the task (how well it maps to existing frameworks), or the perceived importance
of the task, is a matter of current investigation. Regardless, performance levels of those submissions
that were received demonstrated that localization of dermoscopic features is a tractable task for
computer vision approaches. Top performance levels are shown in Table 1. AUC was above 0.75

ubiquitously, with an average close to 0.9

Table 1.

Part 2: Dermoscopic Feature Classification AUC Measurements. AVG = Average across all categories.

Method AVG Network Negative Streaks Milia-Like

/ Rank Network Cyst
1% 0.895 0.945 0.869 0.960 0.807
2% 0.833 0.835 0.762 0.896 0.838
3% 0.832 0.828 0.762 0.900 0.837

Part 3: Disease Classification Task

The disease classification task received 23 final test set submissions, and 39 validation set submissions.

Performance characteristics of the average (AVG) classification winner,*8 seborrheic keratosis (SK)

classification winner,*® and melanoma (M) classification winner,%0 respectively, are shown in as well as 3

fusion strategies: score averaging (AVGSC), linear SVM (L-SVM), and non-linear SVM (NL-SVM) using a

histogram intersection kernel.3® Fusion strategies utilize all submissions on the final test set and are

carried out via 3-fold cross-validation. SVM input feature vectors included all disease category

predictions. Both SVM methods used probabilistic SVM score normalization, producing an output
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confidence between 0.0 and 1.0 (with 0.5 as binary threshold), correlating with the probability of
disease on a balanced dataset.38 ROC curves for the 3 submissions and the best fusion strategy (Linear

SVM) are shown in Fig. 6.

The 5 major trends observed involve the following: 1) All top submissions implemented various
ensembles of deep learning networks. All used additional data sources to train, either from ISIC, in-
house annotations, or external sources.48-90 2) Classification of seborrheic keratosis appears to be an
easier task in this dataset, compared to melanoma classification. This may reflect aspects of the disease,
or bias in the dataset.*® The best performance came from the team that added additional weakly
labelled pattern annotations to their training data. 3) The top average performer was not the best in any
single classification category. 4) The most complex fusion approach (NL-SVM) led to a decrease in
performance, whereas simpler methods led to overall improvements in performance, consistent with
previous findings.38 This challenge is the second benchmark to demonstrate that a collaborative among
all participants outperforms any single method alone. 5) Not all thresholds balanced sensitivity and
specificity. Probabilistic score normalization in fusions is effective at balancing sensitivity and

specificity.27-38

Figure 6.

ROC curves for top 3 submissions to “Part 3: Disease Classification”, as well as linear SVM fusion.
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The International Skin Imaging Collaboration (ISIC) archive was used to host the second public

challenge on Skin Lesion Analysis Toward Melanoma Detection at the International Symposium on

Biomedical Imaging (ISBI) 2017. The challenge was divided into 3 tasks: segmentation, feature detection

(4 classes), and disease classification (3 classes). 2000 images were available for training, 150 for
validation, and 600 for testing. The challenge involved 593 registrations, 81 pre-submissions, and 46

finalized submissions, making it the largest standardized and comparative study in this field.

Al algorithms show the potential to provide reliable lesion segmentations, detect specific dermoscopic

features and more importantly, accurately classify skin lesions, including melanoma. Following we will

discuss the reader study which we organized in order to compare the results of the Al algorithms from

ISIC Grand Challenge 2017 with both expert dermatologists and dermatology residents. This study

explored the potential role that Al algorithms could have in clinical practice, aiding in early skin cancer

diagnosis. 30
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ISIC Grand Challenge 2017, Reader Study

Introduction, ISIC Grand Challenge 2017, Reader Study

In this study we compared the diagnostic accuracy of the best performing Al algorithm from ISIC
Grand Challenge 201728 with that of expert dermatologists in diagnosing and treating skin cancer, as
well as dermatology residents. We also examined how the potential use of this algorithm in cases

where physicians’ confidence in diagnosis was low would affect clinical outcomes.30

Materials and Methods, ISIC Grand Challenge 2017, Reader Study

Institutional review board approval was obtained at Memorial Sloan Kettering and the study was
conducted in accordance with the Helsinki Declaration. Details of the challenge tasks, evaluation criteria,
timeline, and participation were described above.28 We selected 2750 high-quality dermoscopy images
from the ISIC archive: 521 (19%) were melanomas, 1843 (67%) melanocytic nevi, and 386 (14%) SKs.
Images were randomly allocated to training (n = 2000), validation (n = 150), and test (n = 600) data sets.
Twenty-three algorithms were submitted to the melanoma classification challenge, and all used neural
networks and deep learning, a form of machine learning that uses multiple processing layers to

automatically identify increasingly abstract concepts present in data.>?

Algorithms were ranked by area under the receiver operating characteristic (ROC) curve, and we chose
the top-ranked algorithm for analyses.28 A ROC curve is a graphical plot created by plotting sensitivity
against the false positive rate (i.e., 1-specificity) at various threshold settings. The area under the ROC
curve is therefore a global measure of the ability of a test to classify whether a specific condition is

present or not present; an area under the ROC curve of 0.5 represents a test with no discriminating
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ability (i.e., no better than chance alone), and an area under the ROC curve of 1.0 represents a test with
perfect classification. A ROC curve can be used to determine an appropriate test cut-off, but the
selection of a test threshold depends on the purpose of the test and the trade-off between sensitivity

and specificity in the intended clinical scenario.>?

A reader study was performed with 150 images (50 melanomas [15 invasive, 20 in situ, 15 not otherwise
specified], 50 nevi, and 50 SKs) randomly selected from the test set. The median (range) Breslow depth
for the invasive melanomas was 0.3 (0.15-3.3) mm. Eight dermatologists who specialize in skin cancer
diagnosis and management and 10 dermatology residents agreed to participate in the study; after
beginning evaluations, 1 resident did not complete the study and was removed. The dermatologists’
mean number of years of clinical experience post-residency was 14 (range 4-32), and they had used
dermoscopy for a mean of 14.5 (range 7- 28) years. The dermatologists originated from 4 countries
(United States [n = 4], Spain [n = 2], Israel [n = 1], and Colombia [n = 1]), and all the dermatology
residents were from the United States. Readers classified the lesions as melanoma, nevus, or SK;
indicated a management decision (biopsy or observation); and reported diagnostic confidence on a
Likert scale from 0 (extremely unconfident) to 6 (extremely confident). There were 1200 total image
evaluations performed by dermatologists and 1350 by residents. Readers were blinded to diagnosis,
clinical images, and metadata. There were no time restrictions and participants could complete
evaluations over multiple sittings. For comparisons with human readers, algorithm performance metrics

were calculated on the same 150 lesions from the reader study.

Descriptive statistics were used to explore the distributions of reader and algorithm results by lesion
diagnostic classification and reader confidence. For readers, summary measures of diagnostic accuracy

were estimated for lesion classification and management. Two sample tests for proportions were used
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to assess differences in diagnostic accuracy measures between sample subgroups. Where applicable,
variance estimates were inflated to address clustering of responses within readers. Algorithm diagnostic
accuracy was assessed for lesion classification. ROC curves were calculated for algorithms, reader, and
reader subgroups. To compare the ROC area between algorithms and human readers, we used a

nonparametric approach.>3

Reader results were imputed with algorithm responses when reader confidence in classification of the
lesion was low (confidence classification 0-3). These imputations were accomplished by dichotomizing
the algorithm with a predetermined sensitivity threshold of 90%. After imputation, diagnostic accuracy
measures were recalculated. The alpha level for analyses was 5%, and tests were 2-sided. Analyses were

performed using Stata version 14.2 (Stata Corporation, College Station, TX).

Results, ISIC Challenge 2017, Reader Study

The overall sensitivity, specificity, and ROC area of dermatologists for melanoma classification
were 76.0% (95% confidence interval [Cl] 71.5%-80.1%), 72.6% (95% Cl 69.4%-75.7%), and 0.74 (95% ClI
0.72- 0.77), respectively. The overall sensitivity, specificity, and ROC area of residents for melanoma
classification were 56.0% (95% Cl 51.3%-60.6%), 76.3% (95% Cl 73.4%-79.1%), and 0.66 (95% CI 0.6-
0.69), respectively. The ROC area of the top-ranked algorithm for melanoma classification was 0.8685
(Figure 7), which was greater than the overall ROC areas for classification and management by
dermatologists (0.74 and 0.70, respectively) and residents (0.66 and 0.67, respectively; P<.001 for all

comparisons).

The specificities and sensitivities of dermatologists and residents for melanoma classification are

provided in Table 2. At the dermatologists’ overall sensitivity in classification of 76.0%, the computer
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algorithm had a specificity of 85.0%, which was higher than the dermatologists’ specificity of 72.6% (P =
.001). At the dermatologists’ overall sensitivity in management of 89.0%, the algorithm specificity was
61%, which was higher than the dermatologists’ specificity of 51.1% (P = .02). To explore the feasibility
of algorithms aiding lesion classification, we imputed algorithm classifications for reader evaluations
with low confidence scores (range 0-3), constituting 51% of resident and 26.6% of dermatologist
evaluations, respectively. After imputation, sensitivity of resident evaluations increased from 56.0% to
72.9%, with a decrease in specificity from 76.3% to 72.6%. The percentage of the 1350 evaluations
correctly classified by residents increased from 69.4% (n = 939) to 72.6% (n = 981). The sensitivity of
dermatologist classifications increased from 76.0% to 80.8%, and the specificity increased from 72.6% to
72.8%. The percentage of evaluations correctly classified by dermatologists increased from 73.8% (n =

885) to 75.4% (n = 905).

Table 2.

Measures of diagnostic accuracy for lesion classification by reader’s reported confidence in the diagnosis

Group and confidence level n (%) Sensitivity (95% CI) Pirend Specificity (95% CD Pirend
Residents

0 7 (0.5) 100.0 (2.5-100.0) .54 16.7 (0.4-64.1) <.001

1 160 (11.8) 57.6 (44.1-70.4) 61.4 (51.2-70.9)

2 238 (17.6) 48.6 (36.9-60.6) 73.2 (65.7-79.8)

3 289 (21.4) 53.6 (43.2-63.8) 70.3 (63.3-76.7)

4 397 (29.4) 51.8 (43.1-60.4) 81.9 (76.7-86.4)

5 204 (15.1) 63.1 (50.2-74.7) 87.8 (81.1-92.7)

6 5(4.1) 100.0 (80.5-100.0) 89.5 (75.2-97.1)
Dermatologists

0 26 (2.2) 75.0 (34.9-96.8) .002 61.1 (35.7-82.7) <.001

1 65 (5.4) 62.5 (40.6-81.2) 68.3 (51.9-81.9)

2 97 (8.1) 52.0 (31.3-69.8) 58.3 (46.1-69.8)

3 131 (10.9) 67.3 (52.9-79.7) 63.3 (51.7-73.9)

4 301 (25.1) 74.3 (64.8-82.3) 64.8 (57.7-71.5)

5 342 (28.5) 79.5 (70.8-86.5) 76.1 (70.0-81.4)

6 238 (19.8) 91.9 (83.2-97.0) 90.2 (84.6-94.3)
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Figure 7.

Accuracy of the top-ranked algorithm, dermatologists, and residents for diagnosing melanoma using a
150-image data set. ROC curve (blue curve) demonstrates sensitivity and specificity of melanoma
classification of the top-ranked algorithm from the 2017 International Skin Imaging Collaboration
melanoma detection challenge. The x in the solid black box indicates the mean overall performance of 8
participating dermatologists, with the box indicating the 95% confidence intervals. The x in the dashed
gray box indicates the mean overall performance of 9 participating residents, with the box indicating the

95% confidence intervals. ROC, Receiver operating characteristic.
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Discussion, ISIC Grand Challenge 2017, Reader Study

These results and others demonstrate that deep neural networks can classify skin images of
melanoma with high accuracy.?4-6 Compared with our 2016 challenge, we observed an increase in the
relative diagnostic performance of the top-ranking algorithm compared with the same 8 dermatologist
readers.2’:38 This finding suggests that the performance of algorithms is improving, possibly because of
the availability of larger training data sets or advances in algorithm development.'?

Although studies have demonstrated that algorithms can identify melanoma with diagnostic accuracy
superior to dermatologists in reader studies, their clinical applicability remains uncertain. To examine
the feasibility of an algorithm augmenting physician performance, we imputed algorithm classifications
for lesions in which the physician reported low diagnostic confidence. We hypothesized that this would
represent the most likely circumstance in which a physician would seek and use diagnostic help in a
clinical setting. In this analysis, we found that the sensitivity and overall percentage of correct responses
by readers increased by imputing algorithm classifications. Further studies are required to determine
the optimal algorithm thresholds that would benefit physicians in a range of clinical settings and
scenarios, and we are currently running similar studies in ‘Andreas Sygros’ Hospital for Cutaneous and

Venereal Diseases.

There are notable limitations to our study. 1 Our test data set did not include the full spectrum of skin
lesions, particularly banal lesions and less common presentations of melanoma, and the setting was
artificial, considering that physicians did not have access to data typically used when evaluating patients
(e.g., age, personal or family history of melanoma, lesion symptoms). We did not perform external

validity analyses, which are important for demonstrating algorithm generalizability.3!
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Comparisons of skin cancer diagnostic accuracy of dermatologists with computer algorithms through
reader studies should be cautiously interpreted. One device approved by the US Food and Drug
Administration that used multispectral digital skin lesion analysis had been shown to have high
melanoma sensitivity and to improve both the sensitivity and specificity of dermatologists after clinical
and dermoscopic examination of suspicious skin lesions via reader studies; despite these apparent

strengths, the device was discontinued in 2017.57

Unlike other studies examining the diagnostic accuracy of automated systems for skin cancer
diagnosis,®*-%6 our study used a data set that is publicly available for external use and future
benchmarking. We further compared dermatologist accuracy to the top-ranked algorithm from a
computer vision challenge, suggesting that the performance of the classifier is reflective of current
state-of-the-art technology in machine learning.28 Our annual ISIC melanoma detection challenges are
the largest comparative studies of computerized skin cancer diagnosis to date and have attracted global
participation. As our ISIC image archive expands, we anticipate hosting continuous public challenges
with larger and more varied data sets with clinically relevant metadata. In the ISIC Grand Challenges that
followed ours (2018-2020), a broader spectrum of skin cancer was included, i.e. Basal Cell Carcinoma,
Squamous Cell Carcinoma and additional mimickers.%® Additionally, during our thesis we attempted to
reapproach task 2 for dermoscopic feature identification via our Expert Agreement Study on
Dermoscopy of melanocytic lesions (EASY). Task 2 of ISIC Grand Challenges 2016 and 2017 received
lower participation compared to the other 2 tasks, while the algorithms performance was also
lower.27:28 \With EASY study we attempted a novel approach for the dermoscopic criteria used to

differentiate nevi from melanomas.
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Conclusion, ISIC Challenge 2017, Reader Study

In conclusion, the top-ranked algorithm from an international melanoma detection challenge exceeded
the diagnostic accuracy of both dermatologists and residents in an artificial study setting. The sensitivity
and overall percentage of correct evaluations by readers improved when imputing algorithm
classifications for lesions in which the physician reported low diagnostic confidence, suggesting that
augmented human classification is feasible. Future studies demonstrating clinical utility in a real-world
setting are needed and we are already conducting similar studies in “Andreas Sygros’ Hospital for

Cutaneous and Venereal Diseases.

141



Exploring the Pitfalls of Artificial Intelligence Algorithms for the Diagnosis

of Skin Cancer

Introduction

During our thesis we explored both the diagnostic accuracy, as well as the generalizability of
publicly available Al algorithms for the diagnosis of skin conditions, and specifically, skin cancer.
Accordingly, we conducted two research projects to validate published, publicly available diagnostic Al

algorithms.56:59

Automated Dermatological Diagnosis: Hype, or Reality? 31

In 2018 Han et al. made a landmark contribution to the application of artificial intelligence (Al) in
dermatologic diagnosis. Although previous studies have reported that computer algorithms can

successfully diagnose skin cancer from medical images with human equivalency,38:55:56.60 Han et al.

have made their computer algorithm publicly available for external testing.®

To explore the generalizability of their computer classifier in a unique patient population, we selected
100 sequentially biopsied cutaneous melanomas (n= 37), basal cell carcinomas (n= 40), and squamous
cell carcinomas (n= 23) with high-quality clinical images from the International Skin Imaging

Collaboration Archive (https://isic-archive.com/#images, dataset name: 2018 JID Editorial Images). We

uploaded them to the Han et al. web application (http://dx.medicalphoto.org/) on 7 March 2018. All

lesions originated from Caucasian patients in the southern United States.

142



Our public dataset of clinical images composed of sequentially biopsied cutaneous

melanomas (n=37), basal cell carcinomas (BCC, n=40), and squamous cell carcinomas (SCC)

(14 in situ; 9 invasive). Fifteen melanomas were in situ. The mean (min-max) thickness of
invasive melanomas was 0.6 mm (0.1-3.1 mm). All lesions originated from Caucasian patients in
the United States and were located on the head/neck (n=26), trunk (n=21), upper extremities
(n=30), and lower extremities (n=23). The mean age of the cohort was 66.8 years (min-max: 25-

85) and 67% were male.

Overall, the Han et al. algorithm’s first classification (i.e., highest probability output) matched the
histopathological diagnosis in 29 of the 100 lesions (29%) (Table 3). Considering any of the up to five
classifications rendered per image by the web app algorithm (irrespective of the probability), the
concordant or matching diagnosis was included for 58% of lesions (58 of 100). We found no difference in
the probability output of the first classification among correctly and incorrectly diagnosed lesions (0.711
vs. 0.715, P= 0.94, paired t-test). Of the melanomas, melanoma was the first classification in 13.5% (5 of
37) lesions with a mean (range) probability score of 0.82 (0.42-0.99); considering any of the up to five
classifications, melanoma was included in 35.1% (13 of 37) lesions with a mean (range) probability score
of 0.43 (0.02-0.99). Among the eight melanomas with melanoma listed as the second or third
classification, the mean (range) probability score was 0.18 (0.02-0.37). Our results suggest that the
sensitivity of the Han et al. algorithm for skin cancer, and particularly melanoma, is considerably lower
when applied to a different patient population, limiting its generalizability. Finally, we found that image

manipulations as for brightness and/or contrast can affect the algorithm output. (Figure 8) 3

143



Multiclass artificial intelligence in dermatology - progress but still room for improvement32

In 2020, the same authors expanded their diagnostic algorithm to improve their Al diagnostic algorithm

to include 174 diagnoses, trained in 220.680 £lkdveg and validating their results for 134 of these

diagnoses with external datasets.5°

We used the same public image dataset that we described above (https://isic-archive.com/#images,

dataset name: 2018 JID Editorial Images) to test the new algorithm by Han et al. We uploaded images to

https://modelderm.com/ on April 7-9, 2020. The web app allows users to select a 250px-by- 250px

square region of interest (ROI). The ROI selection is performed by scaling down the image (between 0-1
times magnification of image) and panning within the image view window. This process changes the
resolution of the images that are uploaded to the system. We conducted four sets of upload
experiments. In the ‘intended use’ upload, we selected an ROI that (i) centered the lesion and (ii) was
~80% covered by the lesion. In the ‘intended use off-center’ upload, we adjusted the ROI to off-center
the lesion. In the ‘drag and drop’ upload, we submitted images at the magnification selected by the web
app. In the “1x magnification’ upload, we centered the lesion and covered as much of the image as
possible (i.e., as close to 1x magnification). For all uploads, we recorded the first three diagnoses and
respective probabilities. We also recorded the sum ‘malignancy probability’ (sum of the probability

outputs of melanoma, BCC, and SCC).

We calculated the top-1 and top-3 accuracies, and the average and standard deviation (SD) malignancy
score. Algorithm sensitivity was calculated using a malignancy probability cut-off of 10% (per the

website instructions). Unless specified, data refers to ‘intended use’ upload. Chi-squared and Fisher’s
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exact tests were used for comparisons of proportions in contingency tables. The overall top-1 and top-3
accuracies of the 174-disease algorithm showed improvement compared to the 12-disease algorithm
(top-1: 39% vs. 32%, p=0.38; top-3: 63% vs. 60%, p=0.77) (Table 4). The melanoma top-1 and top-3
accuracies increased more appreciably (top-1: 29.7% vs. 13.5%, p=0.16; top-3: 56.7% vs. 35.1%, p=0.10)
(Figure 9). The top-1 accuracy was highest for BCC (55%), followed by melanoma (29.7%) and SCC

(17.3%) (p=0.01). (Table 4)

There was variability in overall top-1 accuracy (p=0.07) and melanoma top-1 accuracy

(p=0.008) under the four upload conditions. In general, ‘intended use’ uploads performed similar
to ‘intended use off-center’ and better than ‘drag and drop’ and ‘1x magnification’. However,
‘drag and drop’ performed best in overall and melanoma top-3 accuracy. The worst performance
in top-1 and top-3 accuracies was consistently observed with ‘“1x magnification’. Anatomic site
was associated with top-1 accuracy for ‘intended use off-center’ uploads (p=0.006) but not with
other experimental conditions. Combining all uploads (n=400), the top-1 accuracy was inferior
for the lower extremities compared to all other sites combined (18% v. 36%, p<0.001). No

associations between rulers, clothing, and hair were identified with accuracy.

Discussion

Although one may take these results to signify a poor performance of these computer classifiers, it is
important to consider the inherent limitations and challenges associated with automated skin cancer
diagnosis when interpreting these data. For the 2018 algorithm, although the authors collected more
than 500,000 images, only approximately 20,000 (approximately 6,000 malignancies) were used in

training their algorithm. Notably, these images were not collected in a standardized fashion and were
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associated with limited clinical metadata. In both our studies we found limited generalizability for the Al
algorithms in an external dataset, while top-1 and top-3 diagnostic accuracy for BCC, SCC and melanoma
was lower than that reported by the authors. Classification performance was sensitive to perturbations
in image magnification, implying that users must be careful to follow the intended use instructions,
while performance varied by anatomic site. Additional variables reported to impact the performance of
CNNs include adversarial ‘noise’, image rotation, brightness/contrast manipulation, rulers, and

ink markings.31:61-63 Additionally, a frequent critique to both artificial intelligence researchers, and ISIC
Archive highlights that the training datasets for Al algorithms is mainly consisted of Caucasian patients,
thus limiting the representation of possible variation in disease presentation.®4 Possible strategies to
overcome these weaknesses include use of standards for acquiring images in dermatology, which could
improve their quality, usability, and generalizability, or the development of more robust algorithms by

training with a greater diversity of image types and settings.

Table 3.

Cross-classification frequencies of histopathological diagnosis and web app leading category
(categorization with highest probability), along with the average probability associated with the
rendered decision for 2018 algorithm.56

Web app categorization

Histopathologic Basal cell Intraepithelial Squamous cell Actinic Seborrheic

diagnosis Melanoma carcinoma carcinoma carcinoma  Hemangioma Lentigo keratosis Nevus keratosis Wart Total

Melanoma 5 2 6 3 1 12 1 5 0 2 37
0.82 0.96 0.70 0.59 0.96 0.82 0.94 0.65 0.82

Basal cell 0 19 10 1 3 1 1 2 1 2 40

carcinoma 0.68 0.78 0.64 0.83 0.81 0.98 0.74 0.37 0.57

Intraepithelial 0 6 4 1 0 1 1 0 0 1 14

carcinoma 0.59 0.83 0.51 0.52 0.46 0.85

Squamous cell 1 1 4 1 0 0 0 0 0 2 9

carcinoma 0.17 0.46 0.87 0.30 0.36

Total 6 28 24 6 4 14 3 7 1 7 100

The bold values represent the “correct” diagnosis.
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Table 4.

Diagnostic accuracy depending on histopathological diagnosis for the two algorithms and each upload

mode. 96:59
Han et al 2020 174-disease algorithm Han et al
2018 12-
disease
algorithm
Intended | Intended | Drag and 1x Intended
Use Use, Off- Drop Magnification Use
Center
Overall Top-1 39% 37% 28% 24% 32%
Accuracy, n=100
Overall Top-3 63% 65% 65% 48% 60%
Accuracy, n=100
Overall Top-Any - - - - -
Accuracy, n=100
Melanoma Top-1 29.7% 29.7% 16.2% 2.7% 13.5%
Accuracy, n=37
Melanoma Top-3 56.7% 56.7% 59.4% 18.9% 35.1%

Accuracy, n=37
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Accuracy, n=37

Melanoma Top-Any

probability 210%)

Malignancy 41.1% 40.9% 41.3% 32.3%
Probability, mean (30.4) (29) (26.7) (26.4)
(SD), n=100

Sensitivity 77% 80% 83% 70%
(malignancy

Figure 8.

Modification of the web app classification output by image manipulation. (a, b) Basal cell carcinoma.

The original image (a) was modified by zooming in (b). The two images gave different classifications: (a)

lentigo (99.2% confidence); (b) intraepithelial carcinoma (96.9% confidence). (c, d) Melanoma. The

original image (c) was modified by changing the contrast and brightness settings (d). The two images

gave different classifications: (c) melanoma (99% confidence); (d) hemangioma (98% confidence). (e, f)

Melanoma. The original image (e) was modified by flipping the image vertically (f). The two images gave

different classifications: (e) lentigo (74% confidence), melanoma (12% confidence), nevus (5%

confidence); (f) melanoma (40.5% confidence), lentigo (32% confidence), nevus (24% confidence). All

images come from the International Skin Imaging Collaboration Archive

(https://isicarchive.com/#images, dataset name: 2018 JID Editorial Images).
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Figure 9.

Clinical images of the four upload experiments for two melanomas that were

incorrectly diagnosed by the Han et al 2020 174-disease algorithm. Melanoma in situ (A -D). A.
‘Intended use’, leading diagnosis porokeratosis (probability 27%) B. ‘Intended use, off-centered’,
leading diagnosis porokeratosis (probability 27%). C. ‘Drag and drop’, leading diagnosis lentigo
(probability 67%). D. “1x magnification’, leading diagnosis lentigo (probability 51%). Melanoma 0.2 mm
thickness (E-H). E. ‘Intended use’, leading diagnosis vitiligo (probability 33%). F. ‘Intended use, off
centered’, leading diagnosis vitiligo (probability 27%). G. ‘Drag and drop’, leading diagnosis scar

(probability 35%). H. “1x magnification’, leading diagnosis non-specific lesion (probability 52%).

a b

- LR ®
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Interpretation of Al algorithms used in clinical practice for skin cancer

diagnosis.

As discussed in the introduction, the mainstay for the treatment of skin cancer, and especially
melanoma, is early skin cancer diagnosis and surgical excision.'®-2! There is an abundance of
commercially available, non-invasive devices that can be used at bedside to aid in the diagnosis of skin
cancer, including Raman spectroscopy, multispectral instrumentation and Al algorithms embedded to

digital dermoscopy devices.57:65-68

Recently, MacLellan et al made an invaluable contribution through their investigator-initiated
prospective diagnostic accuracy study comparing the classification performance of the FotoFinder
(FotoFinder Systems GmbH, Germany), Melafind (STRATA Skin Sciences Inc, United States of America),
and Verisante Aura (Verisante Inc, Canada) devices with a teledermoscopist and an onsite dermatologist
on a consecutive series of 209 suspicious skin lesions referred to a specialty clinic.8% These data provide
important and much-needed insights into the accuracy of emerging diagnostic aids for cutaneous
melanoma. It is speculative, however, to conclude that the addition of FotoFinder to the dermatologist’s

workflow would improve diagnostic accuracy, as the authors stated.

To test this hypothesis and to evaluate the addition of Al algorithms in clinical practice we initially
attempted to validate their results and subsequently we suggested a different approach in the
evaluation of the decision-making process of biopsying a lesion.33 It would be hasty to conclude that the
addition of Al algorithms would aid the clinicians perform better based on this heavily selected data set

with a melanoma prevalence of 28.2%. It is uncertain if they would maintain accuracy, particularly
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specificity, when applied to clinically less-concerning lesions. Additionally, an important point that has
not been highlighted, is that it can be difficult to compare the clinical utility of competing diagnostic
strategies by using traditional measures of classification accuracy (i.e., sensitivity, specificity, area under

the curve). An alternative is to use net benefit and decision curve analysis.”%:71

First, one must define the exchange rate between different endpoints, such as biopsying a melanoma
versus biopsying a nevus. As a theoretical example, a dermatologist might consider the harm of 9 nevus
biopsies equivalent to the benefit of 1 melanoma biopsy. This is an exchange rate of 1:9 and a
probability threshold of 10%. Thus, the dermatologist would be willing to biopsy if the risk of melanoma
was at least 10% but not if the risk was 9% or lower. The exchange rate and the sensitivity and specificity
measures of a test are used to calculate the net benefit (Net Benefit= (true positives/n) — [(false
positives/n) x (weighting factor)]. weighting factor = threshold probability/ (1 — threshold probability).
Because individual dermatologists and patients likely have different exchange rates, it is beneficial to
plot the net benefit across a range of clinically relevant probability thresholds, referred to as a decision
curve. Here, we theoretically define that range as 5% to 10% for a melanoma biopsy. We used the
diagnostic accuracy results reported by MacLellan et al and plotted decision curves for the 5 study

strategies, along with decision curves for the competing strategies of biopsying all (sensitivity, 100%;

specificity, 0%) and biopsying none (sensitivity, 0%; specificity, 100%)° (Figure 10).

We found that the optimal approach depends on the probability threshold. From 5% to 7% (exchange
rates of 19:1 to 13:1), the local dermatologist has the highest net benefit. From 8% to 10% (exchange
rates of 12:1 to 9:1), FotoFinder has the highest net benefit. However, the absolute differences in net

benefit between the strategies of biopsying all, biopsying based on the local dermatologist, and
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biopsying based on FotoFinder are small at these thresholds. A more traditional decision analysis or

cost-effectiveness analysis may shed further light on the optimal strategy.

Figure 10.

Decision curves for each studied diagnostic modality showing net benefit as a function of threshold
probability. This analysis is based on the dataset as published by MacLellan et al, which had 209 lesions,
59 of which were melanoma (prevalence of 28.2%).69 Among the treatment options, biopsying all has
the highest net benefit for threshold probabilities of 1% to 4%, biopsying based on the decision of the
local dermatologist has the highest net benefit for threshold probabilities of 5% to 7%, and biopsying

based on the FotoFinder results has the highest net benefit for threshold probabilities of 8% to 10%. net

benefit.
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Description of novel dermoscopic features for skin cancer diagnosis and

the Expert Agreement study on Dermoscopy of pigmented lesions.

As described in the introduction, dermoscopy is a widely available, non-invasive diagnostic
technique which has been shown to aid in skin cancer diagnosis.23:72 Over the past 30 years, important
research efforts have described a wide variety of dermoscopic features that aid in the differential
diagnosis of skin cancer from its benign mimickers.”3-85 Recognizing these features plays an important
role during the clinical examination of a skin lesion suspicious for skin cancer, while it could also play an
important role in training Al algorithms for skin cancer diagnosis.30:38:39.86 pyring our thesis we
described novel dermoscopic criteria for the diagnosis of melanoma and Basal Cell Carcinoma, as well as
for Lichen Planus-Like Keratosis, a frequent benign mimicker.34-37 Finally, for dermoscopic criteria to be
useful in melanoma diagnosis, they should be reliable and reproducible; on this ground we performed
the first Expert Agreement Study in Dermoscopy of melanocytic lesions, which explored expert
agreement not only on the presence of a given feature within a lesion, but also its spatial localization.
Our results could be used to guide the diagnostic algorithms used by clinicians for diagnosing skin cancer

and to improve Al algorithms for skin cancer detection.
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Dermoscopic Appearance of Amelanotic Volar Melanoma Compared with Volar

Angioma34

Introduction

The survival rate of acral lentiginous melanoma is poorer than that of other cutaneous
melanoma types, largely owing to difficulty in diagnosis and more advanced stages at presentation.8” A
single-center retrospective study of 53 acral melanomas found that at least 34% (n = 18) were initially
misdiagnosed; of the misdiagnosed cases, 50% (n = 9) were amelanotic.88 The amelanotic variant of
acral volar melanoma is scarcely reported, and its clinical and dermoscopic characteristics are unknown.
Ozdemir et al described a dermoscopic feature on the periphery of pigmented acral lentiginous
melanomas as a “vascularized parallel ridge pattern,” defined as erythema and dotted vessels filling the
ridges and sparing the furrows.82 However, volar angiomas have similarly been observed to harbor a
vascularized parallel ridge pattern on dermoscopy.?%-91 Herein, we describe the dermoscopic features of
a subungual melanoma with an amelanotic volar component and compare these findings with the

dermoscopic features of volar hemangiomas.

Findings

An adult man presented with a new diagnosis of melanoma of the left great toe. He reported a
gradual worsening dystrophy of the left great toenail over the past 5 to 6 years. A biopsy of the nail bed
confirmed a diagnosis of melanoma, at least 0.57 mm in Breslow depth. Clinical inspection of the left
hallux revealed irregular brown pigmentation on the distal aspect of the dorsum of the hallux and a
prominent pink tumor on the medial aspect. Dermoscopic examination of the pink plaque revealed

chaotically distributed red dotted vessels on the ridges, sparing the furrows (Figure 11A). A punch
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biopsy of the red plaque was interpreted as melanoma in situ, with both superficial acrosyringial/
eccrine duct and deep eccrine gland involvement (Figure 11C). The patient underwent amputation of
the left great toe at the distal interphalangeal join, and the final Breslow depth was 4.6 mm. Findings of

a sentinel lymph node biopsy of the left groin were negative.

We also examined 3 patients with volar hemangiomas. They all presented dermoscopically with a
parallel ridge pattern composed of red-to-purple dots. In contrast to the amelanotic volar melanoma,
the dots were regularly aligned at the edges of the ridges, sparing the eccrine pores (Figure 11B).
Histopathological examination of a biopsy specimen of a volar hemangioma revealed capillary vascular

proliferations that extended up into the dermal papillae, sparing the eccrine structures (Figure 11D).

Discussion

The presence of a pigmented parallel ridge pattern has been shown in numerous studies to be
associated with acral lentiginous melanoma and is particularly helpful for recognizing acral melanoma in
situ.92-94 Herein we describe a case of acral lentiginous melanoma with prominent amelanotic volar
involvement that displayed a vascular parallel ridge pattern composed of chaotically distributed red
dots. Additionally, we and others have found that volar hemangioma, which is an important differential
diagnosis for amelanotic acral melanoma, has a distinct dermoscopic presentation of a parallel ridge
vascular pattern composed of red or purple dots aligned at the edges of the ridges and sparing the
eccrine pores (the linear, double-dotted ridge pattern).99-°1 Our observations require validation in

future studies but may aid in distinguishing volar amelanotic melanoma from volar angioma.
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Figure 11.

A and B Polarized light dermoscopy, original magnification x10. A, Dermoscopic and clinical (inset)
appearance of AVM with parallel ridge presentation of chaotically distributed red dots. B, Dermoscopic
and clinical (inset) appearance of VA with parallel ridge presentation of red dots aligned at the edges of
the ridges with sparing of the eccrine pores. C, Immunohistochemical analysis of AVM in situ using
SOX10 immunostain, showing atypical melanocytes in the epidermis and involving the eccrine ducts,
with a slight increase in the density of small vascular channels in the superficial dermis associated with
inflammation (original magnification x10). D, Histopathologic analysis of VA showing capillary vascular
proliferations that extend up into the dermal papillae that surround the crista profunda intermedia and

spare the eccrine structures (original magnification x4).

E’ Dermoscopic and clinical AVM Dermoscopic and clinical VA

[c] sOX10-Immunostained AVM [D] Hemotoxylin-eosin VA
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Association of Multiple Aggregated Yellow-White Globules With Nonpigmented Basal Cell

Carcinomasd”

Introduction

Basal cell carcinoma (BCC) is the most common skin cancer worldwide.?> BCC incidence is
increasing, with more than 2 million cases of BCC diagnosed annually in the United States.!:12
Dermoscopic features of BCC were first described by Menzies et al. in 2000 and included large blue-gray
ovoid nests, multiple non aggregated blue-gray globules, ulceration, arborizing telangiectasia, spoke-
wheel structures, and leaflike areas.”® More recently, shiny white structures, specifically blotches and
strands, were added as a new BCC dermoscopic criterion.?® All these criteria have been confirmed to
afford a high diagnostic accuracy for the diagnosis of BCC, with an overall sensitivity of 91.2% and a
specificity of 95.0%, according to a recent meta-analysis.®” However, the sensitivity and specificity of
these dermoscopic features for nonpigmented BCC are lower (84.3% sensitivity and 73.2% specificity).%”
Given that most of the BCC criteria were defined for pigmented BCCs and that nonpigmented BCCs may
be difficult to differentiate from other nonpigmented tumors, evaluation of new dermoscopic clues that
may aid in the diagnosis of nonpigmented BCC and its differential diagnosis is needed.?® Some BCCs
display multiple aggregated yellow-white (MAY) globules. This dermoscopic feature differs from
previously described milia-like cysts and from shiny white structures based on morphologic features and
polarized vs nonpolarized light patterns of visualization. In 2014, Bellucci et al described the presence of
yellow structures in 10% of BCCs; however, they were regarded mainly as milia-like cysts. Yellow orange
structures were also described by Bafiuls et al. but they were not characterized in extent.?%:190 To

explore the prevalence and diagnostic accuracy of this newly characterized structure for the diagnosis of
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BCC, we performed a retrospective assessment of clinical and dermoscopic images of lesions that could

be included in the differential diagnosis of nonpigmented BCCs.

Materials and Methods

This retrospective case-control study was performed from July 1, 2017, to July 1, 2019. All
images originated from a deidentified database of lesions consecutively seen in a single dermatology
practice from January 1, 2009, to December 31, 2015, in Plantation, Florida. Given the relatively low
frequency of amelanotic melanomas in the data set, we screened 2169 melanomas from the
International Skin Imaging Collaboration (ISIC) archive, a publicly available image database. Twenty-two
amelanotic melanomas were found and included. This study was approved by the institutional review
board of Memorial Sloan Kettering Cancer Center. The images analyzed were only of close-up magnified
dermoscopy images, and patient identifiers did not appear on the images. Therefore, the Memorial
Sloan Kettering Cancer Center Institutional Review Board deemed that consent was not required for
these magnified images of individual lesions. Three of us (C.N.-D., K.L, and A.R.) screened the clinical
images of consecutive cases and included only those that had histopathologic results and were clinically
nonpigmented. We excluded recurrent tumors, collision tumors, and cases with poor-quality images or
lacking both polarized and nonpolarized modes. Cases included BCC of any subtype. Controls included
lesions that are typically included in the differential diagnosis of nonpigmented BCC: squamous cell
carcinoma (SCC), intradermal nevus (IDN), amelanotic melanoma, lichen planus—like keratosis,
desmoplastic trichoepithelioma (DT), adnexal tumors (eg, fibrofolliculoma), and inflammatory diseases
(eg, dermatitis and psoriasis). Patient age, sex, location of lesion, diagnosis, and predominant tumor
subtype (if available) were recorded. Location was documented as specific anatomical locations and

dichotomized into head and neck vs non—head and neck.
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Clinical and Dermoscopic Images

Clinical and dermoscopic images were captured with a Nikon 1 camera (Nikon USA Inc) using
Dermlite DL2 pro HR for polarized images and Dermlite fluid for nonpolarized images at 10 x
magnification (3Gen). Images were taken in nonpolarized and polarized modes; the 2 modes were
sequentially analyzed for each patient. Dermoscopic images were evaluated by 3 of us (C.N.-D., K.L., and
A.R.), who were blinded to diagnosis, for consensus. A fourth reviewer (A.A.M.) resolved disagreement
when consensus was not achieved. Dermoscopic images were analyzed for criteria based on the latest
dermoscopic consensus by Kittler et al.3° We specifically analyzed BCC-specific criteria, including
blotches and strands.?8:97 The main dermoscopic structure analyzed consisted of MAY globules, defined
by us as multiple, aggregated, white-to-yellowish globules arranged in clusters. This structure is visible in
polarized and nonpolarized light, differentiating it from shiny white structures (blotches and strands)
and from milia-like cysts, respectively (Figure 12). We evaluated dermoscopic images for the presence
or absence of MAY globules. To evaluate for interrater agreement in classifying MAY globules in a subset
of 150 consecutive lesions, we evaluated images independently blinded to the final diagnosis. This

analysis was performed by the same 3 of us (C.N.-D., K.L., and A.R.).

Reflectance Confocal Microscopy, Optical Coherence Tomography, and Histopathologic
Correlation

In a subgroup of prospectively diagnosed cases displaying MAY globules seen at a single dermatologic
practice in Hauppauge, New York, reflectance confocal microscopy (RCM) and optical coherence
tomography (OCT) images were obtained before biopsy. Images were obtained with an arm-mounted

RCM and/or a handheld RCM device (VivaScope 1500 and/or 3000; Caliber ID).For OCT images, we used

a recently designed RCM/OCT probe.'%! RCM criteria used were those described in a recent systematic
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review.'02 OCT criteria were those used in a recent study.! In these cases, a histopathologic
correlation was performed using the precision biopsy technique, as previously described.'93 In brief,
precision biopsy enables 1-to-1 correlation with en face histopathologic images were evaluated by a
Mohs micrographic surgeon (C.-C.J.C.) on frozen sections. Formalin-fixed, paraffin-embedded samples

were evaluated by a dermatopathologist (K.J.B.).

Main Outcomes

Our primary outcome was the distribution of the presence or absence of clustered yellow globules for
the diagnosis of BCC compared with all other diagnoses combined. Secondary outcomes were the
distribution of MAY globules by BCC subtype and the distribution of MAY globules by anatomical
location of the BCC. To analyze for different histologic BCC subtypes, we divided them into high risk

(morpheaform and infiltrative) and low risk (superficial and nodular) BCCs.

Statistical Analysis

Distribution of participant and lesion characteristics was evaluated by histologic diagnosis of the study
lesions. Descriptive statistics and graphical methods were used to describe the study participants and
the characteristics of the individual lesions. The relative proportion of dermoscopic characteristics along
with exact binomial 95% Cls were estimated. Interrater agreement was estimated using multirater k
along with binomial interpolations of the 95% CI. The k estimates were interpreted per the guidelines of
Landis and Koch.18 To assess the association between dermoscopic criteria and BCC type, logistic
regression was performed with the dichotomous dependent variable being BCC vs other diagnosis and
the independent variables being dermoscopic criteria. All analyses were 2-sided with an a level of 5%. P
< .05 was considered to be statistically significant. Data analyses were conducted from July 1 to

September 31, 2019. All analyses were performed with Stata, version 14.0 (StataCorp).
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Results

A database review of 2555 lesions revealed 643 potential study lesions in 621 patients with
clinically nonpigmented tumors; 9 cases were excluded (no biopsies performed in 4, collision tumors in
4, and polarized images not available in 1). Final analysis included 656 lesions (634 lesions from the
database plus 22 amelanotic melanomas from the ISIC archive) in 643 patients. The mean (SD) age of
the total cohort was 63.1 (14.9) years, and 381 (58.1%) were male. Of all 656 lesions, 194 (29.6%) were
located on the head and neck. A total of 278 lesions in 291 patients (44.4%; mean [SD] age, 61.9 [14.9]
years; 190 [64.3%] male) were BCCs (cases), and 365 lesions (55.6%) in 365 patients (mean [SD] patient
age, 63.9 [14.9] years; 191 [53.1%] male) corresponded to other diagnoses (controls). The mean (SD)
tumor size in the whole cohort was 7.6 (4.9) mm, with a mean (SD) tumor size of 6.8 (4.8) mm in the BCC
group and 8.2 (4.9) mm in the other diagnosis group (P < .001). Patient diagnoses and BCC subtypes are
given in Table 5. Basal cell carcinomas were located in the head and neck in 124 patients (42.6%) and
the trunk and extremities in 167 (57.4%). For other diagnoses, tumors were located in the head and
neck in 70 patients (19.5%) and the trunk and extremities in 289 patients (79.2%) (P < .001). Basal cell
carcinoma subtype distribution was nodular for 224 lesions (76.7%), superficial for 27 (9.2%), infiltrative
for 24 (8.2%), morpheaform for 8 (2.7%), sclerosing for 2 (0.7%), keratotic for 2 (0.7%), Pinkus for 1

(0.3%), and basosquamous for 1 (0.3%). In 2 cases, subtyping data were not available.

Diagnostic Features

MAY globules were found in 64 of 656 cases (9.8%; 95% Cl, 7.6%-12.3%). The structure was seen in 61 of
291 BCC cases (21.0%; 95%Cl, 16.4%-26.1%) and in 3 of 365 cases with other diagnoses (0.8%; 95% Cl,
0%-2.3%) (P < .001). The presence of MAY globules in BCCs was associated with a sensitivity of 20.9%
(95%Cl, 16.4%-26.1%), a specificity of 99.2% (95%Cl, 97.6%-99.8%), a positive predictive value of 95.3%

(95% Cl, 86.6%-94.5%), and a negative predictive value of 61.0%(95% Cl, 59.6%-62.4%). The odds ratio
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for diagnosis of BCC was 32.0 (96%Cl,9.9-103.2). The positive likelihood ratio was 25.4 (96% Cl, 8.0-80.0),

and the negative likelihood ratio was 0.8 (96% Cl, 0.7-0.8).

Anatomical Location

When evaluating the presence of MAY globules restricted to head and neck lesions (n = 194), 51 patients
(26.3%) presented with this structure. A total of 124 of 194 head and neck lesions (63.9%) corresponded
to BCCs. Of the BCCs located on the head and neck, 48 of 124 (38.7%) manifested with MAY globules
compared with 3 of 70 cases (4.2%) with other diagnosis (P < .001). The odds ratio for diagnosis of BCC
when the structure was present was 14.1 (95%Cl, 4.2-47.4) for head and neck lesions. The 3 lesions that

presented with MAY globules other than BCC corresponded to DT (n = 2) and SCC (n = 1).

Subtype Analysis

MAY globules were observed in 18 of 32 high-risk BCCs (56.2%) (i.e., infiltrative and morpheaform) and
41 of 210 low-risk BCCs (19.5%) (P < .001) (Figure 12, Figure 13A, and Figure 14A). MAY globules were
6.5 times more likely to be observed in higher risk than lower-risk BCCs (odds ratio, 6.5; 95%Cl, 3.1-

14.3). The structure was not seen in any of the 27 superficial BCCs (Table 6).

Interrater Agreement

We observed almost perfect interrater agreement for the presence of MAY globules (k = 0.89; 95% Cl,
0.75-0.94). The interrater agreements were 0.94 (95% Cl, 0.94-0.97) for arborizing vessels, 0.83 (95% ClI,
0.81-0.90) for shiny white structure, 0.78 (95% Cl, 0.63-0.84) for in-focus dots, and 0.73 (95% Cl, 0.66-

0.77) for ulceration.
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RCM and OCT Features

Under RCM, all 4 examined cases had hyperreflective amorphous areas (Figure 13B & C and Figure 14B)
in addition to classic BCC-specific features (tumor nests with palisading and clefting). OCT was available
for 2 cases. Lesions with these dermoscopic structures had hyperreflective areas, producing an optical

shadow (Figure 13D and Figure 14C).

Histopathologic Correlation

In the 4 cases examined with a precision biopsy, aggregated yellow globules correlated with isolated,
round areas of dystrophic calcification in or around tumor nodules and with the presence of calcified
keratocysts (Figure 13E & F and Figure 14D). In addition, 2 cases were analyzed in formalin-fixed,
paraffin-embedded tissue, showing small calcific deposits in the superficial dermis in association with

small keratocysts.

Discussion

In this retrospective case-control study of 656 lesions in 643 patients with nonpigmented tumors, we
found that the presence of MAY globules was associated with the diagnosis of BCC. In addition, the
presence of MAY globules was associated with high-risk histologic subtypes. Although tumors other than
BCC may display milia-like cysts and/or shiny white structures, we observed that the presence of MAY
globules was almost exclusively seen in BCCs. Although this dermoscopic feature was seen in only 21.0%
of the nonpigmented BCCs evaluated, its frequency is within the range of other BCC-specific criteria,
such as spoke-wheel structures, concentric structures, and leaf-like areas, with reported prevalence
ranging from 8% to 20%.73:194 When present, however, MAY globules were highly associated with BCC,

specifically with high-risk histologic subtypes.
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Dermoscopy has improved the diagnostic accuracy of pink lesions by providing visualization of structures
and clues not visible to the naked eye, thereby improving the diagnostic accuracy for SCC, amelanotic
melanoma, and BCC, among others.?8 However, hypomelanotic and amelanotic lesions are still
challenging to diagnose with dermoscopy alone.36:98 QOther subgroups of lesions that are difficult to
diagnose on clinical and dermoscopic grounds alone are the recently described BCCs that present as
white papules on chronic sun-damaged skin.’'8 The presence of MAY globules may be an important clue
toward the diagnosis of BCC in this group of lesions by narrowing the differential diagnosis toward BCC.
Another scenario in which the presence of MAY globules might emerge as an important dermoscopic
feature is in the differentiation of BCC from IDN on the face, which can be challenging.?8 If MAY globules
are seen, one can rule out an IDN, prompting a biopsy. Besides improving the diagnostic accuracy of
BCC, dermoscopy has also improved the ability to identify BCC subtypes (i.e., superficial vs nodular),
which in turn can assist in real-time, bedside, management decisions.8%:105 |n the present study, a
relevant finding was that MAY globules were not seen in superficial BCC subtypes. More importantly, if
MAY globules were present, there was a higher odd of a high-risk BCC. A histologic high-risk BCC could
be missed because of (1) sampling errors at the time of partial biopsy, (2) superficial shave biopsies, and
(3) a deeper-seated or mixed-type BCC.1%6 |f a pathology report indicates a superficial BCC in a lesion
displaying MAY globules, one might request additional sectioning, or it may be prudent to avoid topical
therapies and resort to more aggressive forms of treatment, such as surgical excision. In addition, the
findings of MAY globules in BCCs can also guide the physician in selecting the most appropriate biopsy
type (e.g., tangential vs punch vs incisional). On precision biopsy, we found that 4 cases of MAY globules
were correlated with dystrophic calcification on histopathologic analysis. Two additional cases evaluated
in formalin- fixed, paraffin-embedded samples confirmed that MAY globules were correlated with
calcifications. Previous studies have found that calcifications are seen in 11% to 21% of all BCCs on

histopathologic analysis.’97:108 Fyrthermore, Slowdkoska et al. found that these calcifications were
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more common in high-risk histologic subtypes (44% in infiltrative or morpheaform) than in low-risk
histologic subtypes (22%).197 The dermoscopic findings in our study mirror these histopathologic
findings, with 56% of histologic high-risk subtypes revealing MAY globules vs 19% in low-risk subtypes
(superficial and nodular). In addition, Slowdkoska et al. reported that BCC with calcifications may display

keratocyst formation, which we observed in the proximity of calcified nodules as well.197

Limitations

Limitations of this study include its retrospective, single center design and the low number of cases of
benign lesions known to present with yellowish structures as controls (eg, sebaceus hyperplasias,
molluscum contagiosum, and pilomatrixomas). These lesions are usually multiple and/or easy to
diagnose on clinical and dermoscopic grounds alone and are not typically part of the differential
diagnosis of equivocal lesions and are infrequently biopsied. In addition, to enrich the non-BCC tumor
data set, we obtained a subset of lesions from the ISIC archive; thus, the real-life frequency of MAY
globules in non-BCC tumors could not be quantified with confidence. An additional limitation is that the
population was mainly composed of white patients with intense sun exposure (residents of Florida).
Findings might vary based on different sun-exposure backgrounds and skin types, and these results

should be validated in other populations.

Conclusion

The findings suggest that MAY globules may have utility as a new BCC dermoscopic criterion to aid in
diagnosis and help in the identification of high-risk BCC histologic subtypes. These structures may be
associated with calcifications. Validation of our results is needed with data sets from other centers that

include lesions not routinely biopsied, such as sebaceous hyperplasia and molluscum contagiosum.
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Tables

Table 5: Diagnoses and BCC subtypes

No. (%) of total cases

Characteristic (N = 656)

Diagnosis
BCC 291 (44.4)
Scc 114 (17.4)
Actinic keratosis 42 (6.4)
LPLK 37 (5.6)
Amelanotic or hypomelanotic melanoma 31(4.7)
Seborrheic keratosis 29 (4.4)
Bowen disease 13 (2.0)
Keratoacanthoma 12 (1.8)
Intradermal nevus 12 (1.8)
Dermatitis 11(1.7)
Sebaceous hyperplasia 6(0.9)
Dermatofibroma 5(0.8)
Desmoplastic trichoepithelioma 4(0.7)
Psoriasis 4(0.7)
Molluscum contagiosum 2(0.3)
Other? 43 (6.6)

BCC subtype®
Nodular 224 (76.9)
Superficial 27 (9.3)
Infiltrative 24 (8.2)
Morpheaform or sclerosing 10(3.4)
Keratotic 2(0.7)
Basosquamous 1(0.3)
Pinkus 1(0.3)
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Table 6: Dermoscopic Characteristics

Cases, No. (%)

Other

BCC diagnoses  Total
Characteristic (n=291) (n=365) (N=656) OR(95%Cl) K (95% Cl)
Multiple aggregated 61(21.0) 3(0.8) 64 (9.8) 32.0(9.9t0103.2) 0.895(0.753t00.937)
yellow-white globules
Ulceration® 50(17.2) 60(16.4) 110(16.8) 1.1(0.7to1.6) 0.7261 (0.664 t0 0.768)
Arborizing 139 (47.8) 22(6.0) 161 (24.5) 14.3(8.7t023.2) 0.935(0.935t00.966)
telangiectasia®
Ovoid nest? 16 (5.5) 0(0) 16 (2.4) NR -0.008 (0.017 to 0.003)
Blue-gray globules® 24 (8.3) 0(0) 24 (3.7) NR 0.189 (0.126 t0 0.494)
Blotches and strands® 214(73.5) 70(19.2) 284(43.3) 11.7(8.1t016.9) 0.827 (0.806 to 0.904)
Spoke-wheel structures® 4 (1.4) 0(0) 4(0.6) NR 0.328 (0.189t00.497)
Leaflike areas® 36(12.4) 1(0.3) 37 (5.6) 51.4(7.0t0377.2) 0.747(0.747 to 1.0)
Concentric structures® 15(5.2) 0(0) 15 (2.3) NR 0.272 (-0.008 t0 0.392)
Short-fine 115(39.5) 25(6.9) 140 (21.3) 8.9(5.6t014.2) 0.484 (0.398 t0 0.592)
telangiectasia®
In-focus dots® 75(25.8) 6(1.6) 81(12.4) 20.8(8.9t048.5) 0.782(0.629t00.835)
Multiple small erosions®* 23 (7.9) 3(0.8) 26 (4.0) 10.4(3.1t034.8) -
Serpentine vessels 1(0.3) 16 (4.4) 17 (2.6) 0.1(0to 0.6) -0.014 (-0.017 to -0.008)
Milialike cysts 15(5.2) 16 (4.4) 31(4.7) 1.2(0.6t02.4) 0.601 (0.477 to 0.791)
Polymorphous vessels 11(3.8) 46 (12.6) 57 (8.7) 0.3(0.1t00.5) 0.669 (0.507 t0o 0.742)
Shiny white lines 3(1.0) 28(7.7) 31(4.7) 0.1(0to0.4) 0.851 (0.658to0 1.0)
Rosettes 17 (5.8) 51(14.0) 68(10.4) 0.4(0.2t00.7) 0.741(0.676 t0 0.747)
Peppering 2(0.7) 7(1.9) 9(1.4) 0.4(0.1t01.7) -0.005 (-0.005 to -0.003)
White circles 3(1.0) 35(9.6) 38 (5.8) 0.1(0t00.3) 0.767 (0.719t0 0.82)
Scale 15(5.2) 179 (49.0) 194(29.6) 0.1(0to0.1) 0.807 (0.782 to 0.824)
Glomerular vessels 11(3.8) 115(31.5) 126(19.2) 0.1(0to0.2) 0.650 (0.501 t0 0.697)
Hairpin vessels 10(3.4) 41(11.2) 51(7.8) 0.3(0.1t0 0.6) 0.556 (0.332t00.63)
Orange color 5(1.7) 50(13.7) 55(8.4) 0.1(0t00.3) 0.647 (0.538t00.779)
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Figures

Figure 12.

Morpheaform Basal Cell Carcinoma (BCC) and Infiltrative BCC Showing Multiple Aggregated Yellow-
White Globules

m Nonpolarized dermoscopic image of morpheaform BCC . Polanzed dermoscopic image of morpheaform BCC

E] Nonpolarized dermoscopic image of infiltrative BCC E] Polarized dermoscopic image of infiltrative BCC

Aand C, Nonpolarized images. B and D, Polarized images. Note that the structure is seen in both modes (original magnification x10).

Figure 13.

A. Dermoscopic appearance of MAY globules (yellow arrowheads). B. Reflectance confocal microscopy
(RCM) panoramic view shows a well-defined tumor with hyperreflective amorphous areas (8 x 8 mm). C,
RCM shows tumor nodules (blue arrowheads) and hyperreflective amorphous areas (yellow
arrowheads) (750 x 750 um). D, Optical coherence tomography shows hyperreflective structures with

acoustic shadow (yellow arrowheads) and hyporeflective nodules (blue arrowheads). E, Histopathologic
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analysis, en face view, shows tumor islands with palisading and clefting (blue arrowheads) and calcium
deposits (yellow arrowheads) (hematoxylin-eosin, original magnification x10). F, Histopathologic
analysis, vertical view, shows tumor islands with palisading and clefting (blue arrows) and subepidermal

calcium deposits (yellow arrowheads) (hematoxylin-eosin, original magnification x10).

E] Dermoscopic image Reflectance confocal microscopy image, panoramic view

E] Histopathologic analysis, en face view [E Histopathologic analysis, vertical view
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Figure 14.

A. Dermoscopic appearance showing MAY globules (yellow arrowheads). B, Reflectance confocal
microscopy shows tumor nodules (blue arrowheads) and hyperreflective amorphous areas (yellow
arrowheads). C, Optical coherence tomography shows hyperreflective structures with acoustic shadow
(yellow arrowheads) and hyporeflective nodules (blue arrowheads). D, Histopathologic analysis shows
tumor islands with palisading and clefting (blue arrowheads) and areas of calcium deposits (yellow
arrowheads).

E Dermoscopic image Reflectance confocal microscopy image

E Optical coherence tomography
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Expert Agreement Study on Dermoscopy of Melanocytic Lesions (EASY study)

Introduction

Dermoscopy is a non-invasive, diagnostic technique that aids in the early diagnosis of
melanoma.?2136.137 There is extensive literature highlighting the benefits of dermoscopy; however,
while dermoscopy improves diagnostic accuracy, interobserver agreement for the presence of specific
dermoscopic structures has been reported to be poor to moderate, even among experts.”®199 Reasons
for subpar agreement are poorly characterized but could include: (1) differences in the perception of
feature definitions among experts, (2) potential overlap between features, (3) lack of standardization for
dermoscopy terminology, (4) features that are intrinsically not reproducible, or (5) use of inappropriate
statistical measures of agreement. Prior efforts in the field have attempted standardization of

nomenclature, however these terms have not been formally tested for reproducibility and reliability.3?

To achieve increased diagnostic accuracy and use among clinicians, agreement on dermoscopic
structures and terminology standardization is necessary. To this objective, we designed the Expert
Agreement Study on dermoscopY (EASY) of melanocytic lesions. In this study, we attempted to estimate
the interobserver agreement of experts in dermoscopy on thirty-one melanocytic-specific dermoscopic
features derived from the latest consensus agreement.3? Towards this goal, dermoscopy experts were
asked to submit ‘exemplar’ lesions displaying any of the previously-defined thirty-one melanocytic-
specific structures.3? These highly selective ‘exemplar’ images were used to construct datasets to
investigate the agreement of experts on the presence or absence (lesion-level agreement) of
dermoscopic features. In addition, a novel ‘superpixel’ (group of contextually similar pixels) annotation

platform was created for readers to spatially annotate lesions by highlighting the superpixel containing
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specific structures. While the lesion level annotation allows for the analysis of interobserver agreement
for the presence or absence of specific structures, the superpixel annotation platform permits analysis

of interobserver spatial overlap and/or agreement.

Methods

This cross-sectional, observational study was performed between September 1, 2017 and January 31,
2020. Invites were sent via email to 32 experts in dermoscopy. Experts were defined as clinicians with
more than 10 years of experience in dermoscopy who have made significant contributions to research
or teaching dermoscopy of pigmented lesions. We requested contributions of 1 to 3 exemplar-quality
images for each of the thirty-one dermoscopic features.3? (Supplementary Table 1: feature definitions
and abbreviations) An exemplar-quality image was defined as one with excellent quality and in-focus
depiction of a feature in which the experts had absolute confidence regarding its presence in the lesion.
In total, 25 experts (81%) contributed 964 images of melanocytic lesions for the thirty-one features. Of
the 32 experts initially invited to participate in the study, 21 (66%) completed the annotation phase. Five
additional experts were subsequently invited to participate in image annotation, and all agreed to
participate. The images were uploaded to the International Skin Imaging Collaboration Archive (ISIC

Archive) and are available online.9

To determine the required number of readers and evaluations per reader, we used Monte-Carlo
simulations of the intraclass correlation coefficient. We estimated that, with a confidence interval of
95% and an interclass correlation coefficient of 0.5 as the measure of agreement, 5 readers per study

dataset would be efficient for evaluating agreement for the thirty-one dermoscopic features.
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Feature Selection
All thirty-one melanocytic-specific dermoscopic features from the 2016 International Dermoscopy
Society terminology consensus were selected.3? This list included 14 criteria previously reported to be

significantly associated with melanoma diagnosis.4!

Dataset creation

Three experts (K.L., C.N-D. and A.A.M.) selected 310 of the contributed images via consensus; 10 images
per exemplar feature were selected, based on image quality and presence of all assorted metadata.
These images were used to generate 5 splits each containing 62 images. Each split contained 2 exemplar
images for each of the thirty-one dermoscopic features. The 25 expert readers were randomly allocated
into groups of 5 and assigned to one of the 5 datasets on which to perform the annotation process.
Image annotations were not completed for one of the splits due to lack of participation (23 out of 25

experts completed annotations, 92%) and it was therefore excluded from further analysis.

Superpixel generation

Following image upload to the ISIC Archive (www.isic-archive.com), a superpixel map was automatically
generated. The superpixel segmentation is a technique of grouping together the pixels of a given image
into patches, according to their contextual similarity and spatial proximity. We applied SLIC (Simple
Linear Iterative Clustering) algorithm on the pixel color values to create grouping distinctions based on

contrast thresholds. (Figure 1).43:110
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Image annotations

We developed an annotation tool that allows for selection of features within images both on the lesion
level (lesion-level annotations) and on the superpixel level (spatial annotations).'0 Lesion-level
annotations allow for annotation of descriptive features in a binary fashion - present, or not present —
without indicating their exact location within the lesion. In contrast, superpixel level annotation permits
for spatial localization of features within the lesion. The annotation tool can be used to identify multiple
overlapping features for any given lesion image. Annotators determined whether a feature was present,
or absent in a given image and in a given superpixel, according to their perception. (Video

demonstration of annotations can be found at https://youtu.be/jg)JdCD3k3Es. Expert readers were

blinded to the diagnosis and were invited to exhaustively annotate all thirty-one melanocytic-specific
dermoscopic features in images. Readers were not instructed on the definitions of the features and
annotated the features at their discretion. An example image displaying the superpixel division of an
image and the assorted annotations performed by all five readers, along with their agreement is

displayed in Figure 15.

Agreement Analysis

We performed three levels of analysis: (1) Agreement for the exemplar feature on the lesion level (2)
Agreement for the exemplar features on the superpixel level, and (3) Agreement for the non-exemplar

features on the superpixel level.

Lesion-level agreement

Agreement on the presence of exemplar feature:

Exemplars of each of the thirty-one features were allocated to each of the 4 splits (2 exemplar images

per feature, per dataset). Data were combined into a single dataset for analysis. Percent agreement,
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Fleiss kappa and Gwet’s AC1 were estimated for each of the thirty-one dermoscopic features.''! Both
the Fleiss kappa and Gwet’s AC1 were estimated due to the paradoxical performance of the Fleiss kappa
at the extremes of the distribution of percent agreement. In order to further explore potential overlap
among terms regarding similar features, these were combined into 7 ‘super-categories’ of features (i.e.
Dots, Globules/Clods, Lines, Network, Regression Structures, Structureless and Vessels), maintaining
separate the structurally distinct features Shiny White Structures, Angulated Lines/Polygons, and
Negative Network based on consensus among 4 investigators (K.L., C.N-D., M.A.M, and A.A.M.).
Measures of agreement were estimated for the ‘super-categories’. Kappa and Gwet’s AC1 were
interpreted as outlined by Landis and Koch: 0<0.4 (poor agreement), 0.4<0.75 (fair to good), and 0.75-

1.0 (excellent agreement).112

Superpixel-level Agreement:

To assess inter-reader agreement on the same superpixel, as well as the confusability or overlap with
other features, we computed both the percent agreement for each feature as well as the Dice
coefficient for each possible cross-rater pair of selected superpixel sets. (i.e., for both the same feature
as well as different features marked by two readers).'13:114For the percent agreement we took the total
number of superpixels annotated within an image for a specific feature as the denominator (100%), and
subsequently we calculated the agreement for each feature on the annotated images. For Dice
coefficient our calculations yielded a number between a minimum of 0.0 (0%), in cases of full
disagreement (i.e., two mutually exclusive sets of superpixels), and a maximum of 1.0 (100%) in cases of
complete agreement (i.e., exactly the same set of superpixels). To visually represent the full matrix of
feature pair annotations for all study participants, we created a confusion matrix. Code in the python

(version 3.7) language for these analyses is available at Github repository.!1®
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Results

Lesion-level annotations

Twenty experts annotated 248 images (8 images per exemplar feature), in groups of 5 annotators for a
total of 4507 feature markups. Single reader observations of a feature accounted for 22.4% of all
observations, while agreement of all readers evaluating an image for a feature occurred in 65 images

(26.2%). Supplementary Table S2

Agreement on the exemplar feature on the lesion level

Measures of agreement are presented in Table 7. Percent agreement varied by feature. Highest levels of
percent agreement were observed for ‘Peppering / Granularity’ (92%); ‘Shiny White Streaks’ (90%);
‘Typical Network’ and ‘Irregular Blotch’ (86%); ‘Negative Network’ (84%); ‘Irregular Globules’ and
‘Dotted Vessels’ (82%) and ‘Scar-like Depigmentation’ and ‘Blue-Whitish Veil’ (80%). The remaining 22
features yielded lower levels of percent agreement (Table 7). Overall, Fleiss kappa showed poor
agreement (<0.4) for all melanocytic specific features with the exception of ‘Rim of brown globules’ and
‘Irregular Blotch’; 0.44 and 0.42, respectively. These results are due to the paradoxical nature of the
statistic’s performance at extremely low or high levels of feature prevalence. When using Gwet’s AC,
excellent agreement was observed for ‘Irregular Globules’ (0.78); ‘Typical Network’ (0.83), ‘Peppering /
Granularity’ (0.91), ‘Shiny White Streaks’ (0.89), ‘Negative Network’ (0.81), ‘Irregular Blotch’ (0.82),
‘Blue-Whitish Veil’ (0.76), and ‘Dotted Vessels’ (0.77). The remaining structures showed poor to

moderate agreement.

After collapsing the individual features into ‘super-categories’ based on structural similarities, higher

levels of overall percent agreement and Gwet’s AC were observed. ‘Globules/clods’, ‘Network’,
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‘Regression Structures’, ‘Shiny White Structures’, ‘Negative Network’, and ‘Vessels’ showed excellent
agreement with Gwet’s AC values >0.81. Moderate agreement was observed for ‘Lines’ and

‘Structureless’; ‘Dots’ and ‘Angulated lines’ yielded poor agreement.

Superpixel level annotations

Each of the 248 images in our set was delineated into approximately 1,000 (mean=1001.4, SD=18.1)
superpixel patches. A total of 47,524 Superpixels were annotated by the expert readers in these images.

Disagreement among readers occurred in 81.5% of the superpixels annotated (N=38,732 superpixels)

Percent Superpixel Agreement on the exemplar feature

There were 9 features that yielded 5 reader spatial agreement exceeding 10% of the superpixels where
they were the exemplar feature (i.e. ‘Typical Network’ with 36.2% absolute (100%) agreement among
readers; ‘Cobblestone Pattern’ with 24.7%; ‘Rim of Brown Globules’ with 19.6%; ‘Blotch Regular’ with
17.6%; ‘Blotch Irregular’ with 17.2%; ‘Negative Network’ with 15.3%; ‘Shiny White Streaks’, 15.2%;
‘Peppering / Granularity’ with 11.3%; and ‘Blue-Whitish Veil’ with 11.3%) (Table 8).

Ten features yielded no spatial agreement among the expert readers (0%), those included: ‘Regular
Dots’; ‘Milky Red Globules’; ‘Regular Globules’; ‘Angulated lines’; ‘Branched Streaks’; ‘Broadened

Network’; ‘Delicate Network’; ‘Homogeneous Pattern’; ‘Milky Red Areas’ and ‘Corkscrew Vessels’.

Percent Superpixel Agreement on all features (exemplar and non-exemplar)

The features with the highest level of absolute (100%) spatial agreement among readers were:
‘Cobblestone Pattern’ with 14.63% absolute (100%) agreement among readers; ‘Typical Network’ with
11.88%; ‘Rim of Brown Globules’ with 10.86%; ‘Dotted Vessels’ with 5.83%; ‘Negative Network’ with

5.27%; ‘Shiny White Streaks’ with 4.99%; ‘Peppering / Granularity’ with 3.82%; ‘Starburst Pattern’ with
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3.36%; ‘Blotch Regular’ with 2.86%; ‘Blotch Irregular’ with 2.37% and ‘Polymorphous Vessels’ with
2.09% absolute (100%) spatial agreement among readers (Supplementary Table S2). The same ten
features that had no agreement in the ‘exemplar’ group did not yield any spatial agreement among 5

readers when evaluating both ‘exemplar’ and ‘non exemplar’.

Confusion matrix and Dice coefficient (exemplar and non-exemplar features)

Percent agreement among experts on the superpixel level was comparatively low; however, there were
thirty-one pairs of features displaying consistently high overlap with an average Dice coefficient 20.5
(Table 9). “Atypical Network’ and ‘Broadened Network’ were annotated 85 times by different readers, in
superpixel regions with a Dice coefficient of 0.584; ‘Delicate Network’ and ‘Typical network’ were
annotated 67 times by different readers, in superpixel regions with a Dice coefficient of 0.637,
‘Broadened Network’ and ‘Typical Network’ were annotated 33 times by different readers, in superpixel
regions with a Dice coefficient of 0.658, showing the potential definition overlap among the 4 different
features. Furthermore, ‘Homogeneous Pattern’ — a global pattern seems to be non-specific and
overlapping with almost all other features annotated (Figure 16). Examples of both outcomes (high
overlap/agreement in one feature, but equally strong disagreement in other features) can be found in

Supplementary Figure 1.
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Discussion

In this study including 20 international dermoscopy experts, we assessed the agreement on 248
dermoscopic images for thirty-one established melanocytic-specific criteria.39 Lesion-level agreement
was moderate for many of the suggested features, with single-reader observations accounting for 22.4%
of all feature selections. We found significant agreement for 14 of the 31 (45.2%) features examined,
while excellent agreement was achieved on only 8 of the 31 features (25.8%), even when they were
presented as exemplars. These features were: ‘Peppering / Granularity’ (0.91); ‘Shiny White Streaks’
(0.89); ‘Typical Pigment network’ (0.83); ‘Blotch Irregular’ (0.82); ‘Negative Network’ (0.81); ‘Irregular
Globules’ (0.78); ‘Dotted Vessels’ (0.77) and ‘Blue Whitish Veil’ (0.76). (Table 7) Interestingly, those with
high agreement included 7 of the 14 (50%) melanoma-specific criteria examined, suggesting that they
are pertinent to clinical practice.*! However, collapsing the features into ‘super-categories of features’
based on structural similarity yielded higher levels of agreement with the exemption of ‘Dots’. These
findings suggest that there could be an overlap among definitions and the perception of these features
among experts that could be further elucidated in order to create more reliable diagnostic criteria. As
expected, positive identification by the expert readers of the thirty-one melanocytic specific features
was higher when they were presented as exemplars compared to when non-exemplar features were

identified in images by the experts (Supplementary Figure 2).

Prior efforts in the field have shown poor to moderate agreement for most dermoscopic
features.39:75:109 However, what distinguishes our study is the use of ‘exemplar’ images, submitted by
the experts who initially described the majority of these features. The use of exemplar images yielded a
better agreement compared to the prior efforts and has created a publicly-available exemplar dataset.

10 Additionally, this study also utilizes spatial localization based on the superpixel concept for specific
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dermoscopic features. This novel approach allowed for the identification of overlapping features which

may offer important insights on the visual perception of features by readers.

Overall agreement and chance-corrected agreement were highly variable for specific dermoscopic
features. However, an important aspect of our study was the use of exhaustive (superpixel) annotations
for the feature localization on a dermoscopic image. Superpixel annotations allow for additional
refinement of our understanding of dermoscopic features and new approaches to feature agreement
analysis (Figure 15). Agreement on the superpixel level was low; only 19.6% of all superpixels annotated
showed any agreement between at least 2 readers and only 11 features achieved an agreement of >2%
on the superpixel level among 5 readers. However, in our study we identified 50 pairs of features that
displayed constantly a high (>0.5) Dice overlap, highlighting the features that may perceptually be
confused with each other, or having definitions that may overlap with each other suggesting that
differing terminology may in fact be referring to the same feature, or different features that occur
concomitantly (Table 9, Figure 16). We included 4 different features termed ‘Network / Reticulation’,
with structural similarities based on the latest dermoscopy terminology consensus;® two of them are
melanoma-specific features, that have been correlated with the diagnosis of melanoma on dermoscopy
(i.e. “Atypical Pigment Network’, OR for melanoma 2.0-9.0 and ‘Broadened Pigment Network’), one is
correlated with the diagnosis of nevi on dermoscopy (i.e. ‘ Typical pigment network’), and one non-
specific (i.e. ‘Delicate Pigment Network).39:41 However, despite their different definitions and
significance in clinical practice, these features showed consistently a high Dice overlap in our study.
Furthermore, this was also the case for features ‘Globules / Clods : Irregular’ (melanoma-specific
feature, OR for melanoma 1.7-4.8) and ‘Globules / Clods : Regular’, which is a feature specific for benign

melanocytic lesions (Table 9; Figure 16).3%41 Future studies are needed to explore whether these
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findings can be attributed to a different perception of overlapping features due to ambiguous definitions

of these features, different cognitive perception of features or frequent coexistence of these features.

The superpixel approach has been previously used for the training and testing of machine learning
algorithms (MLA); however, the ‘ground truth’ for this task was set by a single annotator and the
performance of MLA was poor.28:29 MLA have shown potential for diagnosing melanoma and other skin
cancers on dermoscopic images and could potentially prove to be an adjunct to clinical practice. 30:58.116
Our results and the lack of agreement between annotators for the localization of features suggests that
a single annotation for dermoscopic features may not be sufficient to determine ground truth
annotations due to concerns related to reproducibility. We demonstrated that multiple reader
annotation of curated datasets of dermoscopic images can help improve our understanding of image

features, inform and improve MLA performance through supervised or active learning.

The primary goal of our study was to explore expert agreement for the thirty-one melanocytic-specific
dermoscopic features; our results show the features that are more likely to be agreed upon, and which
features may overlap with others. This type of study can be used as the basis to evaluate which features
are reliable, reproducible, and can provide a critical basis for improved diagnostic algorithms by creating
a standardized terminology for international consensus, potentially leading to higher diagnostic accuracy
both by clinicians and MLAs. An important goal of our study was to create a ‘gold standard’ dataset of
exemplar images displaying the melanocytic-specific criteria for medical teaching, effective scientific
communication, and machine learning experiments. There are now 248 dermoscopic images publicly
available with their assorted annotations and areas of agreement for the thirty-one melanocytic-specific

criteria, generated by experts in dermoscopy.
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Limitations

The use of superpixels is a novel method for the evaluation of agreement. However, these pre-
determined regions might not be optimal for attribute identification as dermoscopic features may not
be bounded by superpixels or contrast thresholds, especially features, such as network, that inherently
contain high contrast. Another important limitation of this study is the use of expert readers;
extrapolating the results of this study to the general dermatology community must be made with
caution. Furthermore, despite our efforts to include a diverse group of readers, we only had two readers
from Latin America, two readers from Australia, and none from Africa and Asia. Finally, this should not
be interpreted as an epidemiologic study, since we have intentionally enriched the dataset for
melanomas and their exemplar features; the prevalence of these features has been previously studied
and the scope of this paper was to examine the expert agreement on the presence and localization of

melanoma-specific features.
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Conclusion

Agreement on dermoscopic features remains variable, even when using highly selected
exemplar images among experts. The use of exemplar images facilitates the agreement process while
the use of superpixels provides insights on commonly overlapping features and the intrinsic intricacies
of dermoscopic features. We found that half of the melanoma-specific criteria have good
reproducibility, yielding high agreement, while others, such as ‘Broadened Pigment Network’, ‘Delicate
Pigment Network’, ‘Tan Peripheral Brown Areas’ have very low agreement even on the best-case
scenario of exemplar images and may need elimination from the lexicon of dermoscopy. Finally, analysis
of the superpixel spatial overlap revealed that only 19.6% of superpixel overlaps occurred between
different features, indicating that there may be redundancy or confusion in feature terminology. These
observations are the necessary prerequisites for enhanced consensus building and nomenclature
standardization. Our results will be used as a roadmap to achieve better terminology standardization
and to guide melanoma diagnostic algorithms that ultimately would increase worldwide use and

acceptance of dermoscopy.
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Tables

Table 7.

Measures of agreement for individual dermoscopic features and combined ‘super-feature’ categories

on a lesion level.

Individual Dermoscopic Features

Combined Dermoscopic Super-feature

Rim of brown

globule

categories

% Fleiss’ Gwet’s % Gwet’
Variable agreement kappa AC Variable | agreement | Kappa | s AC
Dots : Irregular 60.00% 0.0954 0.2829 Dots 61.00% 0.137 | 0.288

1 4%

Dots : Regular 60.00% 0.2000 0.2000
Globules / Clods : 60.00% .0.0809 | 0.2918 Globules 91.00% 0.370 | 0.895
Cobblestone / Clods 6* o*
pattern
Globules / Clods : 82.00% -0.0989 | 0.7847
Irregular *
Globules / Clods : 46.00% -0.1315 | -0.0301
Regular
Globules / Clods : 78.00% 0.4419 0.6368
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Lines : Branched

streaks

76.00%

0.0033

0.6839

Lines :

Pseudopods

54.00%

-0.1170

0.2180

Lines : Radial

streaming

65.93%

0.0143

0.4792

Lines : Starburst
(pseudopods/rad

ial)

54.00%

0.0417

0.1154

Lines

70.77%

0.354
2%

0.465
g*

Network :
Atypical pigment

network / Re

70.00%

-0.0631

0.5821

Network :
Broadened
pigment network

/R

38.00%

-0.2917

-0.1923

Network :
Delicate Pigment

Network / Re

48.00%

-0.0552

-0.0252

Network : Typical
pigment network

/ Ret

86.00%

0.2222

0.8293

Network

100%

1.0*

1.0*
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Regression 92.00% -0.0417 | 0.9133 Regressi 96.00% - 0.958
structures : * on 0.020 4*
Peppering / Gra structure 4

s
Regression 80.00% 0.3225 0.7162
structures : *
Scarlike depigm
Shiny white 90.00% -0.0526 | 0.8895 Shiny 90.00% - 0.889
structures : Shiny * white 0.052 5*
white st structure 6

s
Independent: 60.00% 0.1883 0.2114 Angulate 60.00% 0.188 | 0.211
Angulated lines / d lines/ 3 4
Polygons / Zig- polygons
zag
Independent : 84.00% -0.0870 | 0.8124 Negative 84.00% - 0.812
Negative pigment network 0.087 4
network 0
(independent)
Structureless : 86.00% 0.4186 0.8156 Structure 75.06 0.169 | 0.643
Blotch irregular * less 9* 4%
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Structureless : 66.00% 0.2052 0.4058

Blotch regular

Structureless : 80.00% -0.1111 0.7561

Blue-whitish veil *

Structureless : 58.00% 0.0349 0.2564

Milky red areas

Structureless : 42.67% -0.1485 | -0.1448

Structureless

brown (ta

Structureless: 46.57% -0.0876 | -0.0876

Homogeneous :

NOS

Vessels : Comma 76.00% 0.0588 0.6779 Vessels 89.49% 0.346 | 0.874

Vessels : 58.00% -0.1858 | 0.3496

Corkscrew

Vessels : Dotted 82.00% 0.1477 0.7718
*

Vessels : Linear 68.89% 0.2742 0.4555

irregular *

Vessels : 54.00% -0.0403 0.1753

Polymorphous

Vessels: Milky 67.00% -0.0124 | 0.5104

red globules *
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Table 8.

Superpixel agreement on the exemplar feature.

Percent agreement among the experts on the spatial localization (superpixel agreement) of the

exemplar features. The Mean Number of Readers shows the average N of readers annotating the

images for this feature. The percentage of agreement of 260% (at least 3 out of 5 readers annotating the

same region / superpixels for the same feature) can be seen under 3RA %, while under Full - 5RA% we

can see the percentage of absolute agreement for each feature (5 out of 5 readers annotating the same

region / superpixels for the same feature).

Feature

Dots : Irregular

Dots : Regular

Globules / Clods : Cobblestone

pattern

Globules / Clods : Irregular

Globules / Clods : Milky red

Globules / Clods : Regular

Globules / Clods : Rim of brown

globules

Mean Number of  3RA-%

Readers

3.875

25

3.625

4.875

1.25

2.875

3.625

0.192648

0.250801

0.629329

0.349432

0.016079

0.299281

0.408223

5RA- %

0.003571

0.247115

0.043504

0.195766
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Lines : Angulated lines / Polygons /

Zig-zag pattern

Lines : Branched streaks

Lines : Pseudopods

Lines : Radial streaming

Network : Atypical pigment

network / Reticulation

Network : Broadened pigment

network / Reticulation

Network : Delicate Pigment

Network / Reticulation

Network : Negative pigment

network

Network : Typical pigment network

/ Reticulation

Pattern : Homogeneous : NOS

Pattern : Starburst

Regression structures : Peppering /

Granularity

35

0.875

35

4.25

1.875

2.125

4.5

4.375

2.125

3.125

4.625

0.156645

0.300592

0.20898

0.30728

0.092118

0.01616

0.644936

0.756599

0.180564

0.330246

0.504966

0.003906

0.035716

0.031322

0.152862

0.362415

0.041268

0.112971
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Regression structures : Scarlike

depigmentation

Shiny white structures : Shiny white

streaks

Structureless : Blotch irregular

Structureless : Blotch regular

Structureless : Blue-whitish veil

Structureless : Milky red areas

Structureless : Structureless brown

(tan)

Vessels : Comma

Vessels : Corkscrew

Vessels : Dotted

Vessels : Linear irregular

Vessels : Polymorphous

3.875

4.125

3.375

4.375

25

4.375

1.125

4.5

3.875

3.25

0.312567

0.532319

0.417691

0.508637

0.4768

0.184145

0.157379

0.176428

0.541738

0.247682

0.315864

0.050974

0.151495

0.172234

0.175758

0.112656

0.033333

0.027243

0.082328

0.036885

0.002083
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Table 9.

Pairs of features with high (>0.5) Dice spatial overlap on the superpixel annotations. N of pairs indicates

how many times those pairs occurred with high overlap in our study, while % overlap shows the

percentage of their spatial overlap.

N of pairs

92

85

68

67

64

58

42

33

31

% overlap

52.80%

58.40%

55.60%

63.70%

67.00%

86.50%

90.10%

65.80%

71.50%

Feature 1

Network :

Atypical pigment network / Reticulation

Network :

Atypical pigment network / Reticulation

Vessels : Linear irregular

Network :

Delicate Pigment Network / Reticulation

Lines : Radial streaming

Globules / Clods : Cobblestone pattern

Pattern : Homogeneous : NOS

Network : Broadened pigment network /

Reticulation

Globules / Clods : Irregular

Feature 2

Network :

Typical pigment network / Reticulation

Network : Broadened pigment network /

Reticulation

Vessels : Polymorphous

Network :

Typical pigment network / Reticulation

Pattern : Starburst

Globules / Clods : Regular

Structureless : Blotch regular

Network :

Atypical pigment network / Reticulation

Globules / Clods : Regular
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29

29

25

24

24

22

18

16

14

14

13

12

66.30%

50.70%

62.20%

67.90%

56.20%

50.30%

70.10%

54.90%

72.30%

67.00%

50.30%

57.50%

56.80%

52.40%

Pattern : Homogeneous : NOS

Network : Negative pigment network /

Reticulation

Dots : Regular

Globules / Clods : Regular

Pattern : Homogeneous : NOS

Dots : Irregular

Lines : Pseudopods

Pattern : Homogeneous : NOS

Structureless : Blotch regular

Globules / Clods : Rim of brown globules

Structureless : Blotch regular

Dots : Regular

Globules / Clods : Milky red

Globules / Clods : Regular

Structureless :

Structureless brown (tan peripheral area)

Shiny white structures : Shiny white streaks

Globules / Clods : Regular

Globules / Clods : Rim of brown globules

Structureless : Blotch irregular

Dots : Regular

Pattern : Starburst

Structureless : Blue-whitish veil

Structureless : Blue-whitish veil

Lines : Pseudopods

Structureless : Structureless brown (tan

Network :

Atypical pigment network / Reticulation

Vessels : Polymorphous

Network :

Negative pigment network / Reticulation
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92.90%

71.60%

61.40%

50.00%

89.40%

74.10%

72.30%

50.30%

Structureless : Blotch irregular

Lines : Branched streaks

Globules / Clods : Cobblestone pattern

Vessels : Corkscrew

Dots : Regular

Globules / Clods : Cobblestone pattern

Globules / Clods : Rim of brown globules

Regression structures :

Peppering / Granularity

Structureless : Blotch regular

Pattern : Starburst

Pattern : Homogeneous : NOS

Vessels : Polymorphous

Globules / Clods : Cobblestone pattern

Network : Negative pigment network

Pattern : Starburst

Structureless : Blotch regular
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Figures

Figure 15.

A. Sample image (ISIC_0022328) of a melanoma included in the study for ‘exemplar’ feature
‘Structureless: Blue Whitish Veil’; B-F. Image overlaid with the superpixel outlines and annotation
markups selected by each of five expert readers. G. Color representation of each feature selected by the

readers. H. Agreement overlap among all readers.

I Dots : Irregular
- I Globules / Clods : Irregular
I Globules / Clods : Rim of brown globules
Network : Atypical pigment network / Reticulation
[ Pattern : Homogeneous : NOS
[ Regression structures : Scarlike depigmentation
Structureless : Blue-whitish veil
Structureless : Structureless brown (tan)
I Lines : Pseudopods
I Regression structures : Peppering / Granularity
I Structureless : Miky red areas
- I Vessels : Dotted
1" Globules / Clods : Miky red
Il Vessels : Linear irregular

Figure 16.

Confusability Matrix: Each element of this confusion matrix is the median D coefficient across all pairs
of features which occurred in the dataset. In the cases where the diagonal elements are as close to 1.0
as possible (dark color), this suggests that all pairs of readers (each individual reader directly compared
to each of the other four -across all studies) selected close to identical sets of superpixels for the same
feature and image. When all off-diagonal elements approach 0.0 (light color), this suggests that for
different features, pairs of readers rarely selected overlapping superpixels. Feature ‘Pattern :
Homogeneous’, a non-specific feature which can be observed in any region of the lesion overlaps with a

multitude of features, commonly with ‘Blotch : Regular’ and ‘Vessels : Comma’, however the agreement
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on the superpixel level for this feature among experts for this feature was 0%. Additionally, features

‘Dots : Regular’ and ‘Dots : Irregular’ overlap among them and with ‘Globules / Clods’, while both the

superpixel level agreement and the Gwet’s AC was low for these features.

Dots : Irregular

Dots : Regular

Globules / Clods : Cobblestone pattern

Globules / Clods : Irregular

Globules / Clods : Milky red

Globules / Clods : Regular

Globules / Clods : Rim of brown globules

Lines : Angulated lines / Polygons / Zig-zag pattern
Lines : Branched streaks

Lines : Pseudopods

Lines : Radial streaming

Network : Atypical pigment network / Reticulation
Network : Broadened pigment network / Reticulation
Network : Delicate Pigment Network / Reticulation
Network : Negative pigment network

Network : Typical pigment network / Reticulation
Pattern : Homogeneous : NOS

Pattern : Starburst

Regression structures : Peppering / Granularity
Regression structures : Scarlike depigmentation
Shiny white structures : Shiny white streaks
Structureless : Blotch irregular

Structureless : Blotch regular

Structureless : Blue-whitish veil

Structureless : Milky red areas

Structureless : Structureless brown (tan)

Vessels : Comma

Vessels : Corkscrew

Vessels : Dotted

Vessels : Linear irregular

Vessels : Polymorphous
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SUPPLEMENTARY MATERIAL

Supplementary Results Section:

Experts included in this study were: five experts from the USA; three from Spain; two from Austria; two
from Italy and one expert from Australia, Chile, Colombia, France, Germany, Greece, Israel and
Switzerland. Thirty percent of experts were female (n=6); all readers had more than 10 years of

dermoscopy experience.

The median annotation time per image was 2:37 minutes (IQR 1:25 — 5:11 minutes). Each reader
annotated an average of 3.8 (SD=2.4 per annotation, SD=1.53 across images) features per lesion for a
total of 4507 feature markups. The average number of features annotated per image by the experts

varied per diagnosis, from 2.86 (SD=1.80) for nevi up to 4.63 (SD=2.55) for melanomas (p<0.001).

Supplementary Figure 1:

Example of an image included in the study (ISIC_0016128), displaying both examples of high superpixel
agreement among readers for the exemplar feature (‘Structureless : Blue-whitish veil’ - highlighted in
pink in these annotations), and high Dice overlap among annotations between ‘Network : Atypical

pigment network / Reticulation’ and ‘Network : Broadened pigment network / Reticulation’.
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Supplementary Figure 2.

Percent agreement on the presence of features across all 248 images on the lesion level. An agreement
of 100% represents positive identification of the feature by all 20 experts for all times the feature was
identified in an image; with blue we see the agreement when the features occurred in exemplar images

and with orange is the agreement for the same features when they were identified in non-exemplar
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Supplementary Tables:

Supplementary Table S1.

Terminology Glossary: Dermoscopy has an extended terminology and two different approaches to the
names of the features, metaphoric and descriptive. Below we provide the feature names and their

correspondence between metaphoric and descriptive terminology, their definitions and abbreviations
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which are used in the manuscript. Table adapted and modified with permission from Harald Kittler et al.

39

Metaphoric Terminology

Definition

Descriptive
terminology

Abbreviation

Dots: Regular

Dots clustered at the center
of the lesion, or located on
the network lines or in the
hole of the network (also
called target network)

Target: Dots, brown,
central (in the center
of hypopigmented
spaces between
reticular lines)

Regular Dots

Dots: Irregular

Any distribution of dots
other than dots as described
for regular dots

Irregular Dots

Globules / Clods: Polygonal globules Clods, brown or skin Cobblestone
Cobblestone Pattern symmetrically distributed colored, large and Pattern
throughout lesion polygonal
Globules / Clods: Irregular | Globules with variability in Irregular
color, size, shape, or spacing Globules
and distributed in an
asymmetric/disorganized
fashion
Globules / Clods: Milky- Clods, pink and small | Milky-red
red Globules

Globules / Clods: Regular

Globules with minimal
variability in their color, size,
and shape located in the
center of a lesion with
surrounding network, or
along the perimeter or
throughout the entire lesion

Clods, small, round or
oval

Regular Globules

Globules / Clods: Rim of
brown globules

Globules distributed at the
periphery of lesion

Clods, brown,
circumferential

Rim of Brown
Globules

Lines: Angulated lines /
Polygons / Zig-Zag

Gray-brown lines that are
connected at an angle or
coalescing to form polygons

Lines, angulated or
polygonal (non-facial
skin)

Angulated Lines
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Lines: Branched streaks Atypical network with Branched
broken/interrupted lines Streaks
and incomplete connections

Lines: Pseudopods Bulbous and often kinked Pseudopods

projections seen at the
lesion edge, either directly
associated with a network or
solid tumor border

Lines: Radial streaming

Radial linear extensions at
the lesion edge

Lines, radial and
segmental

Radial streaming

Network: Atypical Network with increased Lines, reticular and Atypical
pigment network / variability in line color, thick or reticular lines | Network
Reticulation thickness and spacing. Gray | that vary in color

color to lines or disorganized

distribution
Network: Broadened Widening of the network Lines, reticular and Broadened
pigment network / lines thick Network
Reticulation
Network: Delicate Fine thin network Lines, reticular and Delicate

thin Network

pigment network /
Reticulation

Network: Typical pigment

network / Reticulation

Network with minimal
variability in the color,
thickness, and spacing of the
lines; symmetrically

Lines, reticular

Typical Network

distributed
Network: Negative Serpiginous interconnecting | Lines, reticular, Negative
pigment network / broadened hypopigmented hypopigmented, Network
Reticulation lines that surround around brown clods

elongated and curvilinear

brown structures
Patterns: Starburst This pattern consists of Pseudopods, Starburst

circumferential or Pattern

pattern

tiered peripheral globules,
pseudopods, or streaks (or a
combination of them),

lines, radial,
circumferential
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located around the entire
perimeter of the lesion

Patterns: Homogeneous A pattern lacking any Structureless, any Homogeneous
pattern definable pigment color Pattern
structures, also know as
structureless pattern
Regression structures: Consists of fine dots with a Dots, gray Peppering /
Peppering/granularity blue-gray color Granularity
Regression structures: Area of white that is whiter Structureless zone, Scar-like

Scar-like depigmentation

than surrounding normal-
appearing skin (true
scarring); it should not be
confused with
hypopigmentation or
depigmentation caused by
simple loss of melanin; shiny
white structures and blood
vessels are not seen in areas
of regression

white

Depigmentation

Shiny white structures:
Shiny white streaks

Short discrete white lines
oriented parallel and
orthogonal (perpendicular)
to each other seen only
under polarized dermoscopy

Lines, white,
perpendicular

Shiny White
Streaks

Structureless: Blue whitish
veil

A raised/palpable blotch of
blue hue with an overlying
whitish groundglass haze

Structureless zone,
blue

Blue whitish veil

Structureless: Blotch
Regular

One blotch within center of
lesion and surrounded by
network

Regular Blotch

Structureless: Blotch
Irregular

More than one blotch or a
blotch that is located off
center

Irregular Blotch
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Structureless: Tan
(Brown) Peripheral
Structureless areas

Structureless, brown
(tan), eccentric

Tan Peripheral
Structureless
Areas

Structureless: Milky-red
areas

Milky-white appearance or
pinkish structureless areas
(strawberry and ice cream-
like), consisting a red
vascular blush with no
specific distinguishable
vessels

Milky-red Areas

Vessel morphology,
monomorphous: Dots

Tiny pinpoint vessels

Dotted Vessels

monomorphous: Linear
irregular / Serpentine

vessels,

Vessel morphology, Linear, curved, short vessels | Curved Comma Vessels
monomorphous: Comma

Vessel morphology, Twisted looped vessels with | Helical Corkscrew
monomorphous: bends twisted along a Vessels
Corkscrew central axis

Vessel morphology, Linear, curved or serpentine | Serpentine Linear Irregular

Vessels

Vessel morphology:
Polymorphous

Polymorphous
Vessels

Supplementary Table S2.

Dermoscopic features specific for melanocytic lesions (nevi and melanomas) included in our study, the

total Number of observations (on the lesion-level) of these features (Total N of observations), the

number of images in which they were observed (In images), and the respected agreement they yielded.

Orphan observations - observations by single readers; 2-RA - agreement among 2 readers; 3-RA -

agreement among 3 readers, threshold of >60% for the presence of a feature in an image; 4-RA -
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agreement among 4 readers (80% agreement), and 5-RA (FA) - full agreement among 5 readers, 100%

agreement for the presence of a feature in an image.

Dermoscopic ' Total N of In Orphan Lesions 2 Lesions 2 | Lesions Lesions
Feature observatio image | observatio @ 40% 60% 2 80% with
ns s ns agreement agreeme | Agreeme | 100%
(22RA) nt (23RA) ' nt (24RA) | agreeme
nt
Dots : 268 124 48 76 44 18 6
Irregular
Dots : 102 65 37 28 7 2 0
Regular
Globules / 60 29 14 15 9 5 2
Clods :

Cobblestone

pattern

Globules / 319 150 67 83 49 27 10
Clods :

Irregular
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Globules / 40 31
Clods : Milky

red

Globules / 103 57
Clods :

Regular

Globules / 58 29
Clods : Rim
of brown

globules

Lines : 72 30
Angulated

lines /

Polygons /

Zig-zag

pattern

Lines : 82 61
Branched

streaks

Lines : 116 50

Pseudopods

24

28

18

43

19

29

11

21

18

31

14

16

23

11
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Lines : Radial

streaming

Network :
Atypical
pigment
network /

Reticulation

Network :
Broadened
pigment
network /

Reticulation

Network :
Delicate
Pigment
Network /

Reticulation

Network :
Negative
pigment

network

135

344

130

124

124

66

128

86

81

54

33

32

51

55

22

33

96

35

26

32

21

67

12

19

12

39

13

14
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Network : 245 101
Typical

pigment

network /

Reticulation

Pattern: 88 71
Homogeneo

us : NOS

Pattern : 53 24

Starburst

Regression 249 114
structures :

Peppering /

Granularity

Regression 161 81
structures :

Scarlike

depigmentati

on

34

57

10

48

42

67

14

14

66

39

39

35

24

26

23

11

12

11
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Shiny white
structures :
Shiny white

streaks

Structureless
: Blotch

irregular

Structureless
: Blotch

regular

Structureless
: Blue-

whitish veil

Structureless
: Milky red

areas

Structureless

Structureless

brown (tan)

218

227

71

183

169

250

82

98

39

93

80

138

24

44

24

39

32

62

58

54

15

54

48

76

40

37

27

25

28

25

27

15

13

11
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Vessels :

Comma

Vessels :

Corkscrew

Vessels :

Dotted

Vessels :
Linear

irregular

Vessels :
Polymorpho

us

147

143

143

28

17

63

61

54

16

14

26

22

14

12

37

39

40

10

25

25

28

15

16

16

209



Discussion

Skin cancer is the most common cancer worldwide.® It is estimated that in the United States
alone, non-melanoma skin cancer (BCC and SCC) could be exceeding 5 million cases per year.':12 At the
same time, approximately 220.000 cases of melanoma, the deadliest form of skin cancer, are recorded
each year, as well as, 37.000 deaths in Europe and the US."7 In recent years there has been a significant
improvement in the survival and quality of life of patients with advanced skin cancer.'>-19 Nevertheless,
the mainstay for decreasing skin cancer morbidity and mortality remains early skin cancer diagnosis and

surgical excision of the tumor.19-21

In our thesis we examined the potential role that Al algorithms could play in early skin cancer diagnosis.
Al algorithms, and Machine Learning algorithms in particular, have displayed promising results in
various fields of medicine, including ophthalmology and radiology, while there are already FDA
approved Al algorithms that have been embedded into clinical practice.® Through ISIC Archive

(www.isic-archive.com) we explored the diagnostic accuracy of Al algorithms for skin cancer diagnosis,

as well as their possible implementations in everyday clinical practice. ISIC Archive is an academia -
industry partnership whose primary goal is to decrease melanoma mortality with the use of new
imaging technologies. Towards this goal, ISIC Archive has been hosting annual Al competitions (2016-
2020) utilizing its constantly expanding dermoscopic images archive. Herein we presented the results of
ISIC Grand Challenge 2017, as well as our findings from the reader study that followed.28:30 We found
that the best performing algorithm, at a given sensitivity threshold, had higher specificity for melanoma
diagnosis, compared with both expert dermatologists and dermatology residents. Our most impressive

finding was that in cases where clinicians had low confidence in their diagnosis, especially less
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experienced clinicians, the adjunct use of the algorithm could potentially improve their diagnostic

accuracy. These findings have been confirmed by subsequent research.59:116

Following, we explored the reproducibility of the results of published, publicly available Al algorithms,
potential factors that could affect their diagnostic outcomes, as well as their generalizability in a
population different than the one they were trained.56:59 We selected and published a standardized skin
cancer image dataset'? to validate two publicly available Al algorithms and found that the diagnostic
accuracy of these algorithms is significantly reduced when lesions from patients with a different skin
type are used.3':32 Additionally, we found that image based Al algorithm for skin cancer diagnosis can
be affected by various factors, such as image rotation, or manipulations regarding image brightness or
contrast.3! We finally found that the diagnostic accuracy of Al algorithms is heavily dependent on
whether the image is in focus and well centered.32 Our findings are in accordance with similar research
in the field, highlighting the intrinsic weaknesses of Al algorithms for skin cancer diagnosis.®163 These

weaknesses need to be overcome before these algorithms are incorporated in everyday clinical practice.

During our thesis we suggested new statistical and interpretation approaches which could be more
suitable when evaluating the application of Al algorithms in skin cancer diagnosis. At the same time, we
highlighted the need for these algorithms to be tested in the general population, outside the biased
settings of research, where skin cancer, and especially melanoma is heavily represented. On this ground,
prospective, randomized clinical trials will be needed, and we are already running some of these studies
in “Andreas Sygros” Hospital for Cutaneous and Venereal Diseases, trying to better define the potential

utility of these Al algorithms.
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As discussed prior, dermoscopy is a widely used, non-invasive, diagnostic technique that has significantly
aided in early skin cancer diagnosis, both for melanoma and non-melanoma skin cancers.22:23 However,
agreement on specific dermoscopic criteria remains moderate to poor, even among dermoscopy
experts.39:75:109 Through our research we described novel dermoscopic criteria i. for diagnosing hard-to-
diagnose melanomas, such as acral amelanotic melanoma; ii. For high-risk Basal Cell Carcinomas, and
finally, iii. Their benign mimickers.34:36:37.118 fyrthermore, we conducted the Expert Agreement Study
on Dermoscopy of Melanocytic Lesions, defining the reliability and reproducibility, along with the
overlap of dermoscopic criteria used to differentiate nevi from melanomas. Our results could be utilized
in order to: 1. Improve the diagnostic algorithms used by clinicians for skin cancer diagnosis, and 2.

Improve the diagnostic accuracy of Al algorithms through targeted training.27-28

A question that is often posed, is what purposes the study of Al algorithms for diagnosing skin cancer
serve. Why do we need Al algorithms for skin cancer diagnosis and finally, will their incorporation in

clinical practice prove beneficial to the patient?

At this point we need to face some of the challenges that we, as physicians, face with regards to early
skin cancer diagnosis. The majority of melanomas, approximately 75%, is not initially diagnosed by
dermatologists, but by the patients themselves, or a family member.119-124 Additionally, a high
percentage of patients will not have access to specialized care.'? Finally, our diagnostic accuracy for
melanoma diagnosis, as dermatologists, is not exceedingly high.126 Incorporating Al algorithms in clinical

practice could overcome some of these limitations, especially if these algorithms were to be widely

available via smartphone applications for example.
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However, a critical question arises here, which according to our opinion, should be addressed by the
scientific community. Hypothesizing that in the near future an Al algorithm with almost perfect
sensitivity and specificity is generated. To whom should such a powerful diagnostic tool be addressed?
Should it be available to the general public? And more importantly, from a Hippocratic standpoint,
would its use produce more good than harm? In recent years a constant rise in the number of
melanomas diagnosed is observed, while melanoma mortality remains stable, and recently, declining.'2”
The trend is similar for non-melanoma skin cancers as well.'295 From our point of view, the decline in
melanoma and non-melanoma skin cancer morbidity and mortality could be highly attributed to the
novel, targeted, systemic treatments,'”:'® while the increase in skin cancer incidence is caused by the
following factors: 1. The life expectancy, especially in western societies, is constantly rising and it is
portrayed to maintain the same trend throughout the 21 century.'2® 2. Our sensitivity and specificity,
as dermatologists, for skin cancer diagnosis has substantially improved drastically with the addition of
novel diagnostic tools, such as dermoscopy and Reflectance Confocal Microscopy.22:23:72 3, The

diagnostic drive and pressure to diagnose melanoma, and skin cancer in general, at an earlier stage has

been a constant push towards that direction.29-131

However, we are not aware whether the diagnosis of skin cancer at an extremely early stage, or cancers
that would have doubtful consequences at the patients’ quality of life, or life expectancy, is doing more
good than harm.131-133 Within that spectrum, we are not aware whether the excessive use of
technology and the most advanced diagnostic tools can lead to opposite than the desired results. Could
the excessive use of technology lead to diagnosing “harmless” skin cancers, which would cause minimal,
or no consequences to the patients if we were not so capable at diagnosing them? These are questions

that are also being raised for the screening policies for breast and prostate cancer.'31:134 What could be
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the outcome if such a powerful diagnostic tool, with the ability to detect minimal alterations in the size,
shape and color of a skin lesion, finds its way to the hands of billions of people? The resulting pressure
to health systems around the world could be tremendous, for diagnosing cancers with uncertain

malignant potential, while the benefit to the patients could be limited.

Finally, an important thing to highlight to all the aforementioned is the role of physicians as something
more than people that merely diagnose and treat a skin lesion, especially when the lesion in question is
cancer. The relationship of trust between doctor and patient is one of the quintessential steps in the
care of the patient, and furthermore the cancer patient. The use of new technologies, especially if they
aid us in becoming better physicians, is more than welcome, yet, only within a framework where we will

be able to provide better care for our patients.'3°

Concluding, technological advancements have offered invaluable services to human, and the same is
anticipated for the Fourth Industrial Revolution, where Al algorithms are expected to play a major role.
We anticipate that the use of this new technology will have an equally important role in Medicine and
dermatology in particular. However, from our point of view, it has to be the scientific community as a
wholesome that will define the framework within which Al will be used, in order for clinicians, aided by

Al algorithms, to always “do good, or at least, do no harm”.
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Conclusion

In conclusion, during our thesis (1) we identified that Al algorithms have a great potential to aid
clinicians in early skin cancer diagnosis. (2) We found that clinicians with limited clinical experience
could benefit more from their use. (3) We showed some important intrinsic weaknesses of Al
algorithms; weaknesses that need to be overcome before they are embedded in clinical practice. (4) We
suggested novel statistical and interpretation approaches for evaluating the results of the research
conducted in Al algorithms and early skin cancer diagnosis. And (5), we described new dermoscopic
criteria for diagnosing skin cancer and we identified some of the pitfalls of existing dermoscopic criteria
for melanoma diagnosis. These results could be used to improve upon diagnostic algorithms used by
physicians for skin cancer diagnosis and for better training of Al algorithms for the same purpose.
Finally, we described the advantages and disadvantages that the use of Al algorithms for early skin
cancer diagnosis could generate, as well as the framework within which they could be incorporated in

clinical practice, always under the guidance and supervision of the scientific community.
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