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MepiAnyn

21NV TTapouca TITUXIOKA £pyaacia, Yivetal Xprion Thg TTEENyOUUEVNG TEXVNTHG VONUOOUVNG O€
QPXEIa NAEKTPOVIKWV QAKEAWY UYEIAG, XPNOIKMOTTOIWVTAG KOl CUYKPIVOVTAG TOUG BUO TAEIVOUNTEG
XGBoost kai CatBoost. ‘ET01, yiveTal gia TTpooTrddela evIOTIONOoU Twv dIagopwy PETAEU Twv U0
TagivounTwy, METAEU TWV £pYaAEiwY TNG ETTEENYOUMEVNG TEXVNTAG VONUOOUVNG, OAAG KAl JETOEU
TWV dI1GpopwVv KAAOoEWYV TTOU TTPOKUTITOUV OTO TEAIKO dataset.

210 1° KeAAQIO, YiveTal yia el0aywyn oTnV £pyacia he avagopd oToug opIoHoUS TwV
HAekTpovikwv PakéAwv Yyeiag aAAG Kal TNG eTTEENyoUPEVNG TEXVNTAG vonuoouvng. MeTagu
GAAWV ava@EpovTal Ta TTAEOVEKTANATA KAl TA JEIOVEKTAPOTA TwV HAeKTpoVIKWV PakéAwv Yyeiog
KABWG Kal TTwWG JTTOPOUV aUTOI VO UVOUACTOUV UE TNV ETTEENYOUUEVN TEXVNTH vonuoouvn.

270 2° KedAAaio, TTapouaialeTtal pia ekTevrg BIBAIOYPa@IKr) avacokOTnaon 11 €mMOTNUOVIKWY
GpBpwv, Pe KUPIO BEPa TN XPAOoN ETTEENYOUNEVNG TEXVNTAG vonuoouvng o€ HAEKTpoVIKOUG
ddkeloug Yyeiag. Emiong, avagépovTal ol GNUAvTIKOTEPES EAAEIWEIS aTn BIBAIoypagia.

To 3° kepaAaio TTepIEXEl TNV PEBODOAOYIa TTOU AKOAOUBNONKE yIa TNV €KTTOVNON TNG TITUXIAKIG
gpyaaiag, dnAadr Tou TTwg xpnoigoTroinénkayv 1a dedouéva, TTWGS auTa ETTEEEPYACTNKAV Kal TTWG
EYIVE N TEAIKA TOUG ATTEIKOVION.

270 4° KeAAaI0, £XOUNE TNV TTapouaciacn Twv diaypapudrwy 1600 yia ThV OTITIKOTTOINCH TwV
0edouévwv 600 Kal yia TNV €TeENYOUNEVN UNXavIKr ydénaon. EmirAéov, TTapouoiddeTtal Kai Eva
MovTEéAo diayvwong MpodiaBATn/AIBATN TTOU TTPOEKUWYE ATTO TNV TTECEPYATIa TWV DESOUEVWIV.

270 5° kKeAAalo, yiveTal Pia oulnTNoN TTEPI TWV ATTOTEAECUATWY TTOU TTPOEKUYAY aTTO ThV
E£QapUOYN UNxavikrig udbnong oTa apxeia, yiveral pia oUykpion Pe TNV uttdpxouca BiBAloypagia
£VW TTAPOUCIAZoVTAl TOOO Ol KAIVOTOMIEG OCO KAl Ol AdUVAMIEG TNG EPYATIAG.

TENOG, OTO 6° KEQPAAAIO TTPOKUTITOUV TA CUNTIEPACHATA TNG TITUXIOKAG EPYOO0IAg KAl TTPOTEIVOVTAI
KATTOIEC MEANOVTIKEG TTPOOTITIKEG.

Quoikd, HETA TO KUPIO PHEPOG TNG TITUXIOKAG TTapaTiBevTal n BiBAIoypa@ia Kal 0 KWAIKAG TTou
avaTITUXOnKe TOOO yIa TNV OTITIKOTTOINON TWV OedoUEVWY, GO0 KAl VIO TNV INXAVIKH Jaénon.

NEEEIG-KAEIBIA: HAeKTPOVIKOI PAKEAOI UYEIOG, UNXaVIKA HABnaon, eTegnyoupevn TeXvNTA
vonpoaouvr), oTITIkoTToinon dedouEVWY, KATnyoploTToinon dedouEVWY, HOVTEAO diIdyvwong
0aoBévelng



Abstract

In this thesis, we use of explainable artificial intelligence in electronic health record files, using
and comparing the two classifiers XGBoost and CatBoost. Thus, an attempt is made to identify
the differences between the two classifiers, between the tools of the explainable Al, and
between the different classes that result in the final dataset.

In chapter 1, an introduction to the thesis is given with reference to the definitions of Electronic
Health Records and of the explainable Al. Among others, the advantages and disadvantages of
Electronic Health Records are mentioned as well as how they can be combined with explainable
artificial intelligence.

In Chapter 2, an extensive literature review of 11 scientific articles is presented, focusing on the
use of explainable artificial intelligence in Electronic Health Records. Also, the most important
shortcomings in the literature are mentioned.

Chapter 3 contains the methodology followed for the thesis, how the data were used, how they
were processed and how they were finally visualized.

In chapter 4, we have the presentation of the diagrams for both data visualization and
explainable machine learning. In addition, we also present a model for the diagnosis of
Prediabetes/Diabetes that resulted from the data processing.

In Chapter 5, there is a discussion of the results obtained by applying machine learning to the
files, a comparison with the existing literature is made and both the innovations and
weaknesses of the work are presented.

Finally, Chapter 6 draws the conclusions of the thesis and suggests some future perspectives.

Of course, after the main part of the thesis the literature and the code developed for both data
visualization and machine learning are listed.

Keywords: Electronic health records, machine learning, explainable artificial intelligence, , data
visualization, data classification, disease diagnosis model
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1. Eloaywyn

1.1 HAektpovikoi PdkeAol Yyeiag (Electronic Health Records)

H xprion Twv ouoTNUATWY NAEKTPOVIKWY QakéAwWV uyeiag (a1o e€Ag HDY) oTnv uyEIovopIK)
TTEPIOAAYN augaveTal, ue aTTOTEAETUA TNV aPBOVIa NAEKTPOVIKWY KAIVIKWV dedopévwy. H
UYEIOVOUIKN TTEPIBOAWN pE yvwpova Ta dedouéva eMOIWKEI va agloTroifoel Ta Oedopéva Twv
HOY yia Tnv TTapoxn £€atopikeupévng TTePIBaAWNG Kal TN BEATIWON TWV ATTOTEAETUATWY.



O1 HOY £xouv kataoTei akpoywviaiog AiBog Tng oUyXpovng UYEIOVOUIKAG TTEPIBOAYNG, HE OTOXO
ToV £€0PBOAOYICHO TWV KAIVIKWY powv epyaaciag kai Tn BeATiwon TNG cUVOAIKAS
QTTOTEAECUATIKOTNTAG TWV OUCTNHATWYV UYEIQG.

O1 HOY cival ynoiakég ekOOTEIG TwV XAPTIVWYV BIAYPANPATWY TWV 00BEVWV KAl £X0UV
oXedIaoTEI yIa va gival OAOKANPWHEVD apXEIa O TTPAYUATIKO XPOVO TTOU TTAPEXOUV TTANPN EIKOVA
TOU I0TOPIKOU uyeiag evog acBevoug. MepIAauBavouy pia TroikiAia TUTTwY 0edouéVwY, OTTWG:

- Anuoypa@Ika oToIxEia Tou acBevoug

- laTpIKO 10TOPIKO

- NioTeg @apudKkwy Kal aAAEpYILV

- EpyacTtnpiakd kal aTTeikovioTIKG aTttoTeEAéCUATa
- 2x£010 BpaTTEiag KAl ONUEIWOEIG TTPOOdOU

O TpwTapXIKOG 0TOX0G TwV HADY gival va BeATiwoouv Tnv TTO16TNTA TAG TTEPIBAAYNG
KABIoTWVTAG TIG TTANPOPOPIEG TWV A0BEVWYV EUKOAD TTPOGRACIUES OTOUG TTAPOXOUG UYEIOVOUIKNG
TEPIBaAWNG, dieuKOAUVOVTAG £T01 TRV KAAUTEPN ARWN KAIVIKWY aTToQaoewv. [1]

1.1.1 MAeovektnpata twv HOY
MoAudGpIBuEG PEAETEG Exouv avadeigel Ta duvnTIKG o@EAN Twv HODY, peTagu GAAwV:

- BeAtiwon tng moi6tnTag TNG TrEPIBaAWNG: O1 HOY ptropoulv va PEIOOoUV Ta IATPIKA G@AAUOTA,
BeATiovovTag TNV akpiBela Twv dlIayvwoewy Kal dIEUKOAUVOVTAG TN AW atro@doswy BAaoel
TEKUNPIWY. MIa avaoKOTINON EUTTEIPIKWY UEAETWV DIATTIOTWOE OTI TO 78% TWV PEAETWV avEPePE
augnon TnG TToI6TNTAG TNG UYEIOVOMIKAG TTEPIBaAWNG PETA TNV e@apuoyr) Twv HODY.

- Meiwaon Tou k6aTOUG: OpIoPEVEG HEAETEG ExOuV ava@épel OTI ol HDY ptropouv va odnyriocouv
O€ €GOIKOVOUNON KOOTOUG [E TN MEIWON TNG avAyKNG yIa QUOIKR aTToBnKEUoN XAPTIVWY apPXEiwV
Kal TNV €AaXIOTOTTOINGN TwV SITTAWV £EeTATEWV. MePiTToU TO 56% TWV PEAETWV avEQEPE PEiwon
TOU KOGTOUG TToU auvdEeTal pe Tn xprion HODY. [2]

- Au¢nuévn ammodoTtikotnta: O1 HPY e€opBoAoyilouv TIG poEG Epyaaiag PE TNV QUTOUATOTTOINGN
OIOIKNTIKWY £PYACIWY, OTTWG O TTPOYPANUATIONOG Kal 1 TIMOAGYNOT, YEYOVOG TTOU UTTOPEi va
odnynoel o€ €£0IKOVOUNCN XPOVOU Yia TOUG TTApOXOUG UYEIOVOUIKNAG TTEPIBaAWNG. H épguva Twv
Poissant L, Pereira J et. Al [3] £d€1&g 611 01 HDY ptmopoUv va PEIoOouY ToV XPOVO TTou
datTavaTal yio Epyaoieg TEKUNPiwong Katd trepitrou 12.6% £wg 4% avd ouvAavinon Pe Tov
aoBevn.

1.1.2 Mewovektnuata twv HPY

Mapd Ta TTAeoveKTAMATA, N eQappoyn Twv HDY gival yePdTn Ye TTPOKAACEIG TTOU PTTOPE va
EUTTOBICOUV TNV ATTOTEAECHATIKOTNTA TOUG:

- AvTioTaOn OTNV KAIVOTOdia: ZUXva UTTAPXEl avTioTaon atmd Toug TTapOXOUG UYEIOVOUIKNAG
TTEPIBaAYWNG o1 oTToioI PTTOPET va gival atTpdBupol va uloBeTrioouV VEEG TEXVOAOYiES. 'Evag
onPavTikéG TTapAyovTag auThg TNG aTTpoBuiag ival N avTIANTITA augnaon Tou POPTOU £PYaCiag
Kal 0 XpOvOog TTOU ATTAITEITAI YIa TNV EKTTAIdEUCT.



- Avnouxieg oxeTikd Pe To améppnTo: H yetdBaon oe wneiakd apyeia eyeipel avnouyieg oxeTka
ME TNV ao@AAcia Twv deBOUEVWY Kal TNV IBIWTIKOTNTA TWV aoBevwv. ZnTrPaTta OTTwe N 1N
etouaiodoTtnuévn TTpdoRacn o€ euaiodNTEG TTANPOYPOPIES UYEIOG UTTOPOUV VO UTTOVOREUCOUV TNV
EMTTIOTOOUVN OTO ouoTApaTa HOY [4].

- Texvikd gutmodIa: ZntpaTa TTou oXeTiCovTal JE TN AEITOupyIKOTATA TOU GUCTANATOG, TV
akpifeia Twv dedopévwy Kal To oxedlaoud Tng dieTTa@ng Xpriotn (User interface) ptropei va
ePITAEEOUV TN xprion Tou HOY. O1 1aTpoi cuxvd ek@pdalouv atroyorTeuon PE Ta CUCTAPATA
HO®Y 110U dev evowpaTwvovTal KaAd OTIG UTTAPXOUCEG POEG EpYACTIag A TTOU aTTAITOUV
uTTEPROAIKS XpOVO yia TNV eiIcaywyrh 0edouEvwy [5].

H epapuoyn Twv HOY dev gival atmAwg pia TEXVOAOYIKR aAAayri- €ival €vag KOIVWVIKOTEXVIKOG
METOOXNMUATIONOG TTOU £TTNPEACEI TOOO TIG KAIVIKEG POEG Epyaciag 000 Kal TIG OPYAVWTIKEG DOEG.
H evowpdTtwon Twv HOY peTaBAGAAEl TOV TPOTTO PE TOV OTTOIO OI TTAPOXOI UYEIOVOUIKAG
TEPIBaAWNGS aAANAETIOPOUV PETAEU TOUG KOl PE TOUG Ao BEVEIG, 0dNYWVTAC O€ VEEG POEG
£PYQOiAg Kal TTPOTUTTA ETTIKOIVWVIAG. AUTOG O JETAOXNUATIONOG UTTOPEI va 0dNnynoel o€
OTTPORBAETITEG OUVETTEIEG, OTTWG:

- Alarapayn NG pong epyaciag: Edv ta cuotripata HOY dev gival euBuypappiopéva Pe Tig
UTTAPXOUCEC POEC EPYATiag, MTTOPEI va dNUIOUPYNCOUV avATTOTEAETHUATIKOTATA AVTi va
eEopBoAoynoouyv TIg diadikaaoieg. MNa TTapddelypa, oI KAKWG oXeSIOOPEVES DIETTAPES TwV HOY
MTTOpOUV va 0dnyhoouv o€ auénaon Tou XpOvou TeKUNpiwong Kal eE0uBEvwan TOU UYEIOVOUIKOU
TTPOCWTTIKOU [1].

- M'vwaoTikG @opTio: H petdBaon otoug HPY ptropei va augroel TO YVWOTIKO QOPTIO TwV KAIVIKWY
YIOTPWY, KOBWG TTPETTEI va TTEPINYNOOUV € TTOAUTTAOKA CUCTHUATA VW TTAPAAANAG TTapEXOUV
@povTida 0TOUG aoBeveic. AUTO PTTOPE VA PEIWOEI TNV TTOIOTNTA TWV AAANAETIOPACEWY PE TOUG
a0Beveig Kal va 0dNYHOEl O PEIWPEVN ETTAYYEALQTIKI IKAVOTTOINON TWV TTAPOXWY UYEIOVOMIKAG
TEPIBaAYNG [4].

O1 gutreIpieg TwV KAIVIKWY 10TpWV PE Toug HADY eival kpioiueg yia Tn Slaudppwaon TNG
QTTOTEAECHATIKOTNTAG TOug. H peAéTn Twv A. Karim Jabali, Abu Waris et. al [5] ammokdAuye WIKTEG
QVTIAQYEIG JETAEU TWV TTAPOXWY UYEIOVOUIKAG TTEPIBAAWNG OXETIKA Pe Toug HDY. Evw opiopévol
KAIVIKOI 10TPOIi €KTIMOUV TNV TTPOCRACINOTNTA TWV TTANPOPOPIWY TwV acBevwy Kal Tn duvaTtoTnTa
BeATiwpévou ouvToviopou TnG TTePiBaAywng, aAAol Bpiokouv Toug HOY duokivnToug Kai
XpovoBopoug. O1 vOONAeUTEG, EIBIKOTEPA, AVEPEPAV BETIKEG EUTTEIPIEG TTOU OXETICOVTAI PE TNV
OTTOTEAECUATIKOTNTA, EVW OI YIATPOI ECEPPATAV AVNOUXIEG OXETIKA PE TOV AVTIKTUTTO TwV HPY
0TI PON £pYACiog TOUG.

1.1.3 MeA\oVTIKOC 0XeOLAONOC TV HDY

MNa va peyioTotroinBouv Ta o@éAn Twv HOY, utropolv va xpnaoipotroinbouyv diIdpopeg
OTPATNYIKEG:

- Zxe0100U06G uE eTTIKEVTPO TOV XPAOTN: Ta ueANOVTIKG cuaTAuaTta HPY Ba trpétrel va divouv
TTPOTEPAIGTATA OTNV EUTTEIPIA TOU XPAOTN, EVOWHATWVOVTAG Ta OXOAIA TWV YIOTPWY YIA TN
onuioupyia 1o dlIaoBNTIKWY BIETTAPWY TTOU €UBUYPAUUICOVTAl JE TIG UTTAPXOUCES POEG
gpyaaciag.

- Exmaideuon kai uttootApIEN: H cuvexig KaTApTIoN Kal UTTOOTAPIEN TwV TTAPOXWY UYEIOVOUIKAG
TTEPIBAAYNG €ival atrapaitnTeS yia va dIacPaAIoTEl OTI UTTOPOUV VA XPNOIUOTTIOIOUV



atroteAeopaTiké Ta cuotApata HOY. Autd trepiAapBaver dxi HOVO TNV apxIKr KaTapTion aAAd Kal
TN ouvexn eKTTAIdEUON KOBWG Ta cUCTANATA eEeAicoovTal [4].

- Mpoétutra diaAsiToupyikéTNTag: H KABIEpwaon IoXupwV TTPOTUTTWY BIAAEITOUPYIKOTNTAG Ba
OIEUKOAUVEI TNV KAAUTEPN avTaAAayr ESOUEVWV PETAEU DIAQOPETIKWY CUCTNUATWY HODY,
€VIOXUOVTAG TO CUVTOVIONO TNG TTEPIBaAYNG Kal BEATIOVOVTAG TA ATTOTEAEOUOTA TWV ACOEVWV.

- EoTiaon otnv ouciacTikA xprion: H €ug@acn otnv évvola TNG «OUCIAoTIKAS XPAoNS» -N
atroteAeopaTikA xprion Twv HOY yia mn BeAtiwon Tng gpovTidag Twv aoBevwv- Ba Bonbroel va
dlac@aAioTei 611 Ta cucTApaTa HOY dev uioBeTouvTal aTTAwG, aAAG XPNOIKOTTOIOUVTal OTO
MEYIOTO TWV dUVATOTHTWY TOUG YIA TV TTPOWONON BEATIWOEWV OTNV TTOIOTNTA KAl TNV
QTTOTEAECHATIKOTNTA TNG UYEIOVOMIKAG TTEPIBaAWNC [5].

1.2 HOY kau eme&nyoupevn texvntr vonuoaouvn (xAl)

H evowpdaTtwon Twv HAekTpovikwv PakéAwy Yyeiag (HPY) pe TIg TEXVOAOyieG unxaviknig
paBnong (Machine Learning), 18iwg Tnv emegnyouuevn pnxavikn paénan (xAl), £xer avadeixOei
w¢ Mia kaipia €EEAIEN oTNV TTANPOPOPIKA TNG UYEIOVOMIKNG TTEpiIBaAwnG. H oxéan auth 6x1 uévo
evIoXUEl TN AW KAIVIKWYV aTToQAcEwWV, aAAG avTIMETWTTICEI £TTIONG TNV KPioIun avaykn yia
olagaveia oTig TTPoBAEWeIg TTou BaacidovTal aTtnv Texvnt) Nonuoouvn.

1.2.1 O poAog tng emeényoVEVNC BNXAVIKN G HABNoNng

H etre¢nyolpevn unxavikr] pdénon oxeti¢etal ue TV évvola TNG €6AyNoNg wg DIETTAPNG UETAGU
TWV avBpWTTWV Kal evOG CUCTAMATOG TEXVNTAG vonuoouvng. MNeplhauBdvel cuoThpaTa TEXVNTAG
vonuoaouvng TTou gival akpifn) kal katavonTd ato Tov avBpwrtro (Gilpin et al., 2018) [9]. H xAl
OTOXEUEI OTNV TTAPOXH TTANPOPOPIWY OXETIKA JE TOV TPOTTO [E TOV OTTOIO T JOVTEAD KATAARYOUV
o€ TTPORAEYEIG, EVIOXUOVTAG TNV EUTTIOTOOUVN Kal SIEUKOAUVOVTAG TN Afwn KAAUTEPWY KAIVIKWV
ATTOPATEWV.

O1 BagIkEG TITUXEG TNG XPNONG TTEENYOUPEVNG INXAVIKAG PaBnong oe HOY eivai:

- Alagaveia: O1 Texvikég XAl onBouv oTnv atmopuBoTroinon Twv TTOAUTTAOKWY GAYopPiOuwY,
EMTPETTOVTAG OTOUG KAIVIKOUG YIATPOUG VA KOTAVOROOUV TO OKETITIKO TTIow aTTd TIG TTPOBAEYEIG.
AuTé givar 1d1aitepa onuavTikd o€ TePIBAAAOVTA uwnAoU KivOUvou OTTWG N UYEIOVOUIKN)
TEPIOAAYN, GTTOU 01 aTTOPACEIG TToU Baacifovtal oe adlapavr) JOVTEAQ PTTopEi va odnyrjoouv o€
OUO eV aTToTEAETUOTAL.

- Epunveuoiyétnra: Me 1 didotracn Twv TTPoBAEWEWY TOU JOVTEAOU O€ KaTavonTd oToIxeia, n
XAl €TITPETTEI OTOUG ETTAYYEAUATIEG TOU TOUEQ TNG UYEIOVOUIKNG TTEPIBOAYNG VO ETTIKUPWVOUV KAl
va TTAQICIWVOUV TIG OUCTACEIG TNG TEXVNTAG VONUOoUVNG OTO TTAAICIO TNG KAIVIKAG TTPAKTIKAG.

- EymoToouvn: O1 kAvikoi 10Tpoi gival 1m0 TBaveé va uloBeTACOUV pyaAgia TEXVNTAG
vonuoouvng 0Tav JTTopoUV VA KATAVORHOOUV KAl VA EPTTIOTEUTOUV TIG UTTOKEINEVEG DIAdIKATIEG.
AuTn n epTmIcTOOUVN €ival ATTAPAITATA YIA TNV ETTITUXN EVOWUATWON TNG TEXVNTAS vonuoouvng
OTIG KAIVIKEG POEG £pYaOTiag.

H oxéon petagu Twv HOY kai Tng XAl gival TTOAUTTAEUpPN, YE BIGPOPOUG BATIKOUG TOUEIG
aAAnAeTTIdpOONG:

e Agiotroinon dedopévv



O1 HOY Trapéxouv mmAouoia, dounuéva ouvoAa dedopévwy TTou gival aTrapaitnTa yia Tnv
ekTTaideuon HOVTEAWVY PnxavikAg nadnong. Ta dedopéva TTou KataypdgovTal oToug HOY,
OUMTTEPIAAUBAVOUEVWY TWV KAIVIKWV ONUEIWCEWY, TWV EPYACTNPIOKWY ATTOTEAEGUATWY KAl TWV
ONUOYPAPIKWY OTOIXEIWV TWV AoBevwy, UTTopoUV va agloTroinBouv yia TRV avAaTrTugn
TIPOYVWOTIKWY HOVTEAWV YIA DIAPOPES EPAPUOYEG UYEIOVOMIKNG TTEPIBaAWNG. Ta TTapadelyua,
Ta JOVTEAQ TTPORAEWNG PTTOPOUV VA TTPORAETTOUV TA ATTOTEAEOUATA TWV A0BEVWYV, VA EVTOTTICOUV
MOaVEG ETTITTAOKEG ) VA TTPOTEIVOUV £CATOUIKEUPEVA OXEDIO BepaTreiag e BAON ICTOPIKA
oedopéva [6].

QoT1O00, N ATTOTEAEOUATIKOTATA QUTWY TWV JOVTEAWV £EOPTATAI ATTO TNV TTOIOTNTA KAl TV
TTANPSOTNTA TWV dedopévwy TTou e€dyovTal atrd Toug HPY. O1 aOUVETTEIG TIPOKTIKEG EI0AYWYAG
0edouEVWY, O TTANPOPOPIES TTOU AEITTOUV Kal Ol TTAPAAAQYEG OTIGC HOPPEG OEDOUEVWY UTTOPOUV
VO UTTOVOPEUOOUV TNV AGIOTTIOTIA TwV JOVTEAWV PNXaVIKAG padnong [4][5].

e Evioyxuon tng utooTApIENg Twv KAIVIKWY aTTOPACEWY

H xAl ytropei va evioxuoel onuavTika Ta CUCTHPATA UTTOOTHPIENS KAIVIKWY atTo@doewv (CDSS)
TTOU Xpnoiuotrolouv dedopéva HDY. MapéxovTag eEnynoeig yia Tig TTpoBAEWeIg, n XAl BonBd& Toug
KAIVIKOUG 1aTpoUG va katavoroouv Tn Baon Twv CUCTACEWYV, DIEUKOAUVOVTAG TNV TEKUNPIWKEVN
Afyn atmmo@doewv.

H épeuva Twv Payrovnaziri SN et. al deixvel 611 n evowpdTwon Tou XAl oto CDSS pTtropei va
BeATiwoel TN d€opeucn TwV KAIVIKWVY I0TPWYV Kal TRV TAPNOT Twv CUCTACEWY, 00NywvTag TEAIKA
o€ KoAUTEpa aTToTeAECPATA yia Toug aoBeveic. ETiTAéov, kaBioTwvTtag Tn diadikaagia Awng
atmmo@dacewv 1o diagavr, To XAl ytropei va cupBAAEl GTNV AQVTIMETWITION TWV AVNOUXIWV
OXETIKA JE TNV GAYOPIBUIKA HEPOANWIa Kal va diac@aAioel OTI oI CUOTACEIS gival SikalEG O€
O1a@opPETIKA TUVOAQ aCBEVWV.

o AVTIMETWTTION NOIKWYV KAl VOUIKWYV TTPOKANCEWY

H evowpdTtwon Tng TEXVNTAG vONUOOoUvVNG OTNV UYEIOVOUIKN TTEPIBaAWN gyeipel NOIKA Kal VOUIKG
ntAuaTa, 1I8iwg 6oov agopd Tn Aoyodoaia Kal Tn ouykatdbean puetd ammod evnuépwon. To XAl
MTTOPEi VO dladpapaTiosl KPioIuo pOAO OTOV PETPIAOHUS AUTWY TWV AVNOUXIWY TTAPEXOVTAG
OaQEig €ENYAOEIS yIa ToV TPOTTO ANYWNG TWV OTTOPACEWV.

MNa mapddelypa, o€ TEPITITWOEIG OTTOU N oUOTACT £VOG JOVTEAOU TEXVNTHG VONUOOUvVNG odnyei
o€ apvNnTIKG aTTOTEAECUA, N KATAVONOH TOU OKETTTIKOU TTiCW QTTO TNV aTTOQOCN WTTOPE va
BonBAoel oTnv atToocagAvion TnG euBUVNG. AuTi n dlo@AvEIa gival ATTaPaiTNTN YIO TNV Evioxuon
TNG EPTTIOTOOUVNG TOCO PETAEU TwV acBevwy 600 Kal JETAEU TwV TTAPOXWY UYEIOVOUIKAG
epiBaAywng [5][6].

1.2.2 [pokAnoelg oTnV evowpatwon Twv HOY pe tnv emegnyoVpevn HNXavikn
paénon

Mapd TV TTOAAG uTTOOXOMEVN OXEON PETAlU Twv HOY kai TG XAl, e€akoAouBouv va uttdpyouv
OPKETEG TIPOKANCEIG:

- MoiétnTa dedopévwy Kal TUTToTToinoN: H atmoTeAEOUATIKOTNTA TwV PovTEAwV XAl e€aptdral atrd
TNV TTOIOTNTA TwV OEBOPEVWV TTOU TTPpOoEPXOVTal aTTd Toug HOY. H aouveTig kataxwpnon
dedopévwy, n ENAEIYN TUTTOTTOINONG KAl Ol EANITTEIG EYYPAQPEG JTTOPOUV VA EUTTOBICOUV TNV
a1rédoon Kal TV ETTEENYNMUATIKOTATA TWV JOVTEAWV.



- MoAuttAokdTnTa TWV KAIVIKWYV dedopévwv: H eTepoyeviS QUAN TwV KAIVIKWY SeS0NEVWIV
ONMIOUPYEI TTPOKANTEIG YIQ TV EPUNVEUCIUOTNTA TwV POVTEAWV. O HOY TrepiExouv addunta
0edouéva, OTTWG KAIVIKEG ONUEIWOEIG, TA OTTOI0 ATTAITOUV TTPONYMEVEG TEXVIKEG ETTEEEPYATIAg
QUOIKAG YAWOOAG yIa TNV EEAYWYI] OUCIOOTIKWY CUUTTEPACHATWY.

- PuBpioTika kai nBika {nthpata: H evowpdTtwon t1ng TN oTnv uyelovouikn TTEpiBaAwn eyeipel
PUBUIOTIKEG Kal NBIKEG TTPOKARCEIG, 10iWwg O00V a@opd TNV IBIWTIKOTNTA TWV AoBevwVY Kal TRV
aoQaAcla TwV dedopévwy. H dIao@aAion TNG CUPPOPPWONG HE TOUG KAVOVIOUOUG KaTA TNV
aglotroinon Twv dedopévwy HAY yia pnxavikr) uadnon gival éva TTOAUTTAOKO €pYO TTOU ATTAITEI
TIPOCEKTIKN £€£TAON.[6]

2. Napopoleg peAETEC

2.1 BiBAoypadikn avaokomnnon

O1 Yu Cheng, Fei Wang et. al [10] oo emoTtnuovikoé apBpo pe TiTAo «Risk Prediction with
Electronic Health Records: A Deep Learning Approach» Tovi{ouv Tn onuacia Tng a&lotmmoinong
TEXVIKWYV Babidg uddnong (deep learning) yia Tnv €gaywyr] TTOAUTIHWY TTANPOPOPIWY ATTO TOUG
HOY 1wv acBevwyv, avTigeTwridovrag TTapdAAnAa TIG TTPOKANCEIG TTOU OXETICOVTAI JE TNV
TTOAUTTAOKOTATA KAl TN METARANTOTNTA TwV OEBOUEVWY O€ TTEPIBAAAOVTA UYEIOVOUIKAG
TEPIBaAYNG.

To povTtéAo Toug avatrapioTd Toug HOY Twv aoBevwv wg XpovIKoUG TTIVOKES KAl XPNOIUOTTOIE
£va OUVEAIKTIKO VEUPWVIKO BIKTUO TEOOAPWY ETTITTEOWV YIA TNV Eaywyr] Kal TTPORAEWN
@AIVOTUTTWYV. AIEPEUVWVTAI ETTIONG DIAPOPETIKEG OTPATNYIKES XPOVIKAG CUYXWVEUONG YIA TV
EVOWNATWON TWV XPOVIKWY TTANPOQOpIWwY oTn diadikaoia panong.

H xprion Babidg pdbnong Kal CUVEAIKTIKWY VEUPWVIKWY OIKTUWV TTPOCPEPEI CUPPWVA HE TOUG
EPEUVNTEG MIO TTOAAG UTTOOXOMEVN TTPOCEYYION Yia TNV avaAuon dedopévwv HDY yia Tnv
TTPOBAEWN KIVOUVOU Kal TNV EEATOPIKEUMEVN UYEIOVOMIKY TTEQIOAAWN.

Ooov agopd Ta povTéAa TTou Xpnoiyotroindnkav, To povréAo Slow Fusion CNN (SF-CNN)
emTUYXAVEl OTABEPA TNV KAAUTEPN a1TOd00N O€ BIaPOPETIKA oUvoAa dedopévwy. To HovTéAO
Basic CNN (BS-CNN) kai To Temporal Early Fusion CNN (EF-CNN) TTapoucidlouv GUyKpIiOIJES
emdooelg, evw 10 Late Fusion CNN (LF-CNN) éxel eAappwg KOAUTEPES £TTIOOCEIG ATTO TO BS-
CNN ka1 To EF-CNN o€ OpIOUEVEG TTEPITITWOEIG.

MNa tnv mPORAewn TNG Xpoviag kapdiakng avettapkeliag, To SF-CNN emdeikviel Tnv uwnAdTePN
atrédoon, BeATiIwvovTag TNV akpiBeia TTPORAewnS Katd 5.2% pe 90% training data o€ ouykpion
ME TO Baoikd POVTEAO.

MNa tnv mPoRAewn TG Xpodviag ATro@pakTikig MNMveupovotrdBeiag (XAI), To SF-CNN utreptepei
etmiong évavt AAAwv povtéAwy, augavovtag Tnv AUC 1TpoBAewng katd 5.3% o€ oxéan Pe 10
Baoikd povtéro. To LF-CNN tTapouaiader diapopeTikh atmdédoon avaloya pe To GUVOAO
dedopévwy.

OAa 1a povtéAa eTTw@elolvTal atrd peyaAuTePa oUVOAQ SedOPEVWY EKTTAIBEUONG, YEYOVOG TTOU
UTTOOEIKVUEI TN onuacia TG CUAAOYNG TTEPICOOTEPWY BEDOPEVIWY OTTO TOV TTPAYUATIKG KOGHO Yid
IoXUpPr atrédoon Tou JovTéAou. Ta povTéAa TTou BaaidovTal OTa GUVEAIKTIKA VEUPWVIKA dikTua



TTapouciadouv BeATIWUEVN aTTOdOON WE TNV augnon Twy dedoPEvwyY EKTTAIBEUONG, YEYOVOG TTOU
UTTOONAWVEI ETTEKTACIUOTNTA KAl YEVIKEUCIUOTNTA PE MEYAAUTEPO GUVOAD BEDOUEVWIV.

O1 Boxwala, Aziz A., et al. [11] a§ioAoyoUv TNV aTTOTEAECUATIKOTNTA OTATIOTIKWY PMEBOSdWV Kal
MEBGBWYV PNXAVIKAG HABNONG OTOV EVTOTTIONO duvnTIKA akaTtdAANANG TTpoofaong oe HOY.

O1 gpeuvnTég €€Ayayav 26 XapakTnpIoTIKG atrd Ta apxeia kataypagnig TpdéoBaong o€ HOY kai
GAAa opyavwTikG dedopéva TTou CUAAEXBNKav KaTd Tn DIAPKEIT PIAg TTEPIOSOU 2 UNVWY YIa TOV
EVTOTTIONO UTTOTITWV TTPOCRACewV. Ta povTéAa AoyioTiKAG TTaAivopounong (LR) kai
OlavUCPATIKAG MNxavhg uttooTrpigns (SVM) ektraideltnkav oe 1291 cuufdvta
xpnoigotrolwvtag 101TAS cross-validation. H euaioBnaoia Twv TeEAIKWVY JovTéEAWV agloAoynOnke o€
éva e€wTepIkG oUvoAo 58 cuufavTwy TTOU AvayvVwEIoTAKAYV WG TIPAYHATIKG akaTdAAnAaQ.

Ta povréAa LR kai SVM etmédeiav 1IoXupEG €TIOOTEIG, PE TTEPIOXA KATW ATTO TNV KAUTTUAN
AEITOUPYIKAG XapakTNEIoTIKAG Tou &€kTn 0.91 yia 10 LR kai 0.95 yia o SVM 010 gUvoAo Twv
oedopévwy. Otav aglohoynBnkav o€ 58 TrpaydaTiKd akatdAANAa cupBévta, n euaioBnoia ATav
0.76 yia 10 LR ka1 0.79 yia to SVM, utrepPaivovTag 1n Bacikr uébodo.

H duvatdtnTa yevikeuong Twv pgovTéAwv LR kal SVM ptropei va givail Treplopiouévn Adyw Twv
OIaPOPWV OTIG OPYAVWTIKEG OOWPEG KAI TIG POEG EpYaTiag METAEU TwV 1I0pUATWY. QoTd00, N
TIPOCEYYION TG XPAHONG TEXVIKWY OTATIOTIKAG KAl NXAVIKAG NABNOoNG PTTOPE va eQapuooTei
euplTEPQ. H PEAETN OnuEiwaoE €TTIONG TOV TTEPIOPICHO TOU OXETIKA MIKPOU HeyEBoUG deiyuaTog yia
TO OUVOAO eKTTaidEUONG AOYW TNG TTPOCTIABEIAG TTOU ATTAITEITAI YIO TN dNIOUPYia TOU.

Ta euprpaTa UTTOdNAWVOUV OTI 01 OTATIOTIKEG MEBODOI Kal 01 HEBODOI PNXAVIKAG HABnong
MTTOpOUV va gival TTOAUTIYEG yIa TNV uTTooABNoN Twy UTTEUBUVWY TTPOCTACIAG TNG IBIWTIKAG
(WG aTOV EVTOTTIOKO UTTOTITWYV TTPoofBdccwy oToug HODY, avadeikvuovTag Tov moavé poAo
QUTWV TWV TEXVIKWY OTNV EVIOXUON TNG AOQAAEIAG TwV SEDOPEVWYV KAl TNG IBIWTIKAG (WG O€
TEPIBAANOVTA UYEIOVOUIKAG TTEPIBaAYNG.

O1 Barak-Corren, Yuval, et al. [12] emkevipwvovTtal oTnV TTPORAEWYN TNG AQUTOKTOVIKAG
OUPTTEPIPOPAG PE TN Xprion diaxpovikwv HAY. O1 epeuvnTég avETTTUEQV PIa TTPOCEYYION
MovTeAoTToinong ue Bdon Ta dedopéva TTou agloTrolei 6A0 To PATHUA TWV PAIVOTUTTIKWY
oedopévwy TTou gival dlabéaiua otoug HOY, avti va BaacieTal aTTOKAEIOTIKA G€ KOIVWG
XPNOIYOTTOIOUPEVOUG TTAPAYOVTES KIVOUVOU.

To TTpoyvwoTIKO povTédo TréTuxe AUC 0.77 kai eTTEdeIEe euaioBnaoia 45% pe TooooTd Weudwg
BeTIKwv aTroTeEAeOUdTWY 10%, EETTEPVWVTAG ONUAVTIKA Ta aTTAOUCTEPA POVTEAQ TTOU BaagilovTal
o€ TapadoaiakoUg TTapAyovTEG KIVOUVOU, Ta oTToia ixav XapnAoTepn suaiodnaoia (1r.x. 29%
MOVO yia TNV KaTaBAIyn).

H BTk TTpoyvVWOTIKN a&ia Tou povTéAou ATav XapnAn £wg pétpia (5%-27% ue 95% specificity),
yeyovog avapevopevo dedouévng TNG XapnARg apxIknAg moavotnTag autokToviag (1.2%).
QoT1600, TO JovTEAO TTapEiXE EUTTAOUTIONO KaTa 4.5 £wg 6.5 @opég oTnv TTPORAEWnN Tou KivoUvou
QUTOKTOVIaG o€ oUYKPIoN JE TO BACIKO TTOCOCTO.

O1 ouyypaeic TTpoTeivouv 6Tl N EQAPHOYI TOU JOVTEAOU O€ CUYKEKPIMEVOUG TTANBUGOUG
000evWV PE UYNAOTEPO KivOUVO QUTOKTOVIOG, OTTWG AUTOI TTOU BpioKovTal € WUXIATPIKN
TEPIOaAYWN, Ba uTTOPOUCE va BEATILWOEI TNV TIPOYVWOTIKA Tou agia. H peAéTn avadeikviel Tn
duvVaTOTNTA EVTOTTIONOU TOCO TWV KABIEPWHEVWY OO0 KAl TWV TTPONYOUUEVWG KN UTTOWIOOPEVWV



TTApayovIwy Kivouvou pe Tn XprAon oAokAnpwuévwy dedopévwv HDY, yeyovdg TTou evioxUel TNV
QTTOTEAECHUATIKOTNTA TOU HOVTEAOU O€ OUYKPION HE TIG TTAPAdOCIoKEG HEBSOOUG.

H peAETN TTEpIEAGUBAVE QOBEVEIG PE TPEIG 1) TTEPICOOTEPEG ETTIOKEWEIG, E ATTOTEAEOHA €va DEIYHa
1.728.549 atopwyv. AvaTtuxonkav xwploTd JovTéAa yia GvOpeS Kal YUVAIKES yia va An@Bouv
uTTOWn oI S1IaQOoPEG METALU Twv BUO0 QUAWY. H KoOpTn XwpioTnke o€ aUvoAa ekTTaideuang Kal
QOKINWYV Kal Xpnoipotroindnkav povréAa Tagivountwy naive Bayesian yia Tnv ekTipnon Tou
KIVOUVOU QUTOKTOVIKAG CUUTTEPIPOPAG. H HEB0DOG auTr) TTAEOVEKTEI AOYW TNG ETTEKTACINOTNTAG
TNG KaI TNG IKAvVOTNTAG TNG va XEIpiCeTal TTOAAEG aveEAPTNTES METABANTEG.

H amédoon Twv JovTEAwV agloAoyrnBnke avadpouIKa XpnOIMOTIOIWVTAG VA aVEEAPTNTO OUVOAO
QOKINWY, €0TIALOVTAG OTNV guaicOnaia, Tnv €18IKOTATA KAl TNV IKAvVOTNTA TIPORAEWYNS TNG
OQUTOKTOVIKAG CUUTTEPIPOPAS EK TWV TTPOTEPWIV.

AuTEG 01 p€BODBOI gixav TUANOYIKA WG OTOXO TN dnuioupyia evog 1I0XUPOU TTPOYVWOTIKOU
MOVTEAOU TTOU Ba UTTOPOUCE VA XPNOIMEUOEl WG EPYAAEIO UTTOOTAPIENG KAIVIKWY OTTOQACEWY Yid
TOV EVTOTTIONO aTOPWY PE UWPNAO KivOuvo auTokToviag. To yovTéAo ATav o€ BEon va TTPoBAEYEl
TNV QUTOKTOVIKI) CUMTTEPIPOPA KATA PJECO 6p0 3 €W 4 Xpovia vwpiTePa, yeyovog TTou ival
onuavTiké yia TNV £ykaipn Trapéuaan.

To povTéAO evTOTTIoE TOOO YVWOTOUG TTAPAYOVTEG KIVOUVOU (OTTWG N KATAXENGON OUCIWY Kal Ol
WuxIaTpIKES dlaTapaxEg) 600 Kal AlyoTepO oUUBATIKOUG TTAPAYOVTES (OTTWGS OPICHEVOI
TPAUMATIONOI Kal XPOVIES TTABACEIS), UTTOBEIKVUOVTAG Wia OAOKANPWHEVN TTPOCEYYION YIA TN
onuioupyia TTPo@iA KivoUuvou.

270 €TMOTNPOVIKO apBpo Twv Deo et. al [13] e¢eTdleTal N €QAPUOYH TNG MNXAVIKAG udBnong oTnv
TPORAEWnN TG Kapdiakng avetrdpkelag (HF) ye tn xprion HOY. Aivel ép@acn ota duvnTika 0QEAN
Kal TIG TIPOKANCEIG TTOU OXETICOVTAI JE TNV O&IOTToINON TWV YEYAAWYV dedouévwy oTNV
UYEIOVOMIKI) TTEPIBaAWN.

O1 ouyypageig Eekivouv TovifovTag Tn onuadia TG Katavonong Twv diapopwy PETagU aoBevwv
ME Kal XWPIG OUYKEKPIUEVEG OOBEVEIEG, KABWG OI BIOPOPES AUTEG UTTOPOUV VO OTTOKAAUWOUV
TPOTTOTTOINCIKOUG TTAPAYOoVTES KIVOUVOU Kal va BEATILWOOUV TIG OTPATNYIKES BepaTreiag. Katd tnv
TeEAeuTaia OEKAETIA, EXOUV dNUOCIEUTE TTAVW OTTO 28 HovTEA TTPORAEWNGS YIa TNV KAPSIAKN)
QVETTAPKEIQ, TO OTTOI0 ATTOBEIKVUOUV KAAEG BIOKPITIKEG 1I810TNTEG, JE OTATIOTIKG aToixgia C TTou
Kupaivovtal atmé 0.70 £éwg 0.89. Autd Ta JovTEAQ XPNOIKOTTOIOUV CUVHBWG £vav PETPIO apiBuo
TIPOYVWOTIKWY TTapayovIwy (Alyotepoug atrd 15) kai ouxvda Bacifovral o€ YPAPUIKG HOVTEAQ.

‘Eva a1md 1a Kpioiya BrApata TG HEAETNG ATAV 0 KABOPIOPOG TNG JETABANTAG atrdKkpIiong, OTTOU Ol
ouyYpPaQeic eTTEAECaV TN dUABIKY TAEIVOUNON TwV AoBeVWY WG EXOVTEG ] OXI KapdIlaKnA
aveTtapkela. H Aoy auTh €yive yia va EETTEPAOTOUV OI TTEPIOPICHOI TTOU OXETICOVTAI [E TN
0100e01MOTNTA OAYOPIBPWY PnxavikAg uaddnong yia avaAuoelg time-to-event. O1 cuyypageic
aoXoAfOnKav €1TioNG WE TNV TTPOKANGCH TOU XEIPICKOU TWV TTPOYVWOTIKWY XAPAKTNPICTIKWY,
ONMEIVOVTAG OTI T OKATEPYOOTA XOPAKTNPIOTIKA CUXVA dev UTTOPOoUV va glcaxbouyv atreubeiag
o€ JOVTEAA AOYW ¢NTNHATWY OTTWG N oTTavIOTNTA Kal N diaoTatikdtnTa. MNa va geTpidoouy autd
Ta {NTAPOTA, OPMABOTTOINCAV T XAPOKTNPIOTIKA O€ «UTTEP-XOPAKTNPIOTIKA», HEILOVOVTAG TOV
XWPO TWV XAPOKTNPIOTIKWY aTTd OeKADES XINIADEG O€ PEPIKES EKATOVTADEG.

21N PEAETN XpnoiyoTroidnkav duo kabiepwuévol alyopiBuol: n rapaAlayn lasso TG AoyIoTIKAG
TaAivopoéunong kai Ta Random Forests. Evw Ta Random Forests utrepeixav eAa@pwg NG
AOYIOTIKAG TTaAIVOPOUNONG lasso, N TeAeuTaia utrepeixe Adyw Tou XaunASTEPOU UTTOAOYICTIKOU



KOOTOUG TNG. H atmédoon Tou JovTEAOU, PE TTEPIOXH KATW aTTd TNV KAPTTUAN AEITOUPYIKAG
XOPOKTNPIOTIKAG Tou O£KTN ATav TTEPiTToU 0.79 Kal ATAaV CUYKPIOIUN ME Ta UTTAPXOVTA UOVTEAQ,
aAAG Oev Ta Eerépace onuavTika. O1 cuyypageic KatéAnéav oTo GUPTTEPACUA OTI, EVW Ol
TIPOCEYYIOEIG UNXAVIKAG HABNONG PTTOPED va PNV BEATILOVOUV OPACTIKA TNV TTPOYVWOTIKN
atrédoon, TTPOCPEPOUV TTAEOVEKTANATA OO0V aQOopd TN OXE0TN KOOTOUG-OTTOTEAEOUATIKOTATAG KAl
TNV EVOWUATWON oTNV KAIVIKA Afjyn attopdocwy.

H eykupoTNTA TWV TTPOYVWOTIKWY HOVTEAWYV £EQPTATAI O€ HEYAANO BaBuo6 atrd Tov akpIff opIous
TWV TTEPITITWOEWYV Kal TwWV EAEyXwV. ETTionuaivouv 6T o1 NAeKTpOVIKOI PAKEAOI uyEiag, av Kal
XPNOIUOI, YTTOPEI va PNV TTapEXOUV TTAVTA JIa OAOKANPWHEVN avaTtapdaTacn Twv dIoYVWOEWVY
€VOG aoBevoUg AOYyWw TwV TTEPIOPICHWY TNG dIAyVWOTIKAG KwdIKoTToinong. O Kivouvog weudwg
apPVNTIKWY aTTOTEAECUATWY gival IBIAITEPA avnouxNTIKOG, KaBwg Ba uttopouce va odnyroel o€
AavBaouévn Tagivounon acBevwy TTou £xouv ron KapdIaKr aveTTapKEId.

To apBpo Twv Rahimian, Salimi-Khorshidi et al. [14] TTapouaidel pia HEAETN TTOU ETTIKEVTPWVETAI
oTnv TTPORAEWN TOU KIVOUVOU ETTEIYOUCWY EICAYWYWY OE VOOOKOUEIQ PE TN XPrON TEXVIKWY
MNXQVIKAG uabnang tmou eapuolovtal oe HOY. H pyeAéTn atrookoTrei oTn BeATiwon Tou
EVTOTTIOMOU TWV aoBevwyv TTou dlaTpEXouv uPnAd Kiviuvo eTTEiyoucag el0aywyng, YEYyovog TTou
MTTOPEl va BonBroel Toug TTapdXOUG UYEIOVOUIKAG TTEPIBaAYNG va EQAPPOCTOUY TTPOANTITIKA
METPA Kal VO BEATIOCTOTTOINOOUV TNV KATAVOUH TWV TTOPWV.

H épeuva xpnaiyotroince éva oUvoAo 6edopEVWY TToU TTEPIAGUBavE TTAVW atTd 4 eKATOPUUpPIO
aoBeveig atd yevikd 1atpeia 010 Hvwpévo BaaiAelo, e nuepopnvia Baong tnv 1n lavouapiou
2010. To TpwTapXIKO ATTOTEAECHA EVOIAQEPOVTOG ATAV N TTPWTN ETTEIYOUCT EI0AYWYH OTO
VOOOKOEIO peTd atrd auTr) Tnv nueEpounvia Baong, n otoia TTapakoAouBnénke oe didgopa
Xpovikd Trapdbupa (12, 24, 36, 48 kai 60 prveg). H peAéTn xpnoiyoTroince pia ocipd
METABANTWY TTPORAEWYNG, CUPTTEPIAANBAVOUEVWY dNUOYPAPIKWY TTANPOPOPIWY, KAIVIKWV
OlayVWOoEwWYV, TTPONYOUHEVNG XPAONS UYEIOVOUIKAG TTEPIBAAWNG KAl ATTOTEAEOUATWY
EPYACTNPIOKWY ECETACEWV.

MNa v avamTuén TPoyVWOTIKWY HOVTEAWYV, 01 EPEUVNTEG AVATTAPAYayav apXIKA éva JOVTEAO
Cox Proportional Hazards (CPH) wg onueio ava@opdg. 2Tn OCUVEXEIQ OUVEKPIVAV QuTO TO
MovTéAO e dUO TTpooeyyioelg unxavikig paenong: Gradient Boosting Classifier kai Random
Forest. Kai Ta dUo povTéAa gival péBodol cuvoAou tTou Baacifovtal o€ dévipa attdéaong, HE ToV
GBC va eTmKkevTpwVveTal 0TNV gvioxuon Twv aduvapwy padntwyv diadoxikd kal Tov RF va
XPNOIYOTIOIET TEXVIKEG bagging yia va evioxuoel Tnv akpifeia TpoBAewng. H emAoyr autwy Twv
MOVTéEAWV BacioTnke TNV aTTOBEDEIYUEVN ATTOTEAECUATIKOTNTA TOUG OTO XEIPIOPO PHEYAAWV
OUVOAWYV OEDOUEVWV KOl OTNV EUPWOTIA TOUG O€ DIGPOPESG EPAPUOYEG.

Ta eupfuara NG PeAETNG €0€1Eav OTI TO JOVTEAA PINXQAVIKNG HABNONG UTTEPEIXAV ONUAVTIKA
EVaVTI TWV TTOPASOCIOKWY OTATIOTIKWY PEBGdWYV doov agopd Tn didkpion Kai Tn Babuovéunon
yla TNV TTPORAEYN ETTEIYOUCWYV ElI0AYWYWV. Ta povréAa diatipnoav otabepn amodoon o€
di1dpopa xpovikd TTapabupa TTPOBAEWYNGS KAl ETTIKUPWONKAV XPNOIJOTTOIWVTAG VA EEXWPIOTO
OUVOAO SedopEVWY aTTO YEWYPAPIKE SIOPOPETIKES TTEPIOXEGS, £CACPANICOVTAG TN YEVIKEUCINOTNTA
TWV ATTOTEAEOUATWV.

O1 Baoikég PeTaBANTEG TTOU eTTNPEQCaV TRV TTPORAEWN TTEPIAGUBAvVAV TTPONYOUUEVEG EICAYWYEG
o€ ETTEIYOVTA TTEPIOTATIKA, TOV APIOUS ETTIOKEWEWV O€ YEVIKOUG IATPOUG, KAIVIKEG SIOYVWOEIG
(6TTwg d1aBATNG, KapdlayyEIaKA VOO UATA KAl WYUXIKEG KATAOTACEIG) Kal d1dpopa KAIVIKA JETPaA
(6TTwg N apTnEIakn TTieon Kal Ta TTITTEdA XOANOTEPOANG). H cupTTEPIANWN XPOVIKWV



TTANPOPOPIWY, OTTWGS 0 XPOVOG ATTO TNV TEAEUTAIA ENPAVION VOGS CUMBAVTOG ) piag didyvwaong,
EVIOXUOE TTEPAITEPW TIG TTPOYVWOTIKEG IKAVOTNTEG TWV HOVTEAWV.

H peAétn avédeile etTiong Tn onpacia TG dIA0TPWHATWONG TWV ATTOTEAEGUATWY avaAoya JE TO
@UAO, av Kail dev dITTIOTWONKAV GNUAVTIKES BIGPOPES, ME ATTOTEAECHA va Yivel cuvOuaouEévn
avaAuon yia Adyoug cuvTopiag. O1 gpeuvnTég uTTOYPAUMIcay OTI Ta BEATIWPEVA HOVTEAQ
TTPORAeWnS Ba utTropoucav va KaBodnynoouv TNV TTOAITIKY KAl TNV TTPOKTIKY TNG UYEIOVOUIKNAG
TEPIBAAYNG, HEIWVOVTAG EVOEXOPEVWG TNV ETTIBAPUVON TWV KN TTPOYPAUMATIOUEVWV EI0AYWYWY
Kal BEATILOVOVTAG TO ATTOTEAEOUATA TWV ACBEVWV.

O1 Steele, Denaxas et. al [15] TTapoucidlouv pia HEAETN TTOU DIEPEUVA TNV ATTOTEAECHATIKOTNTA
TWV HOVTEAWV PNXAVIKAG HdBnong o€ oUyKpIon PE TA TTAPAdOCIOKA HOVTEAA eTTIRIWONG OTNV
TTPORAEYN TNG BvNOIUOTNTAG aTTd KABE QuTia PE TN XPAON NAEKTPOVIKWY apxeiwv uvyeiag (HPY). H
MEAETN BaoileTal o€ Eva peydAo ouvoAo dedopévwy atréd 1o TTpoypauua CALIBER, To otroio
mepIAapBaver KAIVIKG dedopéva atrd TrepiocoTepoug atmd 80.000 aoBeveic e otepaviaia voco. H
£PEUVA ATTOOKOTIEI OTNV AVTIMETWITION TWV TTEPIOPICHWY TWV CUUBATIKWY OTATICTIKWY PMEBSGOWV
OTO XEIPIOUO OedopEVWY UWNARGS dIACTAONG KAl EAAEITTOUCWYV TIMWYV, Ol OTTOIEG Eival TUXVEG OTA
HOY.

O1 cuyypaeic Tovidouv 611 Ta TTAPAdOCIaKa JOVTEAQ ETTIRIWONG, OTTWG TO HOVTEAO AVOAOYIKWV
KivoUvwyv Cox, £xouv XpnolhoTroindei eupEéwg o€ KAIVIKES puBuioEIS, aAAd ouxva aTTaiTouv
TARPN OedoUEVA KAl ONUAVTIKA CUMBOAR EUTTEIPOYVWHOVWY VIO TNV KOTAOKEUT TOUG. AuTd Ta
MOVTEAQ VOEXETAI VA PNV AGIOTTOIOUV TTARPWG TOV TTAOUTO TWV BIABECINWY OEOOUEVWIV,
0dNYWVTAG o€ TOAVESG UEPOANWIES KAl TTEPIOPICHUOUG OTN YEVIKEUCINOTNTA. AVTIOETA, OI TEXVIKEG
MNXAVIKAG Habnong, 18iwg Ta Tuxaia ddon kai dAAol aAyoépiBuol, JTTopoUv va XEIPIoTOUV TTIO
QATTOTEAEOUATIKA 0UVOAQ dedoPEVWY UWPNARGS DIACTACNG KAl EAAEITTOUCEG TIMEG, 0BNYWVTAG
evOEXONEVWG O€ BeATIWHEVN TTPOPRAETITIKA atTddoon.

H peAétn xpnoiyotrolei 8id@opoug aAyopiBuoug unxavikAg panong, cuptrepIAaUBavouévwY
TWV TUXaiwv dacwy, yia Tn HOVTEAOTTOINON TOU XPOVoU PEXPI TNV OAIKA Bvnoiudtnta. H amdédoon
QUTWYV TwV PovTéAwV a&loloyeital pe Baaon Tn didkpion kail Tn Babuovéunon. H didkpion
QVaQEPETAI OTNV IKAVOTNTA TOU PJOVTEAOU va dIakpivel JETAEU Twv aoBevwv TTou Ba BILuCOUV TO
YEYOVOG (BvnoiudTnTa) Kai eKEivwy TTou dev Ba Biluoouy, evw n Babuovounon agiohoyei TOoo
KOAG o1 TTpoBAETTOPEVEG TTIBAVATNTEG EUBUYPAUMICOVTAI PE TA TTPAYHATIKA ATTOTEAECUATA.

Ta ammoteAéopara deixvouv 0TI VW Ta JOVTEAD UNXAVIKAG HABnong, 1I8iwg Ta Tuxaia ddaon,
emMOEIKVUOUV OUYKPIOIPEG ETTIOOCEIG DIAKPIONG WE Ta KaAUTEPA PJovTEAa Cox, auyva
OuokoAeUovTal he Tn BaBuovounon. H peAétn diatrioTwoe 0TI Ta TuXaia Ao UTTOAEITTOVTAV TOU
HovTéAou Cox 6oov agopd Tn BaBuovounon, yeyovog TTou UTTodNAWVEL 0TI eV PITTOPOoUV va
evToTTioOUV 000gvEiG uPNAOU KIvOUVOU, ol TIPORAETTONEVEG TTIBAVOTNTEG UTTOPEI va PNV gival
agIOTIOTEG. AUTH N ACUPQWVIa EYEIPEI aVNOUXIEG OXETIKA PE TNV KAIVIKA €QAPHOCINOTNTA TWV
MOVTEAWV pNXaVIKAG NABNoNG, KaBwg o1 akpIBei eKTIUAOEIG TNIBAVOTATWY gival QWTIKAG
onpaciag yia Tnv evnuépwaon Twy atropdocwy BepaTreiag.

O1 ouyypaeic oulnTouv €TTioONG TIG TIPOKAACEIG TTOU OXETICOVTAI PUE TNV EPPNVEIA TWV JOVTEAWV
MNXOVIKAG paBnong. Ta povréAa uwnAng didoTaong PTTopei va gival TTOAUTTAOKO Kol SUCKOAQ
KaTavonTd, KaBioTwvTag SUOKOAN TNV aITIoAdynon atToQacewy TTou Baacifovral o€ auTtd Ta
MOVTEAD aTTd TOUG KAIVIKOUG YIOTPOUG. AvTiBETa, Ta TTOPAdOCIOKA HOVTEAA, EVW Eival TTIO
EPUNVEUCIPA, EVOEXETAI VO PNV A&IOTTOIOUV TTARPWG TIG BUVATOTNTEG TwV OedOPEVWV. H HEAETN
UTTOYPAMMICEl TNV avAyKN YA I00PEOTTIO HETAEU TNG TTOAUTTAOKOTNTAG TWV POVTEAWY KAl TNG



EPUNVEUCINOTNTAG, WOTE VA d1Iac@AAIOTEN 6Tl 01 KAIVIKOI yIaTPOi TTOpOUV va eUTTIOTEUOVTAI KAl VA
XPNOIUOTTOIOUV ATTOTEAECHUATIKG QUTA TA JOVTEAD OTNV TTPAEN.

EmmAéov, n épeuva aoxoAsital pe 1o ZATNUa Twy eANITTWYV dedopévwy, TO OTToIO gival
d1adedopévo otoug HDY. O1 cuyypageic diepeuvouv dIAPOPES TEXVIKEG UTTOAOYIOUOU Yia TOV
XEIPIOUO TwV EANITTWV TIHWYV Kail agloAoyoUv ToV avTiKTUTTO TOUG OTNV atTéd00n TOU JOVTEAOU.
2NMEIVOUV OTI O JN UTTOAOYIOUOG TwV EANITTWV TIMWVY PTTOPET VA TTEPITTAECEI TRV EPUNVEIT TWV
OUVTEAEOTWY TOU JOVTEAOU, KOBWG OI CUVTEAEOTEG AUTOI UTTOPET VA AVTAVOKAOUV TOUG AOYyoug

NG éAAEIYNG.

H HEAETN KATAARYEI OTO CUPTTEPACHA OTI EVWD TA JOVTEAD INXAVIKAG HABNONG £XOUV TN
duVATOTNTA VA UTTEPTEPOUV TWV TTAPASOCIAKWY HOVTEAWY ETTIRIWONG O€ OPICPEVES TITUXEG,
TTapapEvouv TTPOKAACEIG Goov agopd Tn BaBuovounaon, TV EPUNVEUCIYATATA KAl TOV XEIPIOUO
TWV eANITTWV dedopévwy. O1 CUYYPAYEIG UTTOOTNPICOUV TNV TTEPAITEPW £PEUVA YIA TNV
avaTrapaywyn Twv eupnuaTtwy o€ didgopa TTEPIBAAAOVTA Kal TNV TEAEIOTTOINGN TWV TEXVIKWV
MNXaVIKAG Habnong yia KAIVIKA xprion. MNpoTeivouv 0TI N evOWPATWON TNG UNXAVIKAG Habnong e
TIG TTAPAdOCIAKES EBODOUC UTTOPET va TTPOCPEPEI JIA TTOAAG UTTOOXOMEVN TTPOCEYYION YIa TV
evioxuon Tng TTPOYVWOTIKAG JOVTEAOTTOINCNG OTNV UYEIOVOUIKA TTEPIBaAWN.

H €peuva tmou d1€rxOn amé Toug Mohamadlou et al. [16] emKkevTpwveTal OTNV AVATITUEN Kal TNV
aglohdynan evog ahyopibuou pnxavikng padnong (MLA) tmou €xel oxedlaoTei yia Tnv TTPORAEWnN
NG oeiag vePpikAS PAGRNGS (ONB) og voanAsudpevoug aoBeveic pe mn xprion 0£00uEVWY
NAEKTPOVIKOU @akéAou uyeiag (HDY). H épeuva oToxelel 0TV vioxuon TnNG £yKalpng avixveuong
NG ONB, n otroia gival wTIKAG onuaciag yia TV éykaipn TTapéuBacn kai 1n BEATiwon Twv
OTTOTEAECUATWY TWYV ACOEVWV.

O1 ouyypaeic xpnoiyotroinoav dedopéva atmo duo ueydAa 1aTpikd KEvTpa: Beth Israel
Deaconess Medical Center (BIDMC) kai Stanford University Medical Center. H peAémn
TepleAAUBave ouvolikd 68.319 aoBeveig, e 48.582 atrd 1o BIDMC kai 19.737 amd 1o Stanford.
O TTANBUOPOG TwV AoBEVWV TTEPIOPIOTNKE O ATOPA NAIKIag 18 eTwv Kal avw Kai  guAAoyn
0edouévwy Tnpouae Toug kKavoviopoug HIPAA, Siao@aAifovTtag To attéppnTo TwV 0OBEVWV.

To MLA 110U XpNOILOTTOINONKE O€ auTr TN YEAETN BaoileTal 0 dEVTPA eVIOXUMEVNG KAIONG
(gradient boosted trees), pia €§eAlypévn TEXVIKI INXAVIKAG HABNoNg TTou ouvOuddel TTOAAATTAG
O0évTpa atmd@AcnG yia va dnuioupynoel éva okop TTPORAewnS Kivouvou. O aAyopiBuog
oxedIAoTNKE yia va TTPoBAETTEI TNV évapén TG AKI 12, 24, 48 kai 72 wpeg vwpitepa. Ol
EPEUVNTEG ouvEKpIvav TNV attédoon Tou MLA pe Tn BaBuoloyia Sequential Organ Failure
Assessment (SOFA), éva eup€wg XPNOIKMOTTOIOUEVO KAIVIKO £pYaAEio yia TV agloAdynon Tng
AgIToupyiag Twv opyavwy Kai Tnv TTPpORAewn Tou Kivouvou AKI.

Ta ammoteAéopata £deiEav o1 N MLA utrepeixe TnG BaBuoAoyiag SOFA o€ dIGQopeG PETPNOEIG,
oupTTEPIANOUBavopEVNG TNG TTEPIOXNG KATW ATTO TN XOPAKTNPIOTIKN KAPTTUAN AEIToupyiag OEKTN
(AUROC), Tng akpiBelag kar Tou diayvwaoTikou Adyou TmiBavottwy (DOR) yia Tnv avixveuon
ooBapnig AKI. Autd utrodnAwvel 611 N MLA Ba utropoudace va TTapéXEl Jia TTIo agIOTTIoTN Kal
éykaipn TTPORAewn NG AKI, emTPETTOVTOG OTOUG KAIVIKOUG YIATPOUG VA £Qapudlouv TTPOANTITIKA
METPO OTTWG N avadwoydvnaon OyKou i N atToQuyr] VEQPOTOLIKWY QAPHAKWV.

Mapd 1a TTOAAG uTTOOXONEVO ATTOTEAEGHOTA, N MEAETN avayvwpilel apKETOUG TTEPIOPICUOUG.
KaBwg mTpdkeital yia avadpopikr) avadAuon, Ta eupAuaTa EVOEXETAI VO NV HETAQPACTOUV
TTANPWG O€ TTPAYUATIKEG KAIVIKEG puBuioelg. O aAyopIBPog SOKIUAOTNKE HOVO O€ EVAAIKES



aoBeveic amrd Ta U0 CUYKEKPIPEVO VOOOKOEIQ, YEYOVOG TTOU JTTOPEI VO TTEPIOPITEI TN YEVIKEUON
ToUu 0€ GAAouUG TTANBUCoOUG A pubuioelg. ETmiTAéov, n ueAéTn dev éAafe uttédwn diIdpopoug
TTapAyovTeG, OTTWG N AITia £lI0aywyrg f 0l cuvvoonpPOTNTEG TWV a0BEVWY, 01 OTToI0I Ba
MTTOPOUCQV VA ETTNPEACOUV TNV ATTOTEAEOUATIKOTNTA TOU AAYOPiBOU o€ dIaQOPETIKOUG
UTTOTTANBUCOUG.

O1 ouyypaeic onueiwoav €Tiong OTI N TTPOYVWOTIKA atrddoon Tou aAyopiBuou Ba ptropouce va
dlaépel avaloya pe Toug opiououg TnG AKI TTou XpnoigoTroiouvTal o€ dIAQopa KAIVIKA
mepIBAAovTa. H €€dpTnon TG HEAETNG ATTO ATTOTTPOCBIOPICUEVA OEDOUEVA ONUAIVE OTI OEV
atraITABnKav O£OVTOAOYIKEG EYKPITEIG, AAAG TTEPIOPIOE £TTIONG TN duvaTATATA dIEPEUVNONG TWV
ATTOXPWOEWY TNG PPOVTIOAG TWV ACOEVWY KAl TWV ATTOTEAECHATWY PE HEYAAUTEPN AETTTOPEPEIQ.

H epyaoia Twv Xiao, Choi, Sun [17] TTapouciddel Jia cuoTNUATIKA avaokOTTNoN TwWV JOVTEAWYV
BaBidg pdbnong Tmou epapudlovTal oe dedopuEva NAEKTPOVIKWY apxeiwyv uyeiag (HDY),
UTTOYPAMHICoVTag TIG TIPOCPATES EEANICEIC, TIC TTPOKANGCEIG KAl TIC HEANOVTIKEG EPEUVNTIKEG
kateuBuvaoelg. O1 ouyypageic diegriyayav pia oAokAnpwpévn BiBAloypa@iki avalATnon o€
TTOAAOTTAEG Bdoeig dedopévwy, ouuTrepihapBavopévwy Twv PubMed kal Google Scholar,
€0TIAlOVTOG O€ PEAETEG TTOU dnuocielbnkav peTatu lavouapiou 2010 kai lavouapiou 2018. ATrd
TNV avadATnon autr TTpokuyayv 361 apBpa, Ta otroia QIATPAPICAV O€ 98 OXETIKEG HEAETEG UETA
TNV a@aipeon Twv OITTAOTUTIWY Kal TNV afloAdynan TNG GUVAQPEIas Tou BEUATOC.

H avaokdTtrnon KatnyopIoTrolei Ta eTMAEyUEVA ApBpa Pe BAonN TPEIS KUPIEG TITUXEG: TOV TOTTO
onuocicuong (IaTPIKA, TTANPOPOPIKA 1 ETTICTHAKN TwV UTTOAOYIOTWYV), TN Xprion dedouévwyv EXAE
KQI TIG OUYKEKPIPEVEG Epyaaieg, TO OVTEAD KAl TIG HETPAOEIG ETTIOOCEWY TTOU avagEpnkav. Ol
OUYYPOQEIC evTOTTIoaV TTEVTE KUPIEG KATNYOPIES Epyaciwv avaluong oTn BiBAioypagia:

o Avixveuon/tagivounon aoBeveiwyv: MNpokeital yia Tov eVvToTTIoNS Tou KaTd TTOoOV
OUYKEKPIUEVEG aOBEVEIEC UTTOPOUV Va eTTIBEBaIWBOUV pe TN xprion dedopévwy HODY.

o Aladoxikn TTPORAsWn KAIVIKWY cUBAvVTWYV: AUTH N €pyacia ETTIKEVTPWVETAI OTAV
TTPEORAEWN HEANOVTIKWYV KAIVIKWYV GUPBAvVTWY pE Bdon 10Topikd dedopéva.

o Evowpdatwon evvoiwv: AQopd Tnv £¢aywyn avatrapacTACEWY XOPAKTNPIOTIKWY KAIVIKWYV
EVVOIWYV 1 @aIvoTUTIWV atrd dedopéva HOY.

o Evioyxuon dedopévwv: Mpodkermal yia Tn dnuioupyia peaAICTIKWVY apXEiwv aoBevwy Pe
Baon utrdpyovta dedopéva HODY.

o Amdppnto dedopévwv HDY: AuTr n kKatnyopia agopd TIG TTPOKAACEIS TNG diIaThpNoNgG Tou
QTTOPPNATOU TWV a0BeVWV KaTA TN Xprion dedouévwv HDY yia épeuva.

H avaokdtnon divel Eugacn oTig povadikES TIPOKANCEIG TTou BETouv Ta dedopéva HDY, ol
otroieg TrepIAaufdvouv {nTriparta TTou oXeTiCovTal Ye TNV TTOIOTATA TV OESONEVWYV, OTTWG TA
EANITTA A akavovioTa OEIYUATOANTITIKG DEdOUEVA, KAl TNV TTOAUTTAOKOTATA TWV KAIVIKWV
OuuBAavTwY TTOU PTTOPET va SIa@EPOUV ONUAVTIKA o€ d1IaQopPETIKOUG TTANBUCUOUG aaBevwy. Ol
OuYYPaQEic onueiwvouy OTI, evw) Ta JovTéAa Babidg pdbnong €xouv Beigel UTTOOXEDEIC O€
OI1AQOPEG EPAPUOYEG, OEV UTTEPTEPOUV TTAVTA EVAVTI TWV TTAPASOCIOKWY PHOVTEAWY UNXAVIKAG
MABNoNG, 1I8iWg OTav Ta PEYEDN TwWV BEIYUATWYV gival PIKPA.

270 ApBpo eCeTAloVTAI £TTIONG OI TUTTOI APXITEKTOVIKWYV BaBidg uddnong tmou Xpnolipotroifénkav
OTIG MEAETEG, CUMPTTEPIANOUBAVOUEVWY TWV ETTAVOAAPBaVOPEVWY VEUPWVIKWY BIKTUWY (RNN) Kkai
TWV VEUPWVIKWY BIKTOWY oUuVvENIENS (CNN). H ammédoon autwyv Twy PJovTEAWV agloAoyeital cuxva
ME TN XPNON PETPIKWVY OTTWG N TTEPIOXT KATW aTTd TNV KAPTTUAN AEITOUPYIKAG XAPAKTNPIOTIKAG



KAUTTUANG &€kTn (AUC), e TTOAAEG peAETES va avagépouy TIpEG AUC yupw oT1o 0.8 A
UWNAOGTEPEG VIO CUYKEKPIPEVEG EPYOTIEG.

EkT16¢ a11é TN OUVOTITIKN TTapouCiacn TNG TPEXOUCOG KATAOTAONG TNG €PEUVAG, Ol CUYYPOAYEIG
EVTOTTICOUV APKETES AVOIXTEG TTPOKANCEIC Kal TTIOAvEG HEAAOVTIKEG KATEUBUVOEIS yia Tn Babid
MABnon oTnv uyelovouikr TTEpiIBaAwn. AuTég TTepIAauBdavouy TNV avaykn yia uwnAng amédoong,
POPNTEG UTTOAOYIOTIKEG HEBODOUG YIa KAIVIKS QaIVOTUTTO, TNV EVOWHATWON dIAQOPETIKWY TUTTWV
0edopEVWYV (OTTWG ATTEIKOVIOTIKA KAl YEVETIKA dedopéva) pe dedopéva HDY kai Tnv avarTuén
IOXUPWYV MOVTEAWY TTOU PTTOPOUV Va XEIPIOTOUV TOoV gyyevr B6puBo Kal TNV apaidTnTa TwWv
KAIVIKWV 0EBOPEVWIV.

H avaokotrnon kataAAyel TovifovTag Tn onpacia Tng SIETTIOTNHOVIKAG OUVEPYATiag HETAEU
KAIVIKWV 1aTPpWV, ETIOTAROVWY deBOPEVWIV KAl EPEUVNTWV YIA TNV TTPowONon Tou TTediou TNG
BaBia¢ pdbnong oTnv UYEIOVOUIKE TTEPIBAAWN. Me TNV QVTIHETWTTION TWV EVTOTTIONEVWV
TIPOKANCEWYV Kal TNV agloTroinon Twv TTAEOVEKTNHATWY TNG BaBIidg pabnong, o1 cuyypageicg
MOTEUOUV OTI TTOPOUV Va ETTITEUXO0UV ONUAVTIKEG BEATIWOEIC TN AWN KAIVIKWY OTTOQACEWY,
OTA ATTOTEAETUATA TWV A0BEVWV KAl GTN GUVOAIKI TTAPOXI UYEIOVOMIKAG TTEPIOAAYNG.

O1 Mehta N, Devarakonda MV [18] e€etadlouv TV evowudtwaon Tng TexvnTAg vonuoouvng (Al),
10iwg TNG uNxavikng udénong (ML) kai Tng eme€epyaoiag pualkng yh\wooag (NLP), otnv
UYEIOVOMIKN TTEPIBaAWN, divovTag £éu@acn oTIg duvaTOTNTEG TOUG VO BEATILOOOUV T QPOVTIOA TwV
aoBevwyv Kal va eEopBoloyrioouv TIG KAIVIKEG poég epyaciag. Emaonuaivel Tov auavouevo Oyko
0edopEVWYV TTOU TTOPAYOVTal HECW TWV NAEKTPOVIKWY QakéAwV uyeiag (HDY) kai TnG wn@Iakng
ATTEIKOVIONG, T OTTOIA UTTOPOUV va agloTroinBouv yia Tn BeATiwon TG KAIVIKAS ARYNg
ATTOPACEWYV KAl TWV ATTOTEAEOUATWY TWV GCOEVWV.

O1 ouyypageic apyifouv pe Tnv Treplypa@n Twy duvartottwy Tou NLP kai Tng ML. To NLP
EMTPETTEI OTOUG UTTOAOYIOTEG VA £TTEEEPYALOVTAI KOI VO KATAVOOUV TNV avBpwITivi YAWooa,
EMTPETTOVTAG TNV AVAAUC KAIVIKWV ONUEINCEWV KAl ava@opwv eAeUBepouU Kelévou. AUTO gival
(WTIKNG onuaciag, KaBwg TTOAEG aTTd TIG TTOAUTIUEG TTANPOPOPIEG OTNV UYEIOVOUIKH TTEPIBaAYN
gival adopnTeg. To ML, atrdé tnv AAAn TTAcupd, TrepiAauBavel alyopibuoug TTou pabaivouv atmo
0edouéva, ol OTToIoI UTTOPOUV Va KATNyopIoTToINBoUV e €TTIBAETTOMEVN Kal PN €TTIRBAETTOMEVN
paBnon. H pdbnon pe emmifAewn xpnoipotrolci cUVoAa OEBOPEVWIV PE ETIKETEG VIO TNV EKTTAIOEUON
aAyopiBuwyv, evw n pdbnon xwpig emiBAewn evroTriel poTifa og dedopéva xwpig
TTPOKABOPIOUEVEG ETIKETEG.

To apbpo mrapatréutrel oto Unified Medical Language System (UMLS) tng EBvikig BiBAI0Brikng
laTPIKAG, TO OTTOI0 TTAPEXEI £vav OAOKANPWHEVO 1ATPIKG HETABNCAUPS Kal EpYaAEia yia TNV
QvTIOTOIXION KEIMEVOU O€ 10TPIKES £VVOIES. AUTOG O TTOPOG cival {WTIKAG onuaciag yia TNV
Tpowbnon Twy epapuoywy NLP oTnv uyeiovouikr TTEpiBaAyn, EMITPETTOVTAG TOV EVTOTTIONO
00BEVEIWY, QOPUAKWY KAl CUPTITWHATWY pE€oa o€ KAIVIKG Keipeva. O1 ouyypageig avagpépouv
ETTIONG TNV APXITEKTOVIKA diaxeipiong pn dopnuévwy TAnpogopiwv (UIMA), TTou avatrTuxnke
atré v IBM, n otroia di1eukoAuvel TNV avaAuon pn dopnpévwy dedopévwy. To ouoTnua KAIVIKAG
avaAuong keipévou kai e€aywyng yvwong (cTAKES) 1ng Mayo Clinic emonuaiveral wg pia
emTuxnpévn epapuoyr Tng UIMA, n otroia emITPETTEI TNV £6QYWYT OXETIKWY TTANPOPOPIWV ATTO
Ta HOY.

ZnuavTikA €ueacn oTo apBpo divetal OTIG duvATOTNTEG TNG TEXVNTAG vonuoouvng yia ThV
QUTOMATOTTOINCT TWV YVWOTIKWY EPYOCIWV TTOU TTAPADdOTIOKA EKTEAOUVTAI ATTO TOUG KAIVIKOUG
1aTpoUg. O1 cuyypageic TTEPIypAPouV éva oUOTNHA TTOU TTapakoAouBei dedopéva aoBevwy,



OTTWG Ta €TTITTEDO KPEQTIVIVNG, TTApAAANAa pe cupPBavTta TTou eTTnpedlouv Tn VEQPPIKA AEIToupyia.
To ouoTnua auto utropei va e€opucaoel TNV 1aTPIKN BIBAIOYpa@ia yia va TTOPAUEVEI EVIUEPWHEVO
OXETIKA ME Ta aiTia TNG VEPPIKNG BAGBNGS Kail va TTapouaiAlel OXETIKEG KAIVIKEG ONUEIWOEIS OTOUG
TTAPOXOUG UYEIOVOUIKNAG TTEPIBaAYNG. TéToIEG duUVATOTNTEG Ba UTTOPOUCAV VA PEIWOOUV TO
YVWOTIKO QOPTIO TwV KAIVIKWV IATPWY, ETTITPETTOVTAG TOUG VA ETTIKEVTPWOOUV 0Tn QPpovTida Twv
aoBevwv Kal 0x1 ota d1oIKNTIKG KaBAKovVTA.

To apBpPo €&eTACE! £TTIONG TIG ETTITITWOEIG TWV £EEAIEEWY TNG TEXVNTAG VONUOOoUVNG YIa TOUG
ETTAYYEAMQTIEG TOU TOPEQ TNG UYEIOVOUIKAG TTEPIBAAYNG. AUTOUATOTTOIWVTAG TA TETPIMHEVA
KaBAKOVTA avAaKTNong TTANPOQOPIWY Kal TEKPNPiwong, N TN pttopei va cupBAaAEl oTn peiwon NG
€€oUBEVWONG TwV KAIVIKWYV 1ATPWV Kal oTn BeATiwon TG atroteAeopaTnikétntag. O cuyypageic
opapartifovtal éva pEANoV GTTou BeBOUEVA OE TTPAYMOTIKO XpOvo atrd dIAQOopES TNYEG,
oupTtTEPIAaUBavouEvnG TNG YOVIDIWHATIKAG, TNG TTPWTEOMIKAG KOl TWV ATOMIKWY aioonThpwy
uyEiag, JTTopouv va eVoWPaTwOoUV yia TNV AVTIMETWITION TTOAUTTAOKWY QVAYKWY UYEIOVOUIKNG
TEPIBaAYNG. AuTo Ba pTTopouce va 0dnyHoel 0€ €CENIEEIC OTNV TTPOYVWOTIKN PovTEAOTTOINON,
TNV 1aTPIKN aKpIBeiag kal Tn diaxeipion TnNG uyeiag Tou TTANBucuOoU.

To emoTnuovikd GpBpo Twv Garriga et. al [19] e€eTadel Yo HEAETN TTOU ETTIKEVTPWONKE TN
BeAtiwon Tng dlaxeipIong Kpioewv WUXIKAG UyEiag JECW TNG XPNoNG OAYOpIBUWY UNXAVIKAG
MA&BNonNG TTou e@apupdlovTal o€ NAeKTPoVIKA apxeia uyeiag (HPY). H peAétn utroypappiler mn
oNPavTIKA TTayKOoIa €TTRdpuvon atro TIG dlaTapax£G TNG WUXIKNG UYEIAG, ol OTToieg eTTnpedlouv
oXedoV 1 dIoEKATOUUUPIO avOPWTTOUG, Kal TOVICEl TNV €MOEIVIWOT AQUTWYV TwV {NTNHATWYV Adyw
NG Travénuiag COVID-19. O1 ouyypageic uttooTnpidouv 0TI N éykaipn TTapéuBaon givar {wWTIKAG
onuaciag yia TRV TpoAnyn Kpicewv WUXIKAG UYEIAg, Ol OTToiEG OUXVA 0dnNyouv OE KATAOTACEIG
eTTeiyoucag TrepiBaAyng.

H £peuva ammooKoTTEl OTNV AVATITUEN EVOG OCUCTHNATOG TTPOYVWOTIKAG BaBuoAoyiag Kivduvou
(PRS), To otroio ptropei va gvrotifel aoBeveig TTou diatpéxouv Kivduvo emdeivwong,
EMTPETTOVTAG £TO1 TTPOANTITIKEG TTAPEUPRACEIG. H peAéTn €€riyaye 198 xapakTnpioTIKG atrd Toug
HOY, cuptrepIAaUBAVOUEVWV TWV KWBIKOTTOINUEVWY BIYVWOEWY, TWV TIPOCPATWY
QgIOAOYNOEWV KAl TOU XPOVOU TToU €Xel TTapEABEI aTTd Ta ONUAvTIKA YEyovoTa, yia va
onuIoupynaoel £va OAOKANPWHEVO GUVOAO dedoUEVWYV YIa avaAuon. AOKIHAoTAKAV BIGPOPES
TEXVIKEG UNXAVIKAG HABNONG, CUNTTEPIAQUBAVOUEVWV DEVTPWY ATTOPACNG, TTIBAVOTIKWY
MOVTEAWYV, NEBGOWY cuvoAou Kail TagivounTwy Babidg pddnong. Metagu autwyv, n HEBodog
XGBoost (eXtreme Gradient Boosting) emm€deige avwTtepn ammddoaon, EETEPVWVTAG ONPAVTIKA TIG
GAAeG ueBBDOUG OTNV TTPORAEYN TOU KIVOUVOU TWV A0BOEVWV.

H epappoyn Tou aAyopiBuou agiohoyndnke HEow NUISOPNUEVWY CUVEVTEULEWV HE KAIVIKEG
OMABEG, ATTOKAAUTITOVTAG OTI TO 64% Twv TTPORAEWEWY KPIBNKE XPATIUO YIa TOV EVTOTTIONO TNG
emdeivwaong Tou aoBevoug kai Tn dIEUKOAUVON EyKalpwy TTapepBaccwy. EidikéTepa, o
aAyopIBpoG ava@EPBnKe wg KAIVIKA TTOAUTIMOG yia TNV TTPOANWN Kpioewv 010 19% Twv
TTEPITITWOEWYV KAI VIO TOV EVTOTTIONO ETTIOEIVOUPEVWY KATAOTACEWY OTO 17% TWV TTEPITITWOEWV.
QoT1600, pia KoIvoTIKA opdda YuxIKAg uyeiag (CMHT) dev avégepe kKapia TTpoaTIBEuevn agia atro
TOV aAYOPIOUO, yeyovog TTou uTTodeIkvUEl TR SlakUuuavon TNG avTiAauBavouevng
QTTOTEAECUATIKOTNTAG TOU O€ DIAPOPETIKEG OPADEG.

H peAéTn e€etdlel eTTioNG TIG NBIKEG EKTINNOCEIG OXETIKA PE TN XPAON €uaioBnTwy dedopévv
aoBevwv. Adyw TNG eUTTABEIAg TWV EUTTAEKOUEVWY TTANBUC WY, Ta dedopéva Tou HDY dev
MTTOPOUV va dnuoaiotroinBoulv Kail Ta aIrfuata TTpdofaong TTEETTEl va eyKpivovTal attd Thv



apuodia emmiTpoTih) dlakuBépvnong. O KwAIKAG TTou avaTiTuXOnKe yia T JEAETN gival
TIPOCAPUOCHEVOG OTN OUYKEKPIPEVN VOOOKOUEIakn Bdon dedouévwy Kail dev gival d1aB£aiuog
OTO KOIVO, TTEPIOPICOVTAG TN XPNOIUGTATA TOU XWPIG TTPOCBACN OTA UTTOKEINEVA dedouéva.

To GpBpo ue TiTAo «Early Detection of Heart Failure Using Electronic Health Records» Twv
Kenney Ng et. al [20] digpeuvd TIG BUVATOTNTEG TWV NAEKTPOVIKWYV apxeiwv uyeiag (HPY) yia Tnv
evioxuon Tng £ykaipng avixveuong Tng Kapdlaknig avemmdpkelag (HF) péow Tng TTPoyvwOoTIKAG
avaAuong. O1 ouyypa@eic Tovifouv ToV AuavouEVo OYKO Kal TNV TTOIKINOPOP®Ia TWV dIaXPOVIKWY
oedopévwy aabevwy TTou gival diabéaiua otoug HOY, Ta otToia uTropouv va utrooTnpifouv
onpavTIKA TIG avaAUoelg o€ eTTITTESO TTANBUCOU Kal TNV EEATOMIKEUMEVN QPOVTION TwY a0BEVWV.

H peAETN uTTOYPAUUICEl TN CNPOCIA TWV TTPOYVWOTIKWY HOVTEAWV YIO TOV EVTOTTIONS aoBevwv
TTOoU SlaTPEXOUV KivOuvo KA, UE OTOXO TN PEIWON TNG ATTOPEUKTENS TTEPIBAAYNG, 6TTWG Ol
EI00YWYEG OTO VOOOKOWEIO, Kal TN BeATiwon NG KAIVIKAG Aqung atmo@doewy. O1 ouyypageic
OnNMEIVOUV 0TI, EVW N TTOCOTIKA atTéd00N TWV TTPOYVWOTIKWY HMOVTEAWYV, TTOU GUXVA PETPATAI
ME TNV TTEPIOXN KATW aTTO TN XAPAKTNPIOTIKA KaPTTUAN Aciroupyiag 6éktn (AUC), atroTeAei
Kpiolun eoTiaon, dev gival 0 JovadikKOg KaBopIoTIKOG TTapAyovTag TG XPNOINOTNTAG EVOG
pMovTéEAOU OTNV KAIVIKR TTPAKTIKF. AAAOI TTAPAYOVTEG, OTTWG N OUVOXH TOU JOVTEAOU, N
EPUNVEUCIUOTNTA KAl N EUKOAIO evOWHATWONG OTIG KAIVIKEG POEG epyaaiag, gival e¢ioou
ONMAVTIKOI YIO TNV ETTITUXA EQAPMOYH.

H épeuva digpeuvd Tov TPATTO E TOV OTTOIO N TTOOOTNTA KAl N TTOIKIAOUOP@Ia TwV dEDOUEVWY TOU
HO®Y emnpeddouv Tnv atmmédoaon Tou povtéAou. O1 ouyypageic diattioTwoav 611 n amrdédoan Tou
HovTéAoU eTTNpeAdeTal oNPAvTIKG aTTd TNV TTOIKIAOPOP@Ia TwV SEOONEVWY, TNV KATAOKEUN TWV
XAPAKTNPIOTIKWY Kal TO JAKOG Tou TTapabupou trapatipnong. Ta dedouéva HDY eival eyyevug
TTOIKIAQ, KOBWG TTEPIAAPBAVOUV BIAQOPOUG KWOIKOUG a0BEVEIWY, EVTOAEG QAPUAKEUTIKAG AYWYAS
Kal EpyacTnplakég petproels. H peAétn deixvel 611, evw n augnon Tou TTapabupou TTapaTipnong
pTTOPEl va BEATILWOEI TNV ATTOBOCT TOU PJOVTEAOU, PEIWVEI ETTIONG TOV ApPIBUS TwV a0BEVWYV TTOU
gival eTTIAEEIUOI yIO TNV EQAPUOYHA TOU JOVTEAOU, dnuioupywvTag éva cuuBIBacud TTou TTPETTEN va
OIOXEIPIOTEI.

‘Eva a1md 1a Baoikd euprjpata gival n euaiodnaoia Tng ammédoong Tou JOVTEAOU OTO PEyEBOG Tou
ouvohou ektraideuong. O cuyypaQEiG TTapaATHPNOAV CNPAVTIKR BEATIWON TNG aKpiBelag
TPORAEYNS 6TaV TO PEYEBOG Tou ouVOAou ekTTaideuang augnBnke atrd 1.000 o€ 4.000 eyypagEg
a0Bevwv. To elpnua autd UTToYPAPUiCel TNV TTPOKANCN TNS EQAPHOYAS MOVTEAWY TTPOBAEWNS o€
MIKPOTEPEG KAIVIKEG TTPOKTIKEG, OTTOU N SI0BeCIUOTNTA SEQOUEVWY PTTOPET VA Eival TTEPIOPICHEVN.
H peAéTn uttodnAwvel 6Tl N cuykEVTPWOT dedopévv aTTd TTOAATTAEG TTPOKTIKEG Ba PTTOpOUCE
va BeATILoEl TNV aTdd00n Tou PJOVTEAOU Kal va SIEUKOAUVEI TNV eUpUTEPN EQAPUOY] TOU.

To apBpo oulntd etTiong TIG HEBOBOAOYIKEG TTPOKANCEIG TTOU BETEI N ETEPOYEVHS PUON TWV
oedopévwy HDY. Ze avtiBeon pe Ta dounuéva emONUIOAOYIKG dedopéva TTou CUAAEyovTal EoW
TUTTOTTOINUEVWYV TTPWTOKOAAWY, Ta dedopéva HOY GuyKeVTpWVOVTal PE PN TTPOYPANKOTIOUEVO
TPOTIO, YEYOVOG TTOU 08NYEi o€ HETARANTOTNTA OTN CUXVOTNTA KAl TOV TUTTO TwV OEBOUEVWY TTOU
OUAAEyovTal. AUTH N AQOUVETTEIQ UTTOPET va TTEPITTAECEI TIG TTIPOCTTABEIEG TTPOYVWOTIKNG
povTeAoTtroinong. O1 cuyypa@eic uTTOypPauUiCOUV TNV AVAYKN VIO TTPOCEKTIKN ETTIMEAEID TWV
0edoPEVWYV Kal TNV AVATITUEN JOVTEAWY TTOU PTTOPOUV VO TTPOCAPHOOTOUV OTA CUYKEKPIUEVA
XAPAKTNPIOTIKA TwV OEBOPEVWV TWV BIPOPWY KAIVIKWV PUBUICEWV.

Ooov agopd TNV atrdédoon Tou HOVTEAOU, N JEAETN agloAoyEl TOV QVTIKTUTTO TwV SIOQOPETIKWV
MNKWV TTapaBupwy TTPORAEWNS Kal TTapaTthpnong. AlammoTwvel 6Tl Ta HIKpOTEPA TTapdBupa



TTPORAeWNS (Ewg €va €10¢) atrodidouv KaAUuTepeg emdOCEIg, e TINEG AUC dvw Tou 0,80, evw ol
€mMOOCEIC PEIVOVTAI VIO HEYaAUTEPA TTapdBupa TTPORAewns. O1 cuyypageig TTpoTeivouv OTI Ta
onuarta yia v £ykaipn avixveuon tng HF ptropei va gival mo epgavr] evidg evog Ewg TPV
ETWV TTPIV aT1ro TN d1dyvwaon.

H €peuva utrooTtnpiletal ammod emyxopriynon Twv EBvikwv IvoTtitoutwy Yyeiag kal cupBaAlel otov
au&avopevo Oyko BIBAIoypa@iag OXETIKA Ye TN XprRon Twv HADY yia TTpoyvwaTikA avdAuon otnv
uyelovouikr TrepiBaAywn. O1 cuyypa@eig KAaTaAryouv 0To CUUTTEPAcua 0TI evw ol HOY
TTAPOUCIACOUV ONUAVTIKEG EUKAIPIES YIa TN BEATIWON TNG ykaipng avixveuong TG HF, n
EMTUXAG EQAPUOYH TWV TTPOYVWOTIKWY HOVTEAWY Ba aTTAITAOEl TNV AVTIMETWITION TWV
TIPOKANCEWYV TTOU OXETICOVTAI JE TNV TTOIKINOMOP@Ia TwV O£OOHEVWY, TO HEYEBOG TOU TUVOAOU
EKTTAI®EUONG KAI TNV TTPOCAPUOCTIKOTNTA TOU HOVTEAOU € BIOPOPETIKA KAIVIKA TTEPIBAAAOVTA.

2.2 MNeploplopoi kat eMeielg otnv BLpAoypadia

H BiBAIoypagia oxeTIkG hE TN Xxpon TNG EENYNOINNG MNXAVIKAG pabnong (xAl) otoug HOY
Ocixvel DIAPOPES EAAEIYPEIG TTOU PITTOPOUV VA EUTTODICOUV TNV ATTOTEAECHATIKF) EVOWNATWON
AUTWY TWV TEXVOAOYIWYV OTNV KAIVIKI] TTPOKTIK.

o [lepiopiouéva TAaioia agloAdynong

‘Eva onuavTiké kevo gival n EAAEIPn TuTToTToINKEVWY TTAGITiWV afloAdynaong yia 1o XAl o€
TTAQioIa UYEIOVOUIKNG TTEPIBaAWNG. Evy o1 yeAETEG avadelkvUouy BIAQOoPES TEXVIKES XAl, 6TTwG N
aTTOCTAEN YVWONG KAl Ol UNXAvIoUOoi TTPOCOXNAG, OV UTTAPXEI ETTAPKAG £0TIAON OTOV TPOTIO UE
TOV OTT0i0 A&I0AOYOUVTAI AUTEG OI TEXVIKEG OO0V aQOPd TNV KAIVIKA TOUG £QApPOCIHOTATA KAl
ATTOTEAECHATIKOTNTA. Mia cuoTnUATIKN £TTIOKOTTNON TTPOCOIoPICEl OTI TTOAAEG EAETEG BEV
QVTIMETWTTICOUV ETTOPKWG TAV QVATTAPAYWYILATNTA TWV EUPNPATWYV TOUG, N OTToia €ival Kpioiun
yla TNV €TMKUpwaon Twv povTéAdwv XAl og TTpayuatikég ouvenkes [21]. H attoudia 1Ioxupwv
METPIKWV a&loAdynong Trepiopicel Tn duvatdtnTa oUYKPIoNG SIAPOPETIKWY HEBOdwWV XAl Kai Tnv
KATavonon Twv TTPAKTIKWY ETTITITWOEWY TOUG OTN ARWN KAIVIKWY aTTOQAoEWV.

o [1pokAAoEIg TTOIOTNTAG KOl OAOKApWONG dedoPévov

‘Eva dAAo kpioipo ATna gival n roidtnTa Twv dedopuévwy eviog Twv HOY. H BiBAloypagia
ToviCel 611 oI HOY Trepiéxouv 1000 dopnuéva 600 Kal addounta dedouéva, Pe Ta TEAEUTaIO va
BETOUV ONUAVTIKES TTPOKAARCEIS YIA TIG EQAPUOYEG UNXAVIKNAG HABNnong. O1 TEXVIKEG eTTEEEPYATiag
@uOoIkng YAwooag (NLP) xpnoigotrolouvtal guyvd yia Tn d0unon dedopévwy eAeUBepou
KeIHEVOU, aAANG o1 uéBOodOI QUTEG PTTOPOUV VA E1I0AYOUV TTPOKATOAAWEIG KOl AVOKPIBEIEG €AV OEV
TUYXOUV KATAAANANG dlaxeipiong [22]. EmiTAéov, n dlakupavaon Tng TroloTNTaG Twv OEDOUEVWY OE
d1apopa cuoTAuata HOY TrepITTAEKEl TNV EVOWUATWON TwV HOVTEAWV XAl, KOBWG 01 ACUVETTEIEG
MTTOPEI VO 00Nyrnoouv o€ avagioToTeG TIPOBAEWEIG KAl EENYNOEIG.

e HOIKéG avnouyieg

H BiBAioypagia emonuaivel €TTiong NBIKEG Kal KAVOVIOTIKEG TTPOKANCTEIG TTOU OXETICOVTAI JE TN
xprion Tou XAl otnv uyelovopikA TTepiIBaAwn. MNa Tapdadeiypa, o MNevikdg Kavoviouog yia tnv
Mpootacia Aedopévwy (GDPR) divel Eupaon oTo «diKaiwpa aTnv TTapoxn €EnyHoEwv», TO
otroio emMRAAAEl TN dla@Avela OTIG QUTOPATOTIOINUEVEG BladIkaaieg AWwng atroacewy. QoTé00,
TTOAAG povTéAa XAl e€akoAouBoUv va AsIToupyolv wg «aupa KOUTIA», ATTOTUYXAVOVTAG Va
QVTATTIOKPIBOUV O€ AUTEG TIG KAVOVIOTIKEG aTTAITACEIS. AUTA N EAAEIYN CUPPOPPWONG UTTOPET va



UTTOVOMEUOEI TNV EPTTIOTOCUVN METAEU TWV TTAPOXWY UYEIOVOUIKNG TTEPIBaAYNS Kal Twv
a0Bevwv, TTEPIOPICOVTAG EVOEXONEVWG TNV UIOBETNON TWV TEXVOAoyIWwV XAl oTnV KAIVIKN
TTPOKTIKA [23].

o JUMPBIBACHUOG TTOAUTTAOKOTNTOG KOl EPUNVEUCIHNOTNTOG

"Evag aAoG KpioIpog Treploplopdg gival o eyyevhG CUPBIBACUOS PETAEU TNG TTOAUTTAOKATATAG TOU
MOVTEAOU Kal TNG EPUNVEUCIUOTATAG. [TOAAG TTponyuéva HOVTEAD UNXAVIKAGS HdBNong, OTTwG ol
aAyopiBuol BaBidg pabnong, emtuyxdvouv uwnAn akpiBeia aAAG cuxva TTEPIyPA@OVTal WG
«Paupa kKouTidy» Adyw Tng TTOAUTTAOKOTNTAG Toug. H BiBAIoypagia Tovilel 6T n augnaon g
olapaveiag evog JovTENoU PTTopei va odnyrnael o€ peiwon TNG TTPORAETITIKAG Tou atmédoong,
ONUIOUPYWVTAG £Va dIANPUA VIO TOUG ETTAYYEAUATIEG TTOU ATTAITOUV TOOO OKPIREIG TTPOBAEWEIG
000 Kal KaTavonTég egnynoeig [25].

e Arouadia plotting og HOY kal oUuykpiong HeTagu Twv aAyopiBuwv

21NV TITUXIOKE £pyacia eTTIXEIPEITAI N OTITIKOTTOINOT VOGS PeEyAAOU cuvolou dedopévwy Twv HODY.
KaTt 1étoio otnv mapouca BiBAloypagia dev £xel TTapouciacTel IBIAITEPA, OTTWG ETTIONG KAl N
oUYKpPION TNG ATTOTEAECUATIKOTNTAG HETAEU TwV SUO aAYOPiBUWY OTO iBI0 CUVOAO SEBOUEVWIV.

Evw n evowpdatwon tng XAl atoug HOY uttéoyetal TTOAAd, UTTAPYXOUV ONUAVTIKOI TTEPIOPICHOI.
2€ auTtoug TreplAauBdvovTal n avaykn yia Tuttotroinuéva TAaiola agioAdynong, ol TTPOKAACEIS
TTOU OXETICOVTAI JE TNV TTOIOTNTA KAl TV EVOWUATWON OeBOUEVWY, N AVTICTABUION
TTOAUTTAOKOTNTAG-EPPNVEUTCIUOTNTAG, OI EAAEIYEIG OTOV OXEDIQOUO E ETTIKEVTPO TOV XPrOTN Kal Ol
O€OVTOAOYIKEG avNOUXieG. H QvTIMETWTTION aUTWY TwV eAAEIYEWV gival aTTapaitnT yia TNV
eMTUXA €@appoyn Tou XAl oTnv uyelovouIkr TTEpIBaAWN, evioxUovTag TEAIKA TN ¢povTidda Twv
aoBevwv Kal TN AfWwn KAIVIKWV atToQAacEwV.

3.Mebodoloyia

H Python givail pia dnuo@IAfg YAWooa TTPOYPAUHATIONOU TTOU £XEI ATTOKTACEI EUpEia atrodoxn
TNV €MOTNUOVIKA KOIVOTATA AOYyWw TNG atmAdTNTAG, TNG AVAYVWOINOTNTAG TG KAl TOU
eKTETAPEVOU OIKoouoTAaTog BIBAI0ONKwy. Eival pia digpunveupévn, uwnAol emrédou, yeVIKOU
OKOTTOU YAWOOA TTPOYPOUHATICHOU YVWOTA YIa TNV UEAIGia Kal TNV EUKOAia XpAong TnG. [26]

2TOV TOPEQ TNG ETTIOTAKNG TwWV dedouévwy, apkeTég BIBAIOBAKES Python éxouv avadeixBei wg
Baoikd epyaAcia yia apiBunTikoUg UTTOAOYICHOUG, eTTeEepyaaia dedopévwy KAl OTTTIKOTTOINGN.
MeTta&u autwv, ot NumPy, Pandas, Matplotlib kai Seaborn givai 1diaitepa agloonueiwTeg yia TIg
IOXUPEG AEITOUPYIEG TOUG Kal TNV gupeia uloBETNaT) Toug. O1 cuykeKPIEVES BIBAIOBAKES
XPNOIMOTTOIOUVTAI EKTEVWG OTO KOUUATI TNG €TTECEPYATiag TwV dEOOPEVWV OAAG Kal TNV
OTITIKOTTOINOT} TOUG.

H NumPy (Numerical Python) xpnoipeiel wg n Bepehiodng BIBAIOBAKN yia ETTIOTNUOVIKOUG
uttoAoyiopoug oTnv Python. MNapéxel uttooTtrpign yia peyaAoug, TTOAUBIACTATOUG TTIVAKEG Kal
TTVOKEG, padi g pia UAAOYH HaBNUATIKWY CUVAPTACEWY YIa TNV ATTOTEAECUATIKA AEITOUPYiQ
QUTWV TWV TTIVAKWYV. Ta BacIKG XapakTneIoTIKA TTepIAauBAvouV:

- AvTikeipevo Trivaka: To Baoikd xapakTnpIoTIKO €ival TO avTIKEINEVO N-OIGoTATWY TTIVAKWY
(ndarray), T0 OTTOIO ETTITPETTEI YPIYOPES KAI ATTODOTIKEG AEITOUPYIES TTIVAKWV.



- MaBnuartikég ouvapTtnocig: MNpoo@épel éva eupl @ACHA HABNUATIKWY CUVAPTACEWV,
OUMTTEPIANOUBAVOUEVWV TPIYWVONETPIKWY, OTATIOTIKWY KAl AAYEBPIKWY POUTIVIV.

- Evowpdtwon: H NumPy evowpatwvetal ammpéokottta e GAAeS BiIBAI0BRKeS 6TTwg n Pandas
kal n Matplotlib, evioxUovtag Tn XpnoigoTnTd TNG 0€ EQAPUOYEG ETTIOTHUNG dedopévwy [27].

H Pandas civai pia BifAIoBrkn emegepyaaiag kar avadAuong dedouévwy avolkToU KWOIKA TTOU €XEI
onuioupynBei Tavw otn NumPy. Mapéxel douég dedouévwy Kal GUVOPTATEIS TTOU aTTairouvTal
yIO TOV QTTPOCKOTITO XEIPIOUO dounuévwy dedopévwy. Ta BACIKA XapaKTNPIOTIKA
TeEPINAPBAvouV:

- DataFrames: H kupia douny dedouévwy, DataFrame, eival pia diodidotatn dour 6edouEVWY [E
ETIKETEG TTOU ETTITPETTEI TTOIKIAOUG TUTTOUG DEDOUEVWV.

- Xelplopdg dedouévwy: Ta epyaleia yia Tn oUyXwVEeUOH, TV avadiaudppwaon, TNV €TIAOYHA Kal
TOV KABApPIoPO dedopévy atroTEAOUV avaTTOOTIAOTO HEPOG TNG AEITOUPYIKAOTNTAG TOU.

- XeIpiou6¢ xpovoaoeipwyv: To Pandas mrpoo@épel Io0xupr) UuTTooTrpIgn yia dedouéva
XPOVOOEIPWY, KOBIOTWVTAG TO AVEKTIUNTO YIA TNV avAAUCH XPOVIKWV DEDOUEVWV.

- BEicaywyi/egaywyn dedopévwy: YTTooTnpidel TNV avdayvwaon Kai yypaer 0edouévwy atro
d1apopeg popeég, 6TTwg CSV, Excel kai SQL, dicukoAUvovTag Tnv eUKOAN EVOWUATWON
oedouévwy [27].

H Matplotlib gival pia oAokAnpwuévn BIBAIOBAKN yia TN dnuIoupyia OTATIKWY, KIVOUPEVWY KAl
O10dpACTIKWY aTTEIKOVIoEWVY 0TNV Python. Eival iIdiaitepa TTapapeTPOTIOINCIUN KAl UTTOOTNPICEI
éva eupu eAaopua TUTTWYV YPAPIKWV TTapaoTACEwWY. Ta Bacikd XapakTnpIoTIKA TNG
mTEPIAQUBAvVOUV:

- MoikiAia ypa@ikwy TTapacTdcewv: YTTooTnpidel d1GQOoPOoUg TUTTOUG YPAPIKWY TTOPACTACEWY,
OTTWG diaypdupaTa YPauuAg, papdou, dIacTTopdgs, ICTOYPAUNATOS Kal TTITAG.

- Mpooappoyn: O1 xprioTeg HTTOPOUV va eAEyXouVv KABE TITuXr Tou diaypdupaTog, atro Ta
XPWHOTA £WG TIG ETIKETEG, ETTITPETTOVTAG TN AETTTOPEP OTITIKA AvVOTTAPAOTAON.

- Evowpdtwon: H duvatdétnta evOwPATWwOonNG TwV YPAPIKWY TTAPACTACEWY OE €va TTPOYPANPa
gival TToAU onuavTikry: To Matplotlib ouvepydaderal kaAa pe To NumPy kai To Pandas,
KaBIoTWVTAG TO BACIKO EPYAAEIO yia TNV OTITIKOTTOINON 8EOOUEVWYV OTNV ETTICTANOVIKA

TTANPOPOPIKA.

- AlodpaoTIKA ypagnuata: YTrooTnpidel d1adpacTIKA ypa@AuaTa Kal KIvoUpeva oXEDIq,
eVIOXUOVTAG TNV EUTTAOKH TOU XPAOTN UE TA OTITIKG dedopéva [28].

TéAog, n Seaborn givar pia BiBAI0BrKN oTrTIKoTroinong TTou Baciletal atnv Matplotlib,
oXedlaopévn yia TN dnUIoupyia EAKUCTIKWY KOl KOTATOTTIOTIKWY OTATIOTIKWY YPOAPIKWY.
AtrAoTroigi Tn diadikaoia dnuioupyiag oUVOETWY OTTTIKOTIOINCEWY. Ta BACIKA XApAKTNPIOTIKA TNG
mepIAapBavouy:

- Z1amioTiké ypaeruata: To Seaborn utrooTtnpilel pia o€ipd atmd oTaTioTIKA dlaypauuaTa,
OupTTEPIAOUBAVONEVWY TWV BIayPANNATWY box, Twv diaypappdaTwy violin kai Twv diaypauudTwy
Celyoug, Ta oTToia €ival ATTaPAiTNTA YIA TN SIEPEUVNTIKA avAaAucn dedopévwy.



- BeAtiwpévn aioBnTikn: Mapéxel pia dieraeni upnAou emTéSOU yia T oXediaon EAKUCTIKWV
YPOQPIKWY, QVTIOTOIXI(OVTAG QUTOMATA TIMEG OEDOUEVWV OE OTITIKA XAPAKTNPIOTIKG OTTWG TO
XPWHA Kal To Péyebocg.

- Evowpudtwon ue 10 Pandas: To Seaborn civai 1diaitepa KatdAANAo yia Tn ouvepyaoia e
Pandas DataFrames, BeATiwwvovTag Tn S10dIKOTIA OTITIKOTTOINONG.

- 2TaTIOTIKA eKTiuNon: MepIAauBavel EVOWNOTWHEVEG CUVAPTAOEIS VIO OTATIOTIKY EKTINON KAl
€EAYWYI CUPTTIEPACUATWY, OTTWG HOVTEAD YPOUUIKAG TTaAIVEpOUnonG [28].

To Scikit-learn evowpaTtwvel éva eupl @Aoa aAyopiBuwy Pnxaviking uddnong teAeuTtaiag
TEXVoAoyiag yia TTpoBAfuaTa peaaiag kKAipakag pe emiAeWn Kal Xwpig eTTiBAsWnN.
ETTikevTpwveTal 0TO va QEPEI TN UNXAVIKH JABNCN o€ PN €18IKoUg XPNOIMOTIOIDVTAS MIO YAWOTO
uwnAoU emmiTédou yevikou okoTrou. Aivetal £u@aacn oTnv €uKoAia xpriong, Tnv amoédoan, TNV
TEKUNPiwon Kal T ouvoxn Tou API [29].

3.1 Aedopéva

Xpnoipotroioape 1o Synthea Dataset Jsons — EHR T0 otroio cival diaBéoipo oto kaggle [30]. To
dataset repiExel cuvoAika 129218 apxeia json. Ta apxeia gival xwpiopéva oe 255 pakéAoug Kal
4080 utropakéAoug. Mpokelpgévou va yivel OAoKANpwHEVn Eepelivnon Tou CUVOAOU DeBOUEVWIV
xpnoigotroinénke n BiBAI0BRkn pandas 1o otroio cup@wva ue Toug McKinney, Wes et al. €xel
TOV EUPUTEPO GTOXO VA YiVEl TO TTIO I0XUPO Kal EUEAIKTO EpYaAEio avaAUCNG/XEIPIOUOU DEBOUEVWV
QavoIKTOU KWwOIKa TTou gival diaBéaiyo o€ otroladniTrote yAwooa [31].

H BaoikA dour dedopuévwy Tou Pandas eival To DataFrame. Mpdkermal yia pia dour] TTivaka 1Tou
atroTeAciTal atrd oTAAEG Kal ypaupéS. O1 oTAAEG Exouv Evav TUTTO OEOONEVWV KAl VA TTPOAIPETIKO
Ovopa TTOU UTTOPEI va XpnoldoTroinBei yia Tnv avagopd oTig oThAeg. EmimTAéov, éva DataFrame
MTTOPEI Va £xEl pia oTAAN OeiKTN, N OTToIO PTTOPEI Va XPNOIUOTIoINBE yia Tnv dueon TTpdclaon o€
o€IpéG hE Baon Tnv Tipn [32].

Anpioupynoape dUo ouvaptioeig: Tn process_one_file n otroia emegepydletal Eva TTPOCWPIVO
DataFrame pe piIkTa 1aTpiké dedopéva kai diaxwpilel Ta dedopéva ue Baon Tov TOTTO TOU TTOPOU
Kal Ta TTpocBéTtel oTa avrioToixa DataFrames kai T clean_and_rename TTou XpnOIWOTIOIEITAI VIO
TOV KaBapIoud Kal Tn ueTovouaaia Twv atnAwyv Twv diagdépwy DataFrames, waTe va gival
EUKOAOTEPN N ETTECEPYATIA TOUG OTN CUVEXEIQ.

210 okTW DataFrames 1mou TTpoékuyayv EyIVE N aTTaPAiTNTN ETTECEPYQTIA TTOU APopoUoe AANaYEG
OTa OVOMOTA TwV OTNAWY OAAA Kal dIaxwpIoHOG 1 diaypagr) OPICHEVWY GTNAWY Ol OTTOIEG DEV
XPEIGZovTal yIa TO KOYMATI TNG UNXAVIKAG HABnong (11.X. To dvopa Kal n eBvikdTNTa VoG aoBev).
Etriong, 10 kG0 DataFrame amoBnkeUTnKe Kal o€ £€va csv apxEio.

To deiypa apopd 10 2.14% Twv CUVOAIKWY OEDOUEVWV Kal TTEPIAOUBAVEL:

2773 aoBeveig, 103680 1aTpikég TTapaTtnproclg, 10184 avagopég KAIVIKAG kaTtdoTaong, 25607
avagQoPES 1ATPIKWY ouvavtioewy, 5158 oxédia TepiBaAyng, 11843 ava@opEg I0TPIKWY
d1adIKaoIwy, 6637 dlayvwoTIKEG avagopés Kal 18538 avagopés euBOAIaTuWY.

Kpatioaue Opwg HOvo aoBeveig he TIHEG O0€ OAEG TIG OTHAEG, KABWG KAl XAPOKTNPIOTIKA UE
IcoppoTTNUEVA aTToTEAéOUATA, OTTOTE TO TeEAIKO dataframe Trepicixe 662 aobeveig.



Ag doupe TIG aTrAeg TTOoU Ba xpelaoToupe yia kGBe DataFrame (o€ TapévBeon o TUTTOC TwV

OEOONEVWVY) :

patient
2T1oIx¢ia aoBevn

resource.id: id acBevr| (aA@apIOunTIKO)
resource.gender: @UAO (0: avdpeg, 1: YUVaiKeg)
age: nAikia (ak€paiog)

observation
larpikég maparnpnoeic

resource.subject.reference: id acBevr} (aAQapIBUNTIKO)

Body Height: Uyog (o€ ekaTtooTd, deKABIKAG)

Body Mass Index: Agiktng Madag Zwuatog (o€ kg/m2, dekadikog)
Body Weight: Bapog (o€ kg, dekadIkdg)

Calcium: aoBéoTio (oe mg/dL, dekadIkdg)

Carbon Dioxide: Aioggidio Tou avBpaka (o€ mmol/L, aképaiog)
Chloride: XAwpidio (o€ mmol/L, aképaiog)

Glucose: N'\ukdln (oe mg/dL, aképaiog)

Hemoglobin A1c/Hemoglobin.total in Blood: oAk} aigoogaipivn
oT0 aiya (o€ %, 0ekadIKOG)

High Density Lipoprotein Cholesterol: «KaAf» xoAnoTepoAn (o€
mg/dL, aképaiog)

Low Density Lipoprotein Cholesterol: «Kakrj» xoAnoTtepdAn (o€
mg/dL, aképaiog)

Potassium: KaAio (oe mg/dL, dekadIkog)

Sodium: Nétpio (o€ mmol/L, aképaiog)

Total Cholesterol: OAIk} xoAnoTepOAn (o€ mg/dL, aképaiog)
Triglycerides: TpiyAukepidia (o€ mg/dL, akEpaiog)

Urea Nitrogen: A{wTo oupiag (o€ mg/dL, aképaiog)

condition
KAIvikn kataoraon

resource.subject.reference: id aoBevr} (aAQaPIBUNTIKO)

Acute viral pharyngitis: O¢egia 1oyevic gapuyyitida (0 av dev €xel, 1
av éxel, duadikog)

Hypertension: Yméptaon (0 av dev £xel, 1 av €xel, duadikdg)

Viral sinusitis: loyevng iypopimda (0 av dev €xel, 1 av €xel,
OuadIKOG)

encounter
larpikr) ouvavinon

resource.patient.reference: id aoBevry (aA@apIBUNTIKO)
emergency: ékTakTn 1aTpikr] ouvavtnon (0 av dsv ouvéRn, 1 av
ouvéRn, duadikdg)

careplan
2x€010 mepiBaiyng

resource.subject.reference: id acBevr| (aAQapIOUNTIKO)
Respiratory therapy: avatveuoTikr] Beparreia (0 av dev ouvéRn, 1
av ouvéRn, duadikdg)

procedure
latpikéc diadikaoieg

resource.subject.reference: id acBevr| (aAQapIOUNTIKO)
Colonoscopy: Kohovookdtnon (0 av dev ouvéRBn, 1 av ouvépn,
duadIKOG)

immunization
EuBoAiaocuoi

resource.patient.reference: id aocBevr| (aA@apIBUNTIKO)
Td (adult) preservative free: EuéAio Td yia tétavo kai dipBepiTida
(0 av dev gupfoMidoTnke, 1 av euBoAhidoTnke, duadikdg)

3.2’ Evwon twv dataframes

EteidA 10 kGBe dataframe dev mepiExel TTOAEG OTNAAEG, N évwon Twv dataframes €rpeTTe va yivel
OTTWOONTIOTE, TTPOKEINEVOU Va AsIToupyrioel To machine learning.

210 TTeplocéTepa dataframe yia Tapddelypa oTto observation, uttipxe N oTHAN
resource.code.display TTou TTEPIEIXE TA OVOUATA TWV XAPOKTAPIOTIKWY KAl N OTAAN




resource.valueQuantity.value TTou TrepIgixe TNV TIUA TOU XAPAKTNPIOTIKOU. [Na TNV CWoTA
emmegepyaaoia Twv dedopévwy, KPATHoAKE Ta TTOAUTTANBECTEPO XAPOKTNPIOTIKA Kal
onuIoupynoaue pia oTAn yia 1o KGBe €va Pe xprion TG eVIioAng pandas.pivot_table. 21n
ouvéxela evwoape Ta dataframes pe 1o pandas.merge, XpNOIMOTTOIWVTAG WG KAEISI TO id Twv
a0Bevwyv, TTou UTTAPXE o€ KABe dataset. To dataframe diagnostic_reports amo@acioTnke va pnv
XpnoiyotroinBei, kabwg eixe TTOAG missing values Kal Jn I00pPOTTNUEVA XAPAKTNPIOTIKG.

3.3 Artekovion tTwv dedopevwv

Me ta DataFrames oTnv TeAIKN Toug pop®r, TTpoxwproaue o€ ameikévion(plotting) Twv
0edouEVWV UE XpHon Twv duo BiIBAIoBNkwv matplotlib kal seaborn.

H Matplotlib gival pia dnuo@iAfg BIBAIOBAKN ypa@IKWYV YIa TTAKETO OTTTIKOTTOINONG O£O0UEVWV
otnv Python, n ommoia uttooTtnpietal eUkoAa e I NumPy, Pandas kal GANeG OXETIKEG
BIBAI0BAKEG [33].

H seaborn civai pia BIBAIOBRAKN yia TNV KATAGOKEUT OTATIOTIKWY ypa@ikwy aTnv Python. Mapéxel
Mia ugnAou emmirédou dlacuvdeon We Tnv matplotlib kal evowpatwveTal oteva pe TIG DONES
oedopévwy Tou pandas. O1 cuvapTroelg TNG PIBAIOBRKNG seaborn ekBETouv Eva ONAWTIKO,
TTpocavatoAiIopévo oTa oUvoAa dedousvwy API, TTou KaBioTd eUKOAN TN HETAPPACT EPWTATEWV
OXETIKA YE T OEQOMEVA O€ YPAPIKA TTOU UTTOPOUV VA TIG ATTavVTAoOoUV [34].

3.4 Extreme Gradient Boosting (XGBoost)

To Extreme Gradient Boosting, o€ cuvtopoypagia XGBoost, cival éva KAIJaKoUuEvo oUoTnua
MNXavIKAG Habnong yia Tnv evioxuon 0évipwy (tree boosting). To cuotnua gival d1aB£01uo wg
TTAKETO AvoIKTOU KWOIKa. O avTiKTUTTIOC TOU GUOTAMATOG £XEl avayVWPIOTEN EUPEWG O€ DIAPOPES
TIPOKANCEIG NXAVIKAG HaBnong kai e€dpugng dedouevwy [35].

3.5 CatBoost

O CatBoost (categorical boost - katnyopikrj evioxuon) Bacietal o€ dEvTpa ATTOPACEWY KAl OTO
gradient boosting, aAAG pe peiwpéveg TTapapéTpous. Qg ek TouTou, 0 CatBoost atraitei AiyoTepo
XPOVO ekTTaideuong Kal OKIKAG 0 aUyKpIon JE Ta AAAA povTéAa cuvoAou. AuTO TO HOVTENO Bivel
ouvnRBwg KaAEg emdOOEIG PE TIG TTPOETTIAEYUEVES TTapauéTpoug. O CatBoost ptmopei va
€QapPoCTEi OTO APIBUNTIKA dedOpEVA PETA TNV EKTEAEON TNG KWAIKOTTOINONG TWV BESOUEVWV
[36].

3.6 SHapley Additive exPlanations (SHAP)

O SHAP civail pia Tpocéyyion 1ou Baacietal otn Bewpia TTalyviwy yia TNV TTEPIYpAPr NG
a1médoong evog HOVTEAOU PNXavikAG udénong. MNa tnv TTapaywyn evog epunveUCIPoU JoVTEAOU,
0 SHAP xpnoiuotroigi pia TTpocBeTIKA HEB0OO arddoong XapaKTNPIoTIKWY, dnAadr) éva HovTéAo
€€600U opileTal WG YPAMIKA TTPO0Beon peTaBAnTWY €10660u [37].

3.7 Local Interpretable Model-agnostic Explanations (LIME)

O LIME civai évag aAyoépiBuog mou Trapéxel emeénynoeIg e BAon To TTapddelypa OTIG
TTPORAEWEIG OTTOI0UBATTOTE TAgIVOUNTH. AUTEG 01 EENYNOEIS Eival TOTTIKA TTIOTEG AvA TTEPITITWON,
avegApTNTEG ATTO TOV TUTTO TOU POVTEAOU TOu TagIvounTh, Kai pabaivovtal TTdvw o€ EpUNVEUCIPEG
QvVaTTAPACTACEIG TNG TTEPITITWONG [38].



4. AmtoteAeopata

4.1 Plotting
2€ oUvoAo 2733 aocBevwyv TTapaTnEoUuE 6Tl TO TTOCOCTO AvOPWY KAl YUVAIKWY gival oxedov idlo.
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Ipaenua 1. Anuoypa@ikd aroixeia (puUAo, £T0¢ yévvnong avd acbevn), £T0¢ yévvnong avd @uAo)

Ooov apopd 10 £T0G YEVVNONG, 01 TTEPICCATEPOI A0BEVEIS gival yevvnOEeic ueTagu Twyv eTwv 1950-
1960, evw dev dIaPEPOUV ONUAVTIKA TA OTOIXEIO AVAUECT OTA dUO PUAQ.

Mapdpoio TooooTd £XOUNE HETAEU TWV A0BEVWV E OAOKANPWHEVO OXEDIO TTEPIBAAYNG KAl TWV
a0Bevwyv pe evepyo ox€dIo TTEPIBaAYNG, OTTWGS PaiVETAI OTO TTAPAKATW dIAYPANMA.

Number and percentage of Status of careplan
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resource.status

Ipaenua 2. [1ooooTé aobevwy e 0AOKANPWEEVO 1 eveEPYO axédIo TTEPIBaAYnS.

Ooov apopd TIG KAACEIG OTIG 1ATPIKEG GUVAVTHOEIG, UYPNAS TTOC0OTO £€XOUV OI CUVAVTACEIG OTA
eEWTEPIKA 1aTpeia aAAd Kal yia TTEPITTATNTIKOUG aoBeveig (atdpwy dnAadn TTou dev xpeiddovTal
BonBeia yia va kivnBouv). XaunAd Ta TTO000TA TWV ETTEIYOVTWYV TTEPIOTATIKWY, GAAG KaI TwvV
£VOOVOOOKOMEIOKWY KOl NUEPNTIWV TTEPICTATIKWV.



Number and percentage of class code (encounter)
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Ipapnua 3. lNoocoaté ava €idog mepIoTaTikoU (O eEWTEPIKA 1aTPEIA, XwPIS SIAVUKTEPEUDT), OTA ETTEIYOVTQ,
£VOOVOOOKOUEIQKA, NIUEPHOIA)

2TIG 10TPIKEG DIAdIKATIES, N CUVTAYOYPAPNON CUYKEVTPWVEI UE DIaPOPA TO UWNASTEPO TTOCOCTO,
ME TNV uTtodOpIa avocobepaTreia va akoAouBei. 21o dataset kataypda@ovTal TTOANEG AAAEG
O1adikacieg aAAG e apKETE PIKPA TTOO0O0TA.

Number and percentage of code text (procedure)
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B
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resource.code. text

Documentation of current medications
Measurement of respiratory funciion (procedure)
Pulmanary rehabiltation (regime/therapy)
Admission to orthopedic department

Combined chematherapy and radiation therapy (procedure)

Ipapnua 4. larpikég diadikaoisg (ouviayoypdenon, TOKETOS, avoooBeparTeia KATT.)

To onuavTikGTEPO dataframe atrd autd TTou dnuioupyRBnkav gival auTd TWV IATPIKWV
Tapatnpiocwy. MNavw ammd 12000 kataypa@és UWoug, BAPoUS Kal apTnpIaKAG TTiEoNS UTTAPXOUV
oTo dataframe.



Fpaenua 5. larpikég maparnpnoeis (Gwog, Bapog,
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Ipaenua 6. larpikég maparnpnoeis arto ouvoAo Twv acBevwy (Displot ue KDE Curve)
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Violin Plot of valueQuantity.value by code display
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pdaenua 7. larpi

Violin Plot of Bady Weight, Body Height, and Body Mass Index

Violin Plot of Sodium. Chioride
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Violin Plot of Total Cholesterol, Triglycerides, Low Density Lipoprotein Cholesterol, High Density Lipoprotein Cholesterol, Glucose
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Code Display

Violin Plot of Urea Nitrogen, Calcium, Patassium. Carbon Dioxide
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Fpaenua 8. Violin Plots 1aTpikwv mapatnpRoswy XwPIoUEVWY KATG OUAOES.

2¢ KABe aoBevr), ol 1aTPIKES TTAPATNPAOCEIS TTOIKIAOUV Kal £vag TUTTOG TTAPATAPNONG MTTOPET va
EXEI KATaypagei TTapatravw atrd pia @opd. 21ov TTapakdTw acBevh, £xel yivel yétpnon
aigoo@aipivng Touhdxiotov 20 QopéEg.
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pdaenua 9. [locooTd IATPIKWY TTAPATNPHOEWY EVOS TUXAiOU aTBevn.



MNa moAAoU¢ atrd Toug aoBeveig, uTTopouEe va @TiIdEoue dlaypdupaTa oav autd TTou
TTapouaciadovTal TTapakd@Tw, Ta oTroia dgixvouv TNV METABOAR TWV IATPIKWY TTAPATNPNOEWY O€
BaBog xpodvou.
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Ipdaenua 10. MsraBoAn Tiuwv Twv IaTPIKWY TTApatnpRoswy dU0 TuXaiwv agOsvwy avd ET0G.
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pdaenua 11. MeraBoAn TILWV TwV IATPIKWY TTApaTneRoewy 0U0 TUXAiwV aoOevwy avd ET06.



4.2 Classification

4.2.1 levikog Ttivakag amoteAECHATWY

AAy6pIBuog Explainer | Target column | Accuracy Precision Recall F1 roc_auc

score score

XGBoost SHAP gender 0.83 0.83 0.83 0.83 0.83
LIME

CatBoost SHAP gender 0.86 0.86 0.87 0.86 0.87
LIME

XGBoost SHAP Colonoscopy 0.77 0.78 0.78 0.77 0.78
LIME

CatBoost SHAP Colonoscopy 0.77 0.79 0.78 0.77 0.78
LIME

XGBoost SHAP Td vaccine 0.86 0.86 0.83 0.84 0.83
LIME

CatBoost SHAP Td vaccine 0.83 0.84 0.77 0.79 0.77
LIME

4.2.2 Classification wg¢ tpog to puAo (gender)

210 0.83 ATav 10 TTOCOCTO £TITUXIAG Yia Tov XGBoost, eAagpws uwnAétepa oto 0.86 yia Tov
CatBoost, 0 o110i0g yia TTIAEYHEVO XAPOKTNPIOTIKG TO QUAO, TTETUXE TO HEYAAUTEPO OKOpP OE
oxéon Pe Ta GAAa dUO XapakTnPIOTIKA. H emmIAeypévn KAGon TTaipvel dUo TIPEG, O yia To avopIko

(PUAO Kal 1 yIa TO YUVAIKEIO.

XGBoost
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Td (adult) preservative free

Respiratory therapy

+2.85
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mean(|SHAP value|)

3.0

Ipaenua 12. BarPlot rou XGBoost (feature selected: gender)




Katd péoo 6po 10 Uyog Kai 7o Bépog Kal To VYo Twv acBevwy emdpd éviova aTto PovTéAo. MNa
£évav OUYKeKPIYEVO aoBevr, dnNAadn dia cuykekpigévn TTPORAEW, TO BAPOGS £XEI ONUAVTIKA
apVNTIKO QVTIKTUTTO, VW BETIKG avTikTuTro £x€l TO UWog. H nAikia Tou acBevh £xel eEAa@pwg
apvNTIKO QVTIKTUTTO.
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Ipaepnua 13. WaterfallPlot kai BeeswarmPlot tou XGBoost (feature selected: gender)

SHAP Dependence Plot for age (XGBoost) SHAP Dependence Plot for Body Height (XGBoost)
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Ipapnua 14. SHAP DependencePlot rou XGBoost yia tnv nAikia kai 1o Bapocg (feature selected: gender)

210 dependence plots, Taparnpoupe 611 o1 NAIKieg 60-70 eTwv €MOPOUV BETIKA OTO MOVTEND, EVW
veapoi Kai nAIKiwuévol emdpouv apvnTikd. ETriong dtoua pe 0wog 150-170 ekatootd emdpouv
TTOAU B€TIKA, 0€ avTiBeon Pe dTopa PeyaAlTepoU avaoThpaTtog. AvdAloyn gival n emidpacn Kai
oT0 Bdpog, 61ToU AUTO BOO0 augdveTal, TOOO XEIPOTEPN gival n eidpacn aTo povTéAo. Ta
uynAdTepa eTTiTreda aoBeoTiou €TTioNG PEILWVOUV TNV atrédoaon TnG TTPORAewnG. Ta droua TTou
oev uttoBARBnKav oe kohovookatnaon (0) £xouv oTaBepd apvnTikEG TINEG SHAP, evw Ta dToua
TToU UTTORARBNKAV (1) £xouv BeTIKEG TINEG SHAP. AuTo deixvel 6T N KOAOVOOKOTTNON AugAvel TRV
mOavoTNTa BETIKAG £KBaonG oTo HovTENO. To idI0 10X UEl Kal yIa aoBeVEIG TTOU PTTAKAV EKTAKTWG
OTO VOOOKOEIO.



SHAP Dependence Plot for Body Mass Index (XGBoost) SHAP Dependence Plot for Body Weight (XGBoost)
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Ipapnua 15. SHAP DependencePlot rou XGBoost yia tnv nAikia kai 1o Bapocg (feature selected: gender)

Etriong cuptrepaivoupe OTi: xapnAd eTTitreda YAUKOLNG €TIOpoUV KUupiwg BETIKA OTO HOVTEAO,
UWNAG eTTiTTeda «KAANG» XOANOTEPOANG £XOUV APVNTIKA ETTIOPACH, EVW OTAV «KAKI»
XOAnoTepivn 10XUEl TO avtiBeTo. H ouvoAiki xoAnoTepivn emdOpd KUpiwg BETIKA e e€aipeon TIG
TINEG 170 €wg 190. TpiyAukepidia yupw oTo 100 €xouv TTOAU BETIKR €TTIppor} 0To povTéAo, oo
au&dvovTal Ta TTITEda oupiag YEILVETAI N aTTOdOCN Tou, UTTapEn 10yEVOUG IYUOPITIOOG ETTIPEPEI
BeTIKG atToTeEAéToaTa, OTTWG KAl N Jn UTTapén oggiag 1oyevoug gapuyyiTidag.
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Ipaenua 16. SHAP DependencePlot rou XGBoost yia diadpopa xapaktnpiaTikd (feature selected: gender)



SHAP Dependence Plot for Td (adult) preservative free (XGBoost)
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Fpapnua 17. SHAP DependencePlot rou XGBoost yia diGpopa xapaktnpioTtika (feature selected: gender)

Local explanation for class Female

Body Weight > 106.74 -
Body Height <= 161.82
58.00 < age <= 66.00 -
0.00 < emergency <= 1. 00 g
0.00 < Colonoscopy <=

8.99 < Calciurn <= 9. 39 1
68.00 < High Density Lipoprotein Cholesterol <= 75.00
Urea Nitrogen <= 10.00 -
171.00 < Total Cholesterol <= 183.00 1
Glucose <= 74.00 1
4.06 < Potassium <= 44 b
Acute viral pharyngitis (dlsorder) <=
hloride > 109. 0
6.10 < Hemoglobin Alc/Hemoglobin. total in Blood <= 6.30
Sodium > 142.00
Viral sinusitis (disorder) <= 0.00
ody Mass Index > 37.86
0.00 < Td (adult) preservative free <= 1.00 1
Triglycerides <= 112.00
Carbon Dioxide <= 22. U(l b

0.00 < Hypertension <= 1.
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Fpapnua 18. LIME plot yia tnv 6<Tikh ka1 apvnTIKA £Ti0pacn KOs xapaktnploTikou (feature selected: gender)



CatBoost

Body Height +3.31
Body Weight

age

Calcium

High Density Lipoprotein Cholesterol
Urea Nitrogen

Hemoglobin Alc/Hemoglobin.total in Blood
Colonoscopy

emergency

Body Mass Index

Total Cholesterol

Triglycerides

Carbon Dioxide

Low Density Lipoprotein Cholesterol
Potassium

Hypertension

sodium

Glucose

Chloride

Acute viral pharyngitis (disorder)
Respiratory therapy

Viral sinusitis (disorder)

Td (adult) preservative free

0:0 0.5 10 15 2.0 25 3.0 35
mean(|SHAP value|)

Ipapnua 19. SHAP BarPlot rou CatBoost (feature selected: gender)
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Ipaenua 20. WaterfallPlot kai BeeswarmPlot tou XGBoost (feature selected: gender)

Kai otov CatBoost, peyaAutepn emmidpacn atnv TeAIKA TTPOBAEWN TOu PovTEAOU €xouv TO UWOG
Kal T0 Bapog Twv aoBevwy, e To BAPOG va eTIOPA apvnTIKA O JEPOVWUEVN TTPOBAEWYN Kal TO
Uyog BeTIKA Kupiwg oTa dTtopa e avaoTnua 150 €wg 170 ekatooTd. XapnAég TiuEG Bapoug,
aoBeoTiou kal d1o0&g1diou Tou AvBpaka €xouv BETIKN €TTIPPON), KOBWG Kal Ol JEOEG TINEG OEIKTN
Madag cwpaTog. OeTIkG emdpPa OTTWG Kal oTov XGBoost, n uttooAfl oe KOAOVOOKATINON, N
€KTOKTN €100YWYr OTO VOOOKOWEIO, T TTOAU XOUNAQ eTTITTEDA YAUKOLNG, O TIMEG «KAKNGY»



X0ANoTEPOANG o1o 80-120, KaBWG Kal Ta XauNAG eTTITTESQ G€ VITPOYEQVIKH OUpia Kal

TPYAUKEPIDIAL.

SHAP Dependence Plot for age (CatBoost)

SHAP Dependence Plot for Body Height (CatBoost)
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Ipaenua 21. SHAP DependencePlots tou CatBoost yia didpopa xapaktnpioTikd (feature selected: gender)
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SHAP Dependence Plot for High Density Lipoprotein Cholesterol (CatBoost)

SHAP value for
High Density Lipoprotein Cholesterol

0.8

0.6

0.4

0.2

0.0

-0.2

-0.4

. .
. 't T X
. . s
- . .'I
co
* [
.
M 3 4 50 6 0 80

High Density Lipoprotein Cholesterol

- 90

- 80

- 60

- 50

SHAP value for
Carbon Dioxide

SHAP value for
Colonoscopy

SHAP value for
Glucose

SHAP value for
Hypertension

0.6

04

o
N

o
o

-0.2

-04

04

03

0.2

01

-03

-04

02

0.0

-04

-0.6

02

01

0.0

-01

-0.2

-03

-04

SHAP Dependence Plot for Carbon Dioxide (CatBoost)
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SHAP Dependence Plot for Low Density Lipoprotein Cholesterol (CatBoost)
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Ipaenua 22. SHAP DependencePlots tou CatBoost yia didpopa xapaktnpioTikd (feature selected: gender)
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SHAP Dependence Plot for Td (adult) preservative free (CatBoost) SHAP Dependence Plot for Total Cholesterol (CatBoost)
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Fpapnua 23. SHAP DependencePlots rou CatBoost yia didpopa xapaktnpioTika (feature selected: gender)

Local explanation for class Female

Body Weight > 106.74 ——

Body Height <= 161.82 1

58.00 < age <= 66.00 |

Urea Nitrogen -

Carbon Dioxide < |

171.00 < Total Cholesterol <= 183 00 u

0.00 < emergency <= 1.00 L]

0.00 < Colonescopy <= 1.00 ]

6.10 < | globin Alc/t total in Blood <= 6.30 |

8.99 < Calcium <= 9.39 ]

Acute viral pharyngitis (disorder) <= 0.00 ]

Body Mass Index > 37.86 []

Sodium > 142.00 1

68.00 < High Density Lipoprotein Chclestewl <= 75.00 1

Glucose <= 74.00 1
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Fpapnua 24. LIME plot yia tnv 6¢TiKh kai apvnTIK: £Ti0pacn KOs xapaktnploTikou (feature selected: gender)



4.2.3 Classification wgmpog tnv KAdon colonoscopy

Mapduolo ATav To TTOCOOTO ETTITUXIAG YIa TOUG dUO aAyopiBuoug. H emAeypévn KAGON TTaipvel
oUo TIuEG, 0 yia Ta dTopa TTou Oev £Xouv UTTORANBEI o€ KOAOVOOKOTINGN Kal 1 yia Ta dToua TTou

£xouv uttoBAnGei.
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pdaenua 25.
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paenua 26. SHAP BeeswarmPlot kar WaterfallPlot rou XGBoost (feature selected: colonoscopy)

High

Feature value

10 15 2.0
mean(|SHAP value])

16.202 = Body Mass Index
0547 = Body Height

Chlaride

Calcium

Triglycerides

1 - Carbon Dioxide

Urea Nitrogen

14 - Sodium

19 - age

Low Density Lipoprotein Cholesterol
1,067 = Potassium

High Density Lipoprotein Cholesterol
resource.gender

Glucose

1 = Td {adult) preservative free
Hemaglobin Alc/Hemoglobin.total in Blood
emergency

Acute viral pharyngitis (disarder)

1~ Viral sinusitis (disorder]

19.091 ~ Body Weight

Hypertension

Total Cholesterol

~ Respiratory therapy

fix)

SHAP BarPlot tou XGBoost (feature selected: colonoscopy)




H nAikia £xel onuavTiKA €TTIOPOOTN OTO JOVTEAO KUPIWG apvNTIKI, AV KAl VIO OUYKEKPIMEVN
TTPORAEWnN 1Ic00ppoTTEiTal. ApVNTIKN £TTIOPACN YIO HEPOVWHEVN TTPORAEWN £xouv Kal £dw TO BApPOg
Kal To UYog.

To povTéAo eTTnpeddeTal apvnTiIKa atmo TIG NAIkieg 40-60 kai BeTiké aTTd TIG NAIKieg 60-80, BeTIKA
atTd ATopa pE uwnAd avaoTnua Kal BAPOG, EVw Ol HEOEG TINEG aoBeaTiou Kal dlogeidiou TTIdpOUV
apvNTIKA. OETIKA £TTIOPAOT £XOUV: TA XAMNAA £TTITTEDA XAWPIBIOU, OI UYPNAEG TIMEG «KOAARGY
XOANOTEPOANG Kal Ol XAUNAEG TINEG «KAKAG» XOANOTEPOANG, TO YUVAIKEIO QUAO, OI EUBOAIOCUEVOI

pe To Td vax, Ta droua pe XaunAr oupia kai Ta dtopa pe oggia 1oyevh @apuyyimida.

SHAP Dependence Plot for age (XGBoost)
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Fpapnua 27. SHAP DependencePlots tou XGBoost yia didpopa xapakTnpioTika (feature selected: colonoscopy)
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Ipaenua 28. SHAP DependencePlots tou XGBoost yia didpopa xapaktnpioTika (feature selected: colonoscopy)
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SHAP Dependence Plot for Potassium (XGBoost) SHAP Dependence Plot for resource.gender (XGBoost)
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Ipaenua 29. SHAP DependencePlots tou XGBoost yia didpopa xapaktnpiaTika (feature selected: colonoscopy)



SHAP Dependence Plot for Triglycerides (XGBoost) SHAP Dependence Plot for Urea Nitrogen (XGBoost)

1.00 4 . .
90 0.6 . 90
0.75 . .
. | . H
. 041 4 . !
0504 " . - 80 Lo e, - 80
= .. . . s & 8 | .
5 g RS i- 8 @ 0.2 PRI s H
- L
£2 027 Ay, v e, - vg A .
=X X B 708 T2 00 L . ERPE 70
. A
%—; 0.00 !'"3,,- . © - A LR ©
=) * .
IE 23 5 -0.2 ‘ “ e e e
0251 S - 60 = .« v 80
[ -0.41 ] « °
~0.504 . .
. - 50 -0.61 . - 50
-0.754 * -
100 200 300 400 500 8 10 12 14 16 18 20
Triglycerides Urea Nitrogen
SHAP Dependence Plot for Viral sinusitis (disorder) (XGBoost) SHAP Dependence Plot for Acute viral pharyngitis (disorder) (XGBoost)
. .
01009 L 00 : 90
] =
0.0757 § & 021 .
e
3 i g i
$ 0.0501 - 80 3 : 80
[ [
L8] H Ln
v 0.025 w2 014 .
27 ] ne = g 70 2
©.2 - © S . -
> 0.000 H g >2 H 1 g
5 i H o 2 . 3
<z . [ <5 * .
56 -0.025] § < 00 I
© : i - 60 = - 60
= H ! - .
> -0.0509 9
i | 5
O 0.1 ]
~0.075 1 I =0 < L - 50
0.0 02 04 06 08 10 0.0 02 04 06 08 10
Viral sinusitis (disorder) Acute viral pharyngitis (disorder)

Ipaenua 30. SHAP DependencePlots tou XGBoost yia didpopa xapaktnpioTikd (feature selected: colonoscopy)

Local explanation for class Colonoscopy

58.00 < age <= 66.00 1

8.99 < Calcium <= 9.39

Body Weight > 106.74

Body Height <= 161.82 -

4.06 < Potassium <= 4.44

Sodium > 142.00 -

171.00 < Total Cholesterol <= 183.00
resource.gender <= 0.00

Body Mass Index = 37.86 -

0.00 < Td (adult) preservative free <= 1.00

76.75 < Low Density Lipoprotein Cholesteral <= 88.00
6.10 < Hemoglobin Alc/Hemoglobin.total in Blood <= 6.30
Urea Nitrogen <= 10.00

Acute viral pharyngitis (disorder) <= 0.00

Carbon Dioxide <= 22.00

Chloride > 109.00

68.00 < High Density Lipoprotein Cholesterol <= 75.00
Glucose <= 74.00

0.00 < Respiratory therapy <= 1.00 -

0.00 < Hypertension <= 1.00 |

0.00 < emergency <= 1.00

Triglycerides <= 112.00 -

Viral sinusitis (disorder) <= 0.00

T
—-0.10 -0.05 0.00 0.05 0.10 0.15 0.20 0.25 0.30

Ipaenua 31. LIME plot yia tnv 8€Tikn Kai apvnTikn €midpacn kGOs xapaktnpioTikouU (feature selected: colonoscopy)
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Ipapnua 32. SHAP BarPlot tou CatBoost (feature selected: colonoscopy)
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Ipaenua 33. SHAP BeeswarmPlot kai WaterfallPlot tou CatBoost (feature selected: colonoscopy)

Kai otov CatBoost n nAikia éxel onuavTikni eTTidpacn aAAd edw BETIKA, evw Ta UTTOAOITTO
XOPOAKTNPIOTIKA £X0UV XAUNAr] GUVOAIKK £TTiOpacn. OeTIKO AVTIKTUTIO OTO HOVTEAO £X0Uv, Ol
nAIkieg 60 £€wg 90, Ta dtopa pe UWog 1.75 éwg 1.95, Ta droua pe deikTn padog cwpatog 35 wg

40, Ta aTopa Pe Bapog dvw Twv 90, aAAd Kail o1 XaunAég TIUEG aocBeoTiou.
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paenua 34. SHAP DependencePlots tou CatBoost yia didpopa xapakrnpioTika (feature selected: colonoscopy)

SHAP Dependence Plot for age (CatBoost)

SHAP Dependence Plot for Body Height (CatBoost)
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SHAP Dependence Plot for Glucose (CatBoost) SHAP Dependence Plot for High Density Lipoprotein Cholesterol (CatBoost)
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paenua 35. SHAP DependencePlots tou CatBoost yia didpopa xapakinpioTika (feature selected: colonoscopy)



SHAP Dependence Plot for Td (adult) preservative free (CatBoost)

02 . . . e
. 90 . . 90
019 % . .
[ : X . .
£ ; b . .
o 0011 -80 . . -80
L3 N LB
2% ' ¢ Lo .
v 019, vy 00
Sa H 29
s 8 l0Y S5 L70 ©
>0 H 2 >c . 2
a5 02 a0
<~ <3
S ! 5802 :
5 -037 " 60 = . : 60
) ' .
e .
= -0.4
5 -0.4 [ =
057 » .
0.0 02 04 056 038 10 60 180 200 220 240 260
Td (adult) preservative free Total Cholesterol
SHAP Dependence Plot for Triglycerides (CatBoost) SHAP Dependence Plot for Urea Nitrogen (CatBoost)
. 041 , .
08 . -90 -90
. . . .
. [ .
0.6 02{ ¢ 3 ° Ve ..
' . . | 80 L e T, H | 50
N N N M I B :
. HE H
o9 SE o0f " .+ - t . . H
VDT : v ® ! . ] . .
2% ne 25 A L 700
[} B mo.= . B
> 5 822 000 ! Ta . g
o oo 0 .ot
o & . . e . .
TE 5 .o
0 60 n LI - 60
-0.4 .
H
061 o L 50 -0.6 . 50
100 200 300 400 500 8 1 1 1 1} 18 2
Triglycerides Urea Nitrogen
SHAP Dependence Plot for Viral sinusitis (disorder) (CatBoost) SHAP Dependence Plot for Acute viral pharyngitis (disorder) (CatBoost)
0.201
| - 90 04 . - 90
0.15 f < '
[ 5 03 :
T 0109 o M
@ 80 0 H H 80
LB H L8 029, :
g oo : & :
5% 0.00 1 : . v EE’ 017 ‘ v
ge ¢ PoMe Ts ' 70 g,
o : i "oLg I ' °
< 2 005 H %< 00 4
& H &5 '
n?’ ' 50 o I 60
B 0107 * I S -011 § 0
> H g ! .
~0.154 5
] O -0211
. L 50 < i N L 50
-0.20 , .
T T T T T T 703 T T T T T T
0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 1.0

Viral sinusitis (disorder)

SHAP Dependence Plot for Total Cholesterol (CatBoost)

Acute viral pharyngitis (disorder)

Ipapnua 36. SHAP DependencePlots rou CatBoost yia didpopa xapaktnpioTika (feature selected: colonoscopy)

To yuvaikeio QUAO, o1 UPNAEG TINEG «KAANG» XOANOTEPOANG KAl TO ATOMA UE I0YEVE IYHOPITIOO
gixav BETIKA €TTIPPON GTO JOVTEAO.



Local explanation for class Colonoscopy

58.00 < age <= 66.00

Body Height <= 161.82

Body Weight > 106.74

Chloride > 109.00

0.00 < Td (adult) preservative free <= 1.00
resource.gender <= 0.00

6.10 < Hemoglobin Alc/Hemoglobin.total in Blood <= 6.30
0.00 < Hypertension <= 1.00

Glucose <= 74.00

76.75 < Low Density Lipoprotein Cholesterol <= 88.00
8.99 < Calcium <= 9.39

Body Mass Index > 37.86

Acute viral pharyngitis (disorder) <= 0.00
Sodium > 142.00

171.00 < Total Cholesterol <= 183.00
Triglycerides <= 112.00

Urea Nitrogen <= 10.00

Carbon Dioxide <= 22.00

4.06 < Potassium <= 4.44

68.00 < High Density Lipoprotein Cholesterol <= 75.00
Viral sinusitis (disorder) <= 0.00

0.00 < emergency <= 1.00

0.00 < Respiratory therapy <= 1.00

-0.05 0.00 0.05 0.10 015 0.20 0.25 0.30

Fpapnua 37. LIME plot yia tnv 6<TIKN ka1 apvnTIKY ETI0PAan KABs xapaktnpioTikou (feature selected: colonoscopy)

4.2.4 Classification wgmpog tnv kKAdon Td vax (EpuBOALo yla teTavo Kat
OlpOepitida)

MeyaAUTepo fiTav 1o TTooooTo eTmiITUXiag yia Tov XGBoost atré tov CatBoost, o otroiog yia
ETMAEYUEVO XAPAKTNPIOTIKO TOV EUROAIOCUO Ye TO Td vax, TTETUXE Ta JEYAAUTEPO OKOP OE OXEON
ME Ta GAAa BUO XapakTnploTIKA. H emAeyuévn KAGon tTaipvel dUo TiIPEG, 0 yia Toug
avepBoAiacTouc kai 1 yia Toug euBoAlacuolg.

XGBoost

MeyaAuTepn eTTidpacn aAAd TauTtdxpova apvnTIKA, €XEl N NAIKIA, JE Ta UTTOAOITTO XOPOKTNPIOTIKG
vVa £XOUV MIKPOTEPN ETTIOPAOT.
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Ipapnua 38. SHAP BarPlot tou XGBoost (feature selected: Td vax)
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Ipapnua 39. SHAP BeeswarmPlot ka1 WaterfallPlot tou XGBoost (feature selected: Td vax)

O¢€TIKA €TTIPPON £XOUV O UYPNASTEPEG TINEG BIOEEIDIOU TOU AvBPaKa, N EKTEAEOT KOAOVOOKOTINONG,
Ta EKTOKTA TTEPIOTATIKA, TO UWPNASG KAAIO, TO YUVAIKEIO QUAO Kal Ta XaunAd emitreda vaTpiou.

SHAP Dependence Plot for age (XGBoost)

SHAP Dependence Plot for Body Height (XGBoost)
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Fpapnua 40. SHAP DependencePlots tou XGBoost yia didgopa xapakinpioTika (feature selected: Td vax)



SHAP Dependence Plot for Calcium (XGBoost) SHAP Dependence Plot for Carbon Dioxide (XGBoost)
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Ipaenua 41. SHAP DependencePlots tou XGBoost yia didpopa xapaktnpioTikd (feature selected: Td vax)



SHAPol:zependence Plot for Low Density Lipoprotein Cholesterol (XGBoost) SHAP Dependence Plot for Potassium (XGBoost)
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SHAP Dependence Plot for resource.gender (XGBoost) SHAP Dependence Plot for Respiratory therapy (XGBoost)
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Ipaenua 42. SHAP DependencePlots tou XGBoost yia didpopa xapaktnpioTikd (feature selected: Td vax)



SHAP Dependence Plot for Acute viral pharyngitis (disorder) (XGBoost) SHAP Dependence Plot for Viral sinusitis (disorder) (XGBoost)
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Ipaepnua 43. SHAP DependencePlots tou XGBoost yia didpopa xapaktnpioTikd (feature selected: Td vax)

Local explanation for class Td vax

58.00 < age <= 66.00 | |
Sodium > 142.00 1 N
68.00 < High Density Lipoprotein Cholesterol <= 75.00 | NN
Body Weight = 106.74 |
Glucose <= 74.00 |
0.00 < emergency <= 1.00 | |

0.00 < Respiratory therapy <= 1.00 .
Urea Nitrogen <= 10.00 ||
Triglycerides <= 112.00 ||
6.10 < Hemoglobin Alc/Hemoglobin.total in Blood <= 6.30 - ||
resource.gender <= 0.00 |
76.75 < Low Density Lipoprotein Cholesterol <= 88.00
8.99 < Calcium <= 9.39 - |
0.00 < Colonoscopy <= 1.00
4.06 < Potassium <= 4.44 |
Carbon Dioxide <= 22.00
Body Mass Index > 37.86
Viral sinusitis (disorder) <= 0.00
Acute viral pharyngitis (disorder) <= 0.00
0.00 < Hypertension <= 1.00
171.00 < Total Cholesterol <= 183.00
Body Height <= 161.82 A
Chloride > 109.00

T T T T T T T T
—0.025 0.000 0.025 0.050 0.075 0.100 0.125 0.150

Ipaenua 44. LIME plot yia tnv B€TIkn Kai apvnTiKn €idpacn kGO xapaktnpiotikou (feature selected: Td vax)



Catboost

Kai otov CatBoost n nAikia éxel Tnv peyaAUuTepn aAAG TQUTOXPOVA Kal TTIO APVNTIKA €TTIdOpAC
o010 YovTéAO. To POVTEAO €ixe BETIKA €TTiIOpacN yia ATONA YE HETAIO avACTNUA Kal yia ATOUA PE
MEYAAO BApog, yia uPnAég TINEG aoBeaTiou Kail dloggidiou.
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Ipaepnua 45. SHAP BarPlot rou CatBoost (feature selected: Td vax)
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pdaenua 46. SHAP BeeswarmPlot kar WaterfallPlot tou CatBoost (feature selected: Td vax)



SHAP Dependence Plot for age (CatBoost) SHAP Dependence Plot for Body Height (CatBoost)
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Fpapnua 47. SHAP DependencePlots tou XGBoost yia didgopa xapakinpioTika (feature selected: Td vax)
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Ipaenua 48. SHAP DependencePlots tou XGBoost yia didpopa xapaktnpioTikd (feature selected
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SHAP Dependence Plot for Sodium (CatBoost)

Viral sinusitis (disorder)

SHAP Dependence Plot for Total Cholesterol (CatBoost)
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Fpapnua 49. SHAP DependencePlots tou XGBoost yia didgopa xapakinpiaTika (feature selected: Td vax)

O¢€TIKA €TTIOPACN OTO YOVTEAO €iXav €TTIONG TA ATOUA HE EKTOKTN E10AYWYIH OTO VOOOKOWEIO, Ol
UWNAEG TINEG «KOANG» XOANOTEPOANG Kal O OXETIKA UWPNAEG TINEG KaAiou. Ta dToua pe uwnAég
TINEG VOTPIOU KAl QVATTVEUCTIKY Bepatreia eTTNPEAcaV TO TEAIKO OTTOTEAEOUA ApVNTIKA.



Local explanation for class Td vax

58.00 < age <= 66.00
Body Height <= 161.82
Sodium > 142.00
8.99 < Calcium <= 9.39 -
Urea Nitrogen <= 10.00 1
0.00 < Hypertension <= 1.00 .
0.00 < emergency <= 1.00 .
]
|
||

Carbon Dioxide <= 22.00
Body Weight > 106.74
76.75 < Low Density Lipoprotein Cholesterol <= 88.00
Acute viral pharyngitis (disorder) <= 0.00
Glucose <= 74.00 |
0.00 < Colonoscopy <= 1.00 ||
|
1

4.06 < Potassium <= 4.44 4

Triglycerides <= 112.00

0.00 < Respiratory therapy <= 1.00 7

Viral sinusitis (disorder) <= 0.00 1

Body Mass Index > 37.86

resource.gender <= 0.00

6.10 < Hemoglobin Alc/Hemeoglobin.total in Blood <= 6.30 7
68.00 < High Density Lipoprotein Cholesterol <= 75.00 - |
171.00 < Total Cholesterol <= 183.00

Chloride > 109.00

T T T T T T
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T
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Ipaenua 50. LIME plot yia tnv B€Tikn Kai apvnTiKn €midpacn kGO xapaktnpioTikou (feature selected: Td vax)

4.3 Movtelo dlayvwonc Mpodapritn/AwaBntn

>1oug HOY TOU dataset TTou XpNOIMOTTOIOUUE, UTTAPXE £VAG IKAVOTTOINTIKOG aplOudg diayvwoewy
yla atopa 1rou éxouv MpodiaBATn Kai AiaBATn. Méow TWV IATPIKWY TTAPATNPRCEWY TTOU £XOUV
yivel o€ autd Ta dtopa, dnuioupynoape éva povrédo didyvwaong MpodiaBATn/AiapnTn, TO 0TT0I0
MAAIOTO TO EVOWHATWOOUE O€ Pia web epappoyn (streamlit), 6TTou 0 XpNoTng €10Ayel OpIoPéva
OTOIXEIO Kal N Epapuoyn Tou atravTdel av £xel TTpodiaBiTn A dlafATN.

Me autév Tov TpdTTO deixvouue 6T ol HOY ptropolv va xpnaoiyotroinBolv Kal GToV TOHED TWV
OuoTNUATWY UTTOOTAPIENG aTTopdocwy (DSS).

4.3.1 XGBoost

Accuracy: ©.9103448275862069
Precision: ©.8491162790697674
Recall: ©.7695852534562212

F1 Score: ©.7986326247195812
roc_auc score: ©.7695852534562212

Fpapnua 51. AmoreAéouara tou XGBoost yia 1o povréAo didyvwaong lMpodiaBntn/AiaBnn

210V XGBoost, mepioadTepo BeTIKG (AANG e piKpr Slagopd), ETTNPEACE TO XAPAKTNPIOTIKO «Low
Density Lipoprotein Cholesterol». Emiong, dropa peyaAltepng nAKiag Kai ue xapnAd mitTeda
YAUKOCNG eTTnpedlouv apvnTIKA TO JOVTENO, OTTWG Kal Ta NAIKIWKEVA ATOUA aPOEVIKOU YEVOUG.



Low Density Lipoprotein Cholesterol +1.45
Triglycerides
Body Weight
High Density Lipoprotein Cholesterol
age
Glucose
gender
O.IG O.IZ 0!4 0.‘6 0.|8 1.|0 1.|2 1!4
mean(|SHAP value|)
Ipaenua 52. SHAP BarPlot yia Ta xapakTnpioTiKa Tou joviéAou pe XGBoost
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Ipaenua 53. SHAP Beeswarm yia 1a xapakTnpIoTIKA Tou uovréAou ue XGBoost
fix) =—3.431
103.346 = Body Weight +1.4
76 = Low Density Lipoprotein Cholesterol
100 = Triglycerides
0 = gender
84 = Glucose . +0.13
72 = age -0.11 .
80 = High Density Lipoprotein Cholesterol . +0.08
50 -48 -46 -44 -42 -40 -38 -36 -34
E[fX)] =-4.56

Ipaenua 54. SHAP WaterfallPlot yia ta xapaktnpioTikG Tou povréAou ue XGBoost
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Ipdaenua 55. SHAP ScatterPlots yia tnv nAikia ue XGBoost

4.3.2 CatBoost

- 90
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- 40

age

Accuracy: ©.896551724137931
Precision: ©.80499@3100775193
Recall: ©.7417434715821813
9.7676538285225938
9.7417434715821812

F1l Score:
roc_auc score:

Fpapnua 56. AmoreAéopara tou CatBoost yia 1o povréAo diayvwaong lMpodiaBrtn/AiaBnin
Ta TTooooTd emmiTuxiog yia Tov CatBoost Atav xaunAdTepa, evw dev diEpepav onuavTika Ta

QTTOTEAECHUATA YIA TO TTOIO XAPOKTNPIOTIKO £TTNPEACEI TTEPICOOTEPO TO LOVTEAO.

Triglycerides +0.57

Total Cholesterol

Low Density Lipoprotein Cholesterol
High Density Lipoprotein Cholesterol
gender

Body Weight
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age +0.14

0.2 0.6
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mean(|SHAP value|)
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paenua 57. SHAP BarPlot yia Ta xapaktnpioTIKA Tou uovréAou pe CatBoost
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Ipaepnua 58. SHAP Beeswarm yia 1a xapakTnpIOTIKA Tou UovTéAou e CatBoost

103.346 = Body Weight

76 = Low Density Lipoprotein Cholesterol
100 = Triglycerides

0 = gender

84 = Glucose

73 = age

80 = High Density Lipoprotein Cholesterol

Ipaenua 59. SHAP WaterfallPlot yia ta xapaktnpioTiké tou povréAou ue CatBoost
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Ipaenua 60. SHAP ScatterPlots yia Tnv nAikia kai 1o @UAo pe CatBoost
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4.3.3 Edappoyn diayvwoncg MpodaBitn/AwaBntn

O xpAoTNG cl0dyel TNV epapuoyn Ta £¢Rg oToixeia: HAIKia, @uAo, Bdpog, MAUKOLZN, «KaAn»
XOANOTEPIVN, «KAKA» XOANOTEPIVN Kal TPIYAUKEPIDIQ.

2Tn ouvéxela, divel TNV EVTOAN] OTO MOVTEAO va KAvel TNV TTPOPAEWN Kal TTaipvel aTrdvTnaon ite yia
o1dyvwaon mpodiaBATn (o€ TTPACIVO XpWHA), €iTe yia didyvwaon SIafATN (KOKKIVO Xpwua).

Diabetes/Prediabetes Diagnosis

Enter the following attributes:

100,00 -+
High Density Lipop) holesterol (mg/dl
0,00 -+

Low Density Lipopratein Chalesterol (mg/dI)
150,00 = &
Triglycerides (mg/d}

20,00 -+

Predict

The person with the given details has Prediabetes.

Ipdaenua 61. lNa ra cuykekpiuéva aroixeia e10060uU n epapuoyn TEOLAEMTEl 611 To ATouo éxel TPodIaBATN.

Diabetes/Prediabetes Diagnosis

Enter the following attributes:
Age

70 - 4+
Female

Body vieight (ke)

90,00 - o+

Glucose (mg/dl

160,00 -

High Density Lipopratein Cholesterol (mg/dl)

90,00 [
ow Density Lipaprotein Cholesterol (mg/dl)

150,00 -
Triglycerid i

220,00 - 4
Predict

The person with the given details has Diabetes

Ipdenua 62. lNa ra ouyKekpiuéva aroixeia e106060uU n epapuoyn TEoLAETel 611 To dTouo éxer diaBAT.



5.2udAtnon
5.1 2xo0Ala

H xprion Twv XGBoost kai CatBoost e HPY &eixvel 18i1aitepa uTtooXOUEVN YIa TNV avATITUEN
MOVTEAWV TTPORAEWNS o€ dIAPOPOUG TOMEIG TNG UyEiag. AuToi oI aAyopIBuol £xouv Tn duvaTtdTnTa
va dIaxeIpIoTouv dedouéva aTro DIAPOPETIKESG TTNYES KAl e DIAPOPES HOPPEG,
OupTTEPIANOUBAVOUEVWY OEDOUEVWV KATNYOPIWY, XPOVIKWY CEIPWYV Kal CUVEXWYV dedoUEVWY, Ta
otroia ouxva trepiéxovtal oe HOY. EmTALov, n evoOowPATWoN TEXVIKWY OTTWG N autOuaTn
katnyoplotoinon oto CatBoost kal n duvatétnta emegepyaaiag eEANTTWV dedopévwy GTO
XGBoost kaB10Td autoUug Toug aAyopiBuouUg eCaIPETIKA EUEAIKTOUG KO OTTOTEAECUATIKOUG.

‘Eva onuavTiké TTAcovékTnua Tou XGBoost gival n Taxitnta eKTEAEONGS KAl N ATTOBOTIKOTNTA OTN
MVAUN, KATI TTOU ToV KaBIoTA KAaTAAANAO yia peydAa alvoAa dedopévwy. AT Tnv GAAN TTAeupd, o
CatBoost cival o katdAAnAo yia 0edouéva e KATNYOPIES, Ta OTToia gival ouvnBIGuéva OTOUG
HO®Y. H ammoteAecuaTikr diaxeipion katnyopiwyv atov CatBoost peiwvel Tnv avaykn yia
EKTETAPEVN TTPOETTEEEPYOTia TwV OEOOUEVWY, KATI TTOU £TTITAXUVEI TN diadikagia avaAuong.

O CatBoost tav éAa@pwg Mo ammoTeAEGUATIKOG atrd Tov XGBoost oTig KAGoE€Ig TToU
xpnoiyotroinoape. Mapakdrw, onUEIWVOVTAl Ol BIAPOPES HETAEU TwV aAyopiBuwyv avda KAGon
aAAG Kai o1 S10QOopES HETAEU TWV BV Twv KAGoEWV.

Atagpopéc aAyopiBuwy avd kAdon

KAdon gender (@uUAo)
XGBoost CatBoost
o  KaAUTepog yIa UPNAOTEPEG TINEG o  KaAuTepOG yIa NAIKIWPEVOUG
dlo¢g1diou Tou avBpaka o  KaAuTepog yia upnAdTepo AMZ
o To Bdpog Exel NiydTEPO APVNTIKNA e KaAUtepog yia TIuéG YAUKOLNG
emmidopaon e KaAUTEPOG yIa GTOPA XWPIC UTTEPTAON
o  KaAuTepog yia TIUEG KaAiou
o To Uwog cixe BeTIKOTEPN £TTIOPACN
KAdon colonoscopy (KkoAovookdTtrnon)
XGBoost CatBoost
o  KaAuTepog yia xaunhé AMZ o  KaAuTepog yia Héoeg TINEG aoBeaTiou
o To Bdpog éxel AiydTEPO OpVNTIKA o  KaAUTEPOG YIO HEOEG TIMEG KKAKIMG»
eTTidpacn XOANOTEPOANG
o  KaoAUTEPOG IO XOUNAEG TIUEG
OUVOAIKAG XOANOTEPOANG
e 1 nAKKia £xel BETIKOTEPO AVTIKTUTIO
KAdon Td vax (EuBoAio yia TéTavo kal dipBepiTida)
XGBoost CatBoost
o  KaAuTepog yia xaunAd etmitreda o  KaAuTepog yia yéoo avaoTnua
aoBeoTiou e  KaAUTEPOG yIa peyadAo Bapog
o  KaAUTepog yia PETPIES TINES BApoug o  KaAuTepog yia upnAd acBéaTio




ZUVOAIKA TTIO I00PPOTTNUEVOG

o  KaAUTepog yia uywnAr «KaAf»
XOANOTEPOAN

o  KaAUTepog yIa XaunAd emmiTreda KaKNG
XOANOTEPOANG

o  KaAuTepog yia dToua Xwpig
QAVOTTIVEUOTIKA Bepartreia

AlagopEc petaél Twv KAAoswv

KAdon colonoscopy (koAovookdTtrnon)

KAdon gender (QUAo)

T0 B&POG Kai TO UYog dev £XOUV TOCO
MEYAAO avTiKTUTTO

YwnAS avdoTtnua B€TIKO AVTIKTUTTIO
XapnAd Bapog BETIKO avTIKTUTTIO
KaAuTepo yia upnAég TIéEG aoBeaTiou
ATOUA XWPIG EKTAKTN ETTIOKEWN OTO
VOOOKOWEIO £TTIOPOUV BETIKA
KaAutepn etmidoon yia GToua TTou
é€xouv kavel 1o Td vax

KaAUTepo yia PETES TIMEG OUVOAIKIG
XOANOTEPOANG

o QTOMO XWPIG o&cia papuyyiTida
£MOPOUV BETIKOTEPQ

e  YWnAO avdoTtnua apvnTIKG AVTIKTUTTO

o  XaunAd BAPOG apvNnTIKO AVTIKTUTTO
ATOPO XWPIG EKTAKTN ETTIOKEWN OTO
VOOOKOWEIO ETTIOPOUV apvnTIKA

o  KaAUTepn eTTidpacn O€ TIMEG «KAKNG»
XOANOTEPOANG

o ApvnTiKA €TIdPACN UYPNAWV TINWVY
«KOANG» XoAnoTEPOANG

o  KaAUTepo yia xaunAd TpiyAukepidIa

KAdon Td vax (EuBOAIo yia TéTavo kai O1pBepiTida)

KAdon gender (QuUAo)

KaAuTepo yia dTropa peyaAuTepou
Bapoug

KaAuTepn etTidoon yia uynAdTepeg
TINEG BIogeIdiou

KaAUTEPO yIa UPNASTEPEG TIMEG KAANG
XOANOTEPOANG

KaAUTepo yia ATOa TTOU £XOUV
uttoBANBei avaTtrveuoTikn BeparTreia
KaAUTEPO yia XOUNASTEPES TINEG
vaTpiou

KaAUTEPO YIa uWnASTEPES TINEG oupiag

o eTNPEEAETal TTOAU TTIO APVNTIKA ATTO
10 Bdpog

o  KaAuTepo yia dtopa xwpic oeia
Qapuyyitida

e  KaAUTepo yia dtopa XaunAGTEPOU
oyoug

e KaAUTEPO yia ATOPA TTOU £XOUV
uTToBANOEi o€ KOAOVOOKOTINON

e KaAUTEPO yia ATOPO XWPIC UTTEPTACN

e  KaAUTEPO yIa ATopa HE IOYEVR
IlydopiTida

KA&on Td vax (EpBOAIo yia Tétavo kai d1pBepiTida)

KAdon colonoscopy (koAovookdTrnon)

KaAUTepo yia dropa pe UWog KATw atro
1.70

KaAUTepo yia dtopa pe XapunAd acBEaTio
KaAUTepo yia dtopa pe XapnAn Kakn
XOANOTEPOAN

KaAUTepo yia dropa Xwpig avatrveuoTIKN
BepaTreia

e  KaAuTepo yia nAikieg 60-80

o  KaAUTepo yia dTopa pe Uyog Tavw atrd
1.80

o  KaAUTepO yia aToua pe Agiktn Madag
>wpartog 35-40

o KoAUTeEPO yIa ATOPA XWPIG EKTAKTN
ETTIOKEWYN OTO VOOOKOEIO

e  KoAUTEPO yIa ATOPA XWPIG UTTEPTOON

o  KaAUTepO yia aagBeveig yuvaikeiou @UAOU




5.2 20ykplon pe AMouc Epeuvnteg

>& oUYKPION KUPIWG PE TA ETTIOTNUOVIKA ApBpa TTou avaAloape 0To 2° KEQAAQIO TNG Epyaciag,
ouvavTrioaue oiyoupa apkeTEG DIOPOPES. O1 AANEG EPEUVNTIKEG TTPOCEYYIOEIS XPNOIUOTIOIOUV
Kupiwg aAyopiBuoug 61mwg o Random Forest, Ta veupwvikd diktua kai o1 aAyopiBuor SVM
(Support Vector Machines). Z& oxéon ue Tov Random Forest, o XGBoost kal o CatBoost
Ocixvouv va TTpoc@EPouV KaAUTEPN attédoan, 1I0iwg oTav Ta dedouéva gival aviIoOKATavVEUNUEVA
| uttépxouv TToAAoi B6puBol oTa dedouéva, OTTWG cupPaivel cuvhABwg pe Ta dedopéva Twv HODY.

Ooov agopd Ta veupwvika dikTua, ol XGBoost kai CatBoost putmopolv va emrtuyxouv TTapouola n
Kal KaAUTEPa aTToTEAEOHATA G€ TTOAAG TTPOBAANOTA XWPIC TNV avAyKn YIa TTEPITTAOKEG
OPXITEKTOVIKEG DIKTUWYV KAl EKTETAMEVN eKTTAIdEUON. Ta veEupwVIKG dikTua TEiVouv va gival
ECAIPETIKA ATTOBOTIKA O€ CUYKEKPIPEVA TTPORAARUATA TTOU TTEPIAAUBAVOUV PN dounuéva
oedopéva, OTTWG EIKOVEG I Keipeva, aAAG atoug HDY trou repiAauBdvouy Kupiwg dounuéva
oedopéva, ol XGBoost kar CatBoost putopei va givai 1o emrtuxeic.

5.3 MNMapouaciaon Aduvapwv

Mapd 1a TToAAd TTAcoveKTApOTA TwY aAyopiBuwv XGBoost kai CatBoost, TTapouacialouv
oplouéveg aduvapies. ‘Eva atrd t1a onuavTtikoTepa uelovekTiuata Tou XGBoost ival n tédon tou
va TTpocapuoleral uttepRoAIKG oTa dedopéva ekTTaideuong, EI0IKA OTaV TO GUVOAO OEO0UEVWYV
gival MIKpS A 6Tav TTepiExel TTOAAEG e€aipéaelg | BopuBwdn dedouéva. Autd PTTopei va odnynael
o€ KaKA yevikeuon ota dedopéva SOKIUNG, KATI TTOU UTTOOEIKVUEI TNV AVAYKN YIA TTPOCEKTIKA
pPUBUION TWV UTTEPTTAPAHETPWV.

O CatBoost, av kai gival e€aIpeTIKOC yIa KATNyopIoTToinan, gival 1o apyog o€ aUyKpIoN ME
GANoug aAyopiBuoug, 1IdiaiTepa dTav To OUVOAO BedOUEVWY gival TTOAU PeYAAO A €xEl TTOAAEG
katnyopieg. Etriong, TapoAo TTou gival eCaipeTikG aTTOdOTIKOG 0 SESONEVA KATNYOPIWY, WUTTOPEI
va uoTepei o€ TTpoBARpaTa Tou Baciovtal o€ apIOUNTIKA XApaKTNPIOTIKA, OTTOU GAAOI
aAy6piBuol uTTopolv va attodwaoouy KaAUTEPQ.

Emmrpdobeta, Tpé€aue Toug alyopiBuoug ae £va TToAU pIkpO deiyua Twv HOY (uoAIG To 2.14%),
MIag Kal av peyaAwvapue 1o deiypa n diadikacia Ba yivévtav utrepBOoAIKA XpovoBopa Kal Xwpig va
gival BERaio 611 Ba BeATILWCEI TA ATTOTEAETUATA.

5.4 MNMpopAnpatiopol

H epapuoyn aAyopiBuwyv pnxavikng paddnong o HOY eyeipel aiyoupa TpoBAnuartiopous. ‘Evag
a1ré TOoUG BaCIKOTEPOUG TTPORANUATIONOUG aPOPAG TNV TToIOTNTA TWV dedopEVWY. O HOY cuyvd
TTEPIEXOUV EANITTH), E0@aAUEVA ) akATAAANAQ dedopéva, KATI TTOU UTTOPET va £XEI apvnTIKN
eTTidpaon oTnv amoédoon Kal TNV akpifeia Twv PovTEAwv. MNMapd 1o yeyovog 611 alyépiBuol 6TTwg
0 XGBoost kai o CatBoost cival oxediaouévol akdun kai yia eAAITT dedouéva, eEakohoubei va
aTTaITEITaI 1I8IQITEPA TTPOCEKTIKI TTPOETTECEPYATIA YIa va SIACPANIOTE N akepaIATNTA KAl N
TTOIOTNTA TWV OEDOPEVWV TTOU XPNOIMOTIoIOUVTal. AUTO EVOEXETAI VA ONUAIVEI CNPAVTIKA
€TEVOUON XPOVOU Kal TTOPWY YIa TOV KABAPIOPO Twv BEOOPEVWY, KATI TTOU ATTOTEAE ONUAVTIKA
TTPOKANON.

‘Evag GANOG TTPOBANPOTIONOG GUVOEETAI PE TNV EPUNVEUCINOTATA TWV HOVTEAWV UNXAVIKAG
MABNoNG, KATI TTOU £xEl 1IB1aiTEPN ONPOTia OTav YIAAUE VIO EQOAPUOYEG OTOV TOPEX TNG UYEIAG.
Mapd 10 yeyovog o11 o1 aAyopiBuol XGBoost kai CatBoost evowpatwvouv epyaAgia 6TTwg Ta



SHAP values kai 1o LIME, 1Tou TrTapéxouv €EnynOEIS yia TIG TIPOPRAEWEIS TwV JOVTEAWY, N TTARPNS
Katavonon Twv OTTOTEAECUATWY UTTOPEI va TTapapévEl acaPng, 18IkG otav Ta dedouéva givai
€CAIPETIKA TTEPITTAOKA 1 UTTApPXOUV TTOAAG aAAnNAemdpwvTa XapakTnPIoTIKA. O1 KAIVIKEG
EQAPUOYEG ATTAITOUV UWNAQ ETTITTEDO £PUNVEUCINOTNTOG, KOBWG Ol aTTOPACEIG TToU AauBAavovTal
Baoel autwy TWV PHoVTEAWY UTTOPET va eTTNPEACOUY TNV uyeia Kal Tn {wr Twv acBevwv. Av Ta
atroTeAéopaTa TWV HOVTEAWY Bev gival TTARPwWGS KatavonTd A dsv PTTOpoUV va egnynBouv ue
OKPiBeIa, auTO PTTOPEI VA TTEPIOPICEI TNV EUTTIOTOCUVN TWV ETTAYYEAUATIWY TNG UYEIAG Kal va
KaBuoTEPROEI TNV UI0BETNON TETOIWY TEXVOAOYIWV.

ETriong, mpétrel va onueiwBouv ol SUCKOAIEG OTNV epunveEia TwV aTToTEAEOPATWY TTapd TN Xprion
MeyaGAou apiBuou diaypapudTwy Kai TRV avaAuon pe epyaleia 6w ta SHAP values kai 1o
LIME. Zuxvd, akéua Kal JE TNV OTITIKOTTOINGN Twv 0£O0UEVWY Kal TIG ETTEENYAOEIG, TA
oupTtrepdoparta dev gival TavTa EekdBapa. AuTo gival 181aiTepa TTPORANUATIKO G€ TTEPITITWOEIG
TTOoU aTraITeiTal Aqun amo@dcewy BAcel Twv ATTOTEAECUATWY TNG MNXAVIKAG HABNnong.

EmmA£ov, uttdpyxel 1o {nTnua tng diagaveiag atnv KAIVIKA TTpdgn. O emayyeAuaTieg uyeiag
xperalovtal Ox1 HOvo akpifeic TTPORAEWEIC AAAG KAl TAPEIG EENYATEIS YIA TO TTWG TTPOKUTITOUV
QuTEG ol TTPOPBAEWEIS. H unxavikr paenon, kai e181k6Tepa o1 aAyopiBuol 61w o XGBoost kai o
CatBoost, ptmopei va Tpoo@épouv uWnAAG TToIOTNTAG TTPORAEWEIG, AAAG N EAAEIYN CAPAVEIOG
oTnVv gpunveia Twv TTPORAEWewVY PTTOPE va atroTeAéTEl EUTTOBIO OTNV gupeia uIoBETNOT Toug. To
yeyovog 611 01 KAIVIKOI yIoTpoi SUOKOAEUOVTAI VO KATAVOHOOUV TIG ATTOQPACEIG TWV HOVTEAWYV
MTTOPE VO TTPOKaAEDEl DIOTAYHUO OTNV EUTTIOTOCUVN TOUG O€ TETOIEG TEXVOAOYIES, KATI TTOU
avadelkvUel TNV avAaykn yia TTEPAITEPW AVATITUEN EPYAAEIWV EPUNVEUCINOTNTOG.

5.5 MNMapouaciaon Zmoudatotntag kat Kawvotopiag

H TTapouca epyacia TTpoc@EPEl GNUAVTIKI CUVEICQOPA OTN PEAETN TNG EQAPPOYAS TNG
MNXQVIKAG panong oe HOY péow Tng ekTeEVOUG BIBAIOYPa@IKAG avadAuaong, n oTroia KaAUTTITEI
AETTTOPEPWG TIG TTPONYOUHEVEG HEAETEG KAI TTPAKTIKEG OTOV TOPEA AUTO. AUTH N avaokdTInon
TIPOCQEPEI Jiat OAOKANPWHEVN CUYKPITIKA TTApOUCiacn Twv TTIo TTPOCQATWY KAl A§loCNHEIWTWY
EPEUVNTIKWYV APBpwV, CUPPAANOVTAG OTNV KATAVONOT TOU TPEXOVTOG EPEUVNTIKOU TOTTIOU KOl
evroTriCovtag Ta Kevd oTn BIBAIoypagia. H avdAuon autr B£Tel Ta BepéNia yia TIG TTEPAITEPW
e€ehigeig, TTPOBAANOVTAG TA TTAEOVEKTANATA KAl TIG TTPOKANCEIG TNG XPNONG MNXAVIKAS Hdbnong
OTO OUCTHHATA UYEIOVOMIKAG TTEPIBAAYNG, EVW TOUTOXPOVA TTAPEXEI KivNTPA VIO TNV TTEPAITEPW
£€peEuva.

‘Eva artroé 1a 1Mo KaIvoTOua OnUEia NG Epyaciog gival N Eueacn TNV OTITIKOTTOINGN OEDOUEVWV.
O 1epdoTIOg OYKOG dedoPévwY TTOU TTPOKUTTITEN aTTd Toug HDY TTapoucidleTtal pEow evog
MeyaAou apiBuou SlaypapudTwY, TTPOCPEPOVTAG HIa OAOKANPWHEVN KAl 0A@H EIKOVA TWV
TAOEWY, TWV CUCXETIOEWV KOl TWV POTIBwV TToU evOEXETAI va avadelxBouv atrd Ta dedouéva. H
XPron TTOAAQTTAWY OTTTIKOTTOINCEWYV TTAPEXE! Jia TTIo dlauoBNTIKA KaTavonon Twv oUVOETWY
oxéocwv oTa dedopéva Twv HOY. Eival aloonueiwTo 611, TouAGxioToV Bacel TnG BiIBAIoypa@iag
TTou €€€TAOTNKE, N TTapouaiacn TETOIOU aPIBPOU KAl AETTTOUEPEING OTITIKOTTOINCEWY OEV gival
eUPEWG O100edopEvn, YEYOVOG TTOU ATTOTEAET TTIBAVWG pia KAIVOTOMIA.

EmmpbdoBeTa, yivetal xprion Twv 800 atmd Toug 1o oUyxXPOovoug Kal TTponyHévoug alyopiBuoug,
Tou XGBoost kai Tou CatBoost, yia T guykpion kai agioAdynon 1ng arédoong Toug O€
O1a@OpPEeTIKA auvoAa dedopévwy. O1 U0 auTtoi aAyopIBuol aviiKouv OTOUG TTIO ATTOTEAECUATIKOUG
yla Tnv emmegepyaaia kal avadAuon PeyGAwyY Kal ETEPOYEVWIV GUVOAWYV dedoUEVWY, OTTWG aUTA
TToU TrEpIAauBAvovTal otoug HOY. Méoa atmd Tn cUykpion Twv aAyopiBuwy autwy,
avadelkvUETal N dUVATOTNTA TTPOCAPUOYAG Toug a€ didgopa TTPpoBARuaTa TTPORAEWNS Kal



KATNYOPIOTTOINONG OTOV TOPED TNG UYEIAG, TTPOTEIVOVTAG £TOI TA BEATIOTA JOVTEAQ TTOU PTTOPOUV
Va EQAPUOOTOUV O€ avTioTolxa TTepIBAAAovTa.

AKOuaA TTI0 oNUAvVTIKO gival To yeyovog 611 n TTapoloa epyacia TTpoxwpd o€ yia 1o Badid
avaAuon TWV ATTOTEAEOUATWY HEOW TNG XProng Twv epyaAciwv SHAP kai LIME. Ta epyaAcia
QUTA TTPOCPEPOUV EENYATEIS YIA TIG TTPOPAEWEIG TWV HOVTEAWY, ETTITPETTOVTAG £T01 VA
KatavonBouv KaAUTEPA TIG AITIEG TTOU 0ONYyoUV O¢ CUYKEKPINEVES TTPORAEWEIC. H e@apuoyn
QUTWYV TwV gpyaleiwv divel TN duvaTdTNTA Va EVTOTTIOTOUV KPIoIUa XAPAKTNPIOTIKA TTOU
eTNPEAlouV TIG ATTOPACEIS TWV HOVTEAWYV, TTPOCQEPOVTAG £TCI MIA TTIO dIaPavH Kal agloTTioTn
dladikacia AYNG atropacewy 0TOV TOUEA TNG UYEIAG.

TéNoG, Oev PTTOPOUNE VO NV avagepBouue oTnv avdatTuén Tou povtéAou didyvwong
MpodiaBATn/AIoBnTn. H avamTuén Tou povtéAou atrédeige 6t o HPY ptropouv va
XPNOIuoTToINBoUV OTO TOPED TWV CUOTANATWY UTTOOTAPIENG aTTOPACEWY YIa TNV didyvwaon A Kai
TNV TTPOYVWoN €uPaviong dIAQopwy aoBEVEIWVY.

6. 2upTiEpAcuata

6.1 ZnUavTtika oTolxXeia Ttou avartuxbnkay, avolKTEG EPWTNOELG

AT6 Tnv epyacia auutrepaivetal 6TI 0 ahyopiBuog CatBoost Tpoo@épel eAappws KaAUTEPQ
atmroteAéopata atmd Tov XGBoost. AuTd TTPOKUTITEI ATTO TO ATTOTEAECUOATA TWV PETPIKWV
accuracy, precision, recall, F1 Score kal roc_auc score, aAAd Kal JEow Twv €TIOPACEWY TTOU
oéxovTal ol dUo aAyopiBuol avd XapakTnPIoTIKO.

MapdAo TTou N epyacia KATAARYEl O€ CUYKEKPINEVA CUNTTEQACHATA, TTAPANEVOUV OPICHEVA
avoIKTd epwTAMaTA. MNa TTapddelypa, Tola 8a ATav Ta atmoTeAéoPaTa av epapuoléTav
BeATiwpévn TTpoeTTeCEpYaTia Twv dedouévwy; MNoia N JOKPOTTPOBECUN ATTOTEAECUATIKOTNTA TWV
aAyopiBuwy o€ Mo ouvOeTa A peyaAuTepa ouvoAa dedopévwy; ETriong, TapoAo Trou ol
aAyopiBuol atrodidouv KaAd OTIG UTTAPXOUCEG UETPNOEIG, OEV Eival CAPEG TTOOO ATTOTEAECHUATIKOI
Ba cival o€ GAAEG EQaPUOYEG OTOV TOPEA TNG UYEIag 1) o€ dlapopeTIKA TTePIBAAAoOvVTa. TEAOG, EVW
Ta epyaieia SHAP kai LIME trapéxouv epunveieg yia TIG aTTOQACEIG TWV JOVTEAWY, TTOPAUEVEI TO
CNTNUA TNG TTANPOUG EPUNVEUCIUGTNTOG KAl TOU GV QUTA Ta pYOAEia sival ETTAPKN yia va
KAAUWOUV TIG AVAYKEG TNG KAIVIKAG TTPAKTIKIG.

6.2 MeANOVTIKEC TIPOOTITIKEG

Ma Tnv TARPN aglotroinon Tou duvapikoU TG oxéong JETaEU Twv HADY kai TnG emegnyoluevng
MNXAVIKAG Habnong, uTropoulv va @apuooTolV dIAQOPESG OTPATNYIKEG:

- BeAtiwon 1ng moidtnTag Twv dedopévwv: Oa TTPETTEI va KATAaBANBoUV TTPooTTABEIES yIa TN
BeATiwon TNG TTOIGTNTAG KAI TNG TUTTOTTOINONG TWV O£BOPEVWYV TTOU KaTaypapovTal aToug HOY.
AuTé TrEpIAaUBAVEl TNV EKTTAIOEUCN TWV TTAPOXWY UYEIOVONIKAG TTEPIBAAWNG OTIG BEATIOTEG
TIPOKTIKEG VI TNV €10aywyr OEOOUEVWV KAl TNV EQAPHPOYI] QUTOUATOTTOINUEVWY TEXVIKWV
ETMKUPWONG 6£O0UEVWIV.

- Avatrtugn avBekTikwyv TeXVIKwY XAl: H ouvexng €épeuva oe peBodoloyieg XAl gival atrapaitntn
yla Tn BeATIWON TNG EPUNVEUCINOTNTAG TWV PHOVTEAWV PNXAaVIKAG HaBnong. Auto TrepIAapavel Tn
OlEpEUvVNON VEWV TTPOCEYYICEWY YIA TNV EPUNVEUCIKNOTNTA TTOU €ival TIPOCAPUOCHUEVEG OTIG
MOVOOBIKEG TTPOKANCEIG TWV OESOPEVWV UYEIOVOUIKNG TTEPIBOAWNG.



- MpowBnan g cuvepyacoiag: H cuvepyaaia PeTagl emoTNUOVWY SEOOUEVWY, KAIVIKWV IATPWV
Kal SIAXEIPIOTWY UYEIOVOUIKAG TTEPIBaAYWNG gival {WTIKAG onuaciag yia Tnv avamTuén epyaiciwv
TN TTOU QVTATTOKPIVOVTAI OTIG AVAYKEG TWV TEAIKWYV XPNOTWYV. H EUTTAOKN TwV KAIVIKWYV 1ATPWV
o010 oXedIaopd Kal TNV agloAdynon Twv cuoTnudtwy XAl ptropei va diac@aliosl OTI Ta epyalcsia
QUTA gival TIPAKTIKA Kal QIAIKG TTPOG TO XPrOTN.

- AvaAuon TrepIooOTEPWY OEDOUEVWV: 2T CUYKEKPIPEVN Epyaaia xpnoldoTrolgital 1o 2.14% Twv
oedouévwy Tou dataset. @a utropouce va XpnoiuoTroindei peyaAuTepo deiyua Kal KAAUTEPO
ETTECEPYATUEVO, YIa EVOEXOUEVWG KAAUTEPO ATTOTEAECUATA.

Ev TéAgl, N avaykn yia cuvexn BeATIWON Twv HOVTEAWY Kal TWV EPYAAEIWV TTOU XpNOIUOTToIoUVTal
oTnv avaAuon Twv dedopévwy Twv HOY. H kKAivikA TTpdén atraitei atrdAuTn akpifeia kai
Katavonaon Twv TTPORAEWEWY, KAl VW Ta EPYAAEia TTOU XpNoIUOTTOINBNKAY TTPOCPEPOUV
onpavTiky BonBeia, TTapapével N TTPOKANCN TNG avATITUENG MOVTEAWVY TTOU WTTOPOUV VO
EPMUNVEUTOUV ETTAPKWG KAl VA TTPOCPEPOUV ACIOTTIOTEG TTPOBAEWEIG.

7. BiBAwoypadia

[1] Beasley JW, Holden RJ, Sullivan F. Electronic health records: research into design and
implementation. Br J Gen Pract. 2011 Oct;61(591):604-5. doi: 10.3399/bjgp11X601244. PMID: 22152827
PMCID: PMC3177114.

[2] Uslu A, Stausberg J, Value of the Electronic Medical Record for Hospital Care: Update From the
Literature, J Med Internet Res 2021;23(12):€26323, URL: https://www.jmir.org/2021/12/e26323, DOI:
10.2196/26323

[3] Poissant L, Pereira J, Tamblyn R, Kawasumi Y. The impact of electronic health records on time
efficiency of physicians and nurses: a systematic review. J Am Med Inform Assoc. 2005 Sep-
Oct;12(5):505-16. doi: 10.1197/jamia.M1700. Epub 2005 May 19. PMID: 15905487; PMCID:
PMC1205599.

[4] Upadhyay S, Hu HF. A Qualitative Analysis of the Impact of Electronic Health Records (EHR) on
Healthcare Quality and Safety: Clinicians' Lived Experiences. Health Serv Insights. 2022 Mar
3;15:11786329211070722. doi: 10.1177/11786329211070722. PMID: 35273449; PMCID: PMC8902175.

[5] A. Karim Jabali, Abu Waris, Diwan Israr Khan, Shakil Ahmed, Rana Jamal Hourani, Electronic health
records: Three decades of bibliometric research productivity analysis and some insights, Informatics in
Medicine Unlocked, Volume 29, 2022, 100872, ISSN 2352-9148,
https://doi.org/10.1016/j.imu.2022.100872.

[6] Payrovnaziri SN, Chen Z, Rengifo-Moreno P, Miller T, Bian J, Chen JH, Liu X, He Z. Explainable
artificial intelligence models using real-world electronic health record data: a systematic scoping review. J
Am Med Inform Assoc. 2020 Jul 1;27(7):1173-1185. doi: 10.1093/jamia/ocaa053. PMID: 32417928;
PMCID: PMC7647281.

[7] Hui Wen Loh, Chui Ping Ooi, Silvia Seoni, Prabal Datta Barua, Filippo Molinari, U Rajendra Acharya,
Application of explainable artificial intelligence for healthcare: A systematic review of the last decade
(2011-2022), Computer Methods and Programs in Biomedicine, Volume 226, 2022, 107161, ISSN 0169-
2607, https://doi.org/10.1016/j.cmpb.2022.107161.

[8] Shahab S Band, Atefeh Yarahmadi, Chung-Chian Hsu, Meghdad Biyari, Mehdi Sookhak, Rasoul
Ameri, Iman Dehzangi, Anthony Theodore Chronopoulos, Huey-Wen Liang, Application of explainable
artificial intelligence in medical health: A systematic review of interpretability methods, Informatics in


https://www.jmir.org/2021/12/e26323
https://doi.org/10.1016/j.imu.2022.100872
https://doi.org/10.1016/j.cmpb.2022.107161

Medicine Unlocked, Volume 40, 2023, 101286, ISSN 2352-9148,
https://doi.org/10.1016/j.imu.2023.101286.

[9] Gilpin, L. H., Bau, D., Yuan, B. Z., Bajwa, A., Specter, M., & Kagal, L. (2018). Explaining explanations:
An overview of interpretability of machine learning. In 2018 IEEE 5th International Conference on data
science and advanced analytics (DSAA). IEEE (pp. 80-89).

[10] Cheng, Yu, et al. "Risk prediction with electronic health records: A deep learning approach."
Proceedings of the 2016 SIAM international conference on data mining. Society for Industrial and Applied
Mathematics, 2016.

[11] Boxwala, Aziz A., et al. "Using statistical and machine learning to help institutions detect suspicious
access to electronic health records." Journal of the American Medical Informatics Association 18.4 (2011):
498-505.

[12] Barak-Corren, Yuval, et al. "Predicting suicidal behavior from longitudinal electronic health records."
American journal of psychiatry 174.2 (2017): 154-162.

[13] Deo, Rahul C., and Brahmajee K. Nallamothu. "Learning about machine learning: the promise and
pitfalls of big data and the electronic health record." Circulation: Cardiovascular Quality and Outcomes 9.6
(2016): 618-620.

[14] Rahimian, Fatemeh, et al. "Predicting the risk of emergency admission with machine learning:
Development and validation using linked electronic health records." PLoS medicine 15.11 (2018):
€1002695.

[15] Machine learning models in electronic health records can outperform conventional survival models
for predicting patient mortality in coronary artery disease, Andrew J. Steele1*, Spiros C. Denaxas2, Anoop
D. Shah2,3, Harry Hemingway2, Nicholas M. Luscombe

[16] Prediction of Acute Kidney Injury With a Machine Learning Algorithm Using Electronic Health Record
Data Hamid Mohamadlou, Anna Lynn-Palevsky, Christopher Barton, Uli Chettipally, Lisa Shieh, Jacob
Calvert, Nichola s R. Saber, and Ritankar Das

[17] Xiao C, Choi E, Sun J. Opportunities and challenges in developing deep learning models using
electronic health records data: a systematic review. J Am Med Inform Assoc. 2018 Oct 1;25(10):1419-
1428. doi: 10.1093/jamia/ocy068. PMID: 29893864; PMCID: PMC6188527.

[18] Mehta N, Devarakonda MV. Machine learning, natural language programming, and electronic health
records: The next step in the artificial intelligence journey? J Allergy Clin Immunol. 2018 Jun;141(6):2019-
2021.e1. doi: 10.1016/j.jaci.2018.02.025. Epub 2018 Mar 5. PMID: 29518424

[19] Garriga R, Mas J, Abraha S, Nolan J, Harrison O, Tadros G, Matic A. Machine learning model to
predict mental health crises from electronic health records. Nat Med. 2022 Jun;28(6):1240-1248. doi:
10.1038/s41591-022-01811-5. Epub 2022 May 16. PMID: 35577964; PMCID: PMC9205775.

[20] Ng K, Steinhubl SR, deFilippi C, Dey S, Stewart WF. Early Detection of Heart Failure Using Electronic
Health Records: Practical Implications for Time Before Diagnosis, Data Diversity, Data Quantity, and Data
Density. Circ Cardiovasc Qual Outcomes. 2016 Nov;9(6):649-658. doi:
10.1161/CIRCOUTCOMES.116.002797. Epub 2016 Nov 8. PMID: 28263940; PMCID: PMC5341145.

[21] Payrovnaziri SN, Chen Z, Rengifo-Moreno P, Miller T, Bian J, Chen JH, Liu X, He Z. Explainable
artificial intelligence models using real-world electronic health record data: a systematic scoping review. J
Am Med Inform Assoc. 2020 Jul 1;27(7):1173-1185. doi: 10.1093/jamia/ocaa053. PMID: 32417928;
PMCID: PMC7647281.


https://doi.org/10.1016/j.imu.2023.101286

[22] Honeyford K, Expert P, Mendelsohn EE, Post B, Faisal AA, Glampson B, Mayer EK, Costelloe CE.
Challenges and recommendations for high quality research using electronic health records. Front Digit
Health. 2022 Aug 19;4:940330. doi: 10.3389/fdgth.2022.940330. PMID: 36060540; PMCID:
PMC9437583.

[23] Frasca, Maria, et al. "Explainable and interpretable artificial intelligence in medicine: a systematic
bibliometric review." Discover Artificial Intelligence 4.1 (2024): 15.

[24] Loh, Hui Wen, et al. "Application of explainable artificial intelligence for healthcare: A systematic
review of the last decade (2011-2022)." Computer Methods and Programs in Biomedicine 226 (2022):
107161.

[25] Hulsen, Tim. "Explainable artificial intelligence (XAl): concepts and challenges in healthcare." Al 4.3
(2023): 652-666.

[26] Dhruv, Akshit J. et al. “Python: The Most Advanced Programming Language for Computer Science
Applications.” Proceedings of the International Conference on Culture Heritage, Education, Sustainable
Tourism, and Innovation Technologies (2020): n. pag.

[27] Han S, Kwak IY. Mastering data visualization with Python: practical tips for researchers. J Minim
Invasive Surg. 2023 Dec 15;26(4):167-175. doi: 10.7602/jmis.2023.26.4.167. PMID: 38098348; PMCID:
PMC10728683.

[28] Arnav Oberoi, Rahul Chauhan (2019); Visualizing data using Matplotlib and Seaborn libraries in
Python for data science; International Journal of Scientific and Research Publications (IJSRP) 9(3) (ISSN:
2250-3153), DOI: http://dx.doi.org/10.29322/I[JSRP.9.03.2019.p8733

[29] PEDREGOSA, Fabian, et al. Scikit-learn: Machine learning in Python. the Journal of machine
Learning research, 2011, 12: 2825-2830.

[30] Krishna Chaitanya (2021). Synthea Dataset Jsons - EHR. from
https://www.kaggle.com/datasets/krsna540/synthea-dataset-jsons-ehr

[31] McKinney, Wes, and P. D. Team. "Pandas-Powerful python data analysis toolkit." Pandas—Powerful
Python Data Analysis Toolkit 1625 (2015).

[32] Hagedorn, Stefan, Steffen Klabe, and Kai-Uwe Sattler. "Putting pandas in a box." Conference on
Innovative Data Systems Research (CIDR);(Online). 2021.

[33] Sial, Ali Hassan, Syed Yahya Shah Rashdi, and Abdul Hafeez Khan. "Comparative analysis of data
visualization libraries Matplotlib and Seaborn in Python." International Journal 10.1 (2021): 45.

[34] Waskom, Michael L. "Seaborn: statistical data visualization." Journal of Open Source Software 6.60
(2021): 3021.

[35] Chen, Tianqi, and Carlos Guestrin. "Xgboost: A scalable tree boosting system." Proceedings of the
22nd acm sigkdd international conference on knowledge discovery and data mining. 2016.

[36] Aslam, Nida, et al. "Interpretable machine learning models for malicious domains detection using
explainable artificial intelligence (XAl)." Sustainability 14.12 (2022): 7375.

[37] Mangalathu, Sujith, Seong-Hoon Hwang, and Jong-Su Jeon. "Failure mode and effects analysis of
RC members based on machine-learning-based SHapley Additive exPlanations (SHAP)
approach." Engineering Structures 219 (2020): 110927.

[38] Mishra, Saumitra, Bob L. Sturm, and Simon Dixon. "Local interpretable model-agnostic explanations
for music content analysis." ISMIR. Vol. 53. 2017.


http://dx.doi.org/10.29322/IJSRP.9.03.2019.p8733

Mapaptnua A - O Kwdkag

import numpy as r

import pandas as pd

import os

import i

import seaborn as sns

import matplotlib.pyplot as plt
import warnings

from tqdm import tqdm

from datetime import datetime as dt

# Suppress warnings and configure pandas to display up to 5@ characters in each column
warnings.filterwarnings('ignore')
pd.set_option('display.max_colwidth', 50)

# Exploring file paths and reading the data
file_path_list = [] # Initialize an empty list to store file paths
for dirname, _, filenames in os.walk('fhir'): # Walk through the directory 'fhir'
for filename in filenames: # For each file in the directory
file_path_list.append((dirname, filename)) # Add the folder path and file name to the list

# Create a DataFrame from the file path list

metadata_df = pd.DataFrame(file_path_list, columns=["folder", "file"])
print(f"Files: {metadata_df.shape[@]}") # Print the number of files found
metadata_df.head() # Display the first few rows of the DataFrame

# Adding 'group' and 'subgroup' columns by splitting the folder path
metadata_df["group"] = metadata_df["folder"].apply(lambda x: x.split("\\")[-2])
metadata_df["subgroup”] = metadata_df["folder"].apply(lambda x: x.split("\\")[-1])
metadata_df = metadata_df[["folder", “"group", "subgroup", “file"]] # Reorder the columns
metadata_df.head() # Display the first few rows of the updated DataFrame

# Print the number of unique folders, groups, subgroups, and files
print(f"Folders: {metadata_df.folder.nunique()}")

print(f"Groups: {metadata_df.group.nunique()}")
print(f"Subgroups: {metadata_df.subgroup.nunique()}")
print(f"Files: {metadata_df.file.nunique()}")

# Read a sample JSON file to understand the structure of the data
sample_df = pd.read_json('fhir/e0/08b/88blaa90-e800-479e-adbd-83f76cd6dc56.json")
print(sample_df.head()) # Print the first few rows of the sample data

# Initialize empty DataFrames for different FHIR resource types
patient_df = pd.DataFrame()

careplan_df = pd.DataFrame()

condition_df = pd.DataFrame()

diagnostic_report_df = pd.DataFrame()

encounter_df = pd.DataFrame()

immunization_df = pd.DataFrame()

observation_df = pd.DataFrame()

procedure_df = pd.DataFrame()

# Function to process one file and papulate the respective DataFrames
def process_one_file(sample_df,
patient_df,
careplan_df,
condition_df,
diagnastic_resort_df,
encounter_df,
immunization_df,
observation_df,
procedure_df):
datafra ¢ = [ostient_df, careplan_df, condition_df, disgnostic_report_df,
encounter_df, immunization_df, sbservation_df, procedure_df] # List of DataFrames

# Iterate through each row in the sample DataFrame

For irdes, row in ssmple_df.iterrows{):
resourcetype=set() # Set to store resource types
tempdf=pd. json_normalize(row.entry) # Normalize the JSON structure into a flat DataFrame
resourcetype.add([str(x) for x in tempdf['resource.resourceType']11(8]) # Add the resource type to the set

# Concatenate the data to the appropriate DataFrame based on the resource type
if str(temadf[resource.resourceType’ 1[8])=="Fatient":

frames = [patient_df, tempdf]

patient_f = nd.concat(frames)

elif str(tempdf['resource.resourceType'][8])=="CaraPlan":
frames = [careplan_df, tempdf]
careplan_df = pd.concat(frames)

elif str(tempdf['resource.resourceType'][R])=="Condition" ;
frames = [condition_df, tempdf]
condition_df = pd.concat{frames)

elif str{tempdf['resource. ‘1rel
frames = [diagnostic_report df, tempdf]
diagnostic_report_df = pd.concat(frames)

lif str(tempdf['resource.resourceType'][e]
frames = [encounter_df, tempdf]
encounter_df = pd.concat(frames)

Encounter”:

elif strtempdf['resource.resourceTyse'][8]
frames = [immunization_df, tempaf]
immunization_df = pd.concat(frames)

Immunization”:

lif strtempdf[ resource.resourceType'](B])=="0bsarvation”:
fFrames = [observation_df, tempdf]

observation_df = pd.concat(frames)

elif str{tempdf['resource.resourceType'][8])=="Frocedure" ;
frames = [procedure_df, tempdf]
procedure_df = pd.cencat{frames)



# Return all updated DataFrames

return patient_df,\
careplan_df,\
condition_df,\
diagnostic_report_df,\
encounter_df,\
immunization_df,\
observation_df,\
procedure_df

# Function to clean and rename columns in all DataFrames
def clean_and_rename(patient_df,
careplan_df,
condition_df,
diagnostic_report_df,
encounter_df,
immunization_df,
observation_df,
procedure_df):
# Replace periods in column names with underscores and remove 'resource_
for df in [patient_df, careplan_df, condition_df, diagnostic_report_df,
encounter_df, immunization_df, observation_df, procedure_df]:
df.columns = df.columns.str.replace(".", "_")
df.columns = df.columns.str.replace("resource_", "")
# Clean up 'fullUrl®' fields in patient, observation, and encounter DataFrames
for df in [patient_df, observation_df, encounter_df]:
df['fullUrl']= df['fullUrl'].str.replace('urn:uuid:', ')
# Clean up 'resource.subject.reference' and 'context_reference' fields in other DataFrames
for df in [careplan_df, condition_df, diagnostic_report_df]:
df['resource.subject.reference’]=df[ 'resource.subject.reference’'].str.replace('urn:uuid: "', '")

prefix

df['context_reference']=df['context_reference'].str.replace( 'urn:uuid:', '')
# Clean up 'resource.patient.reference’' fields in encounter and immunization DataFrames
for df in [encounter_df, immunization_df]:
df['resource.patient.reference'] = df['resource.patient.reference'].str.replace('urn:uuid:"*, '")
# Clean up 'encounter_reference' fields in immunization, observation, and procedure DataFrames
for df in [immunization_df]:
‘ df['encounter_reference'] = df['encounter_reference'].str.replace('urn:uuid:"', '')
for Lf in [observation_df, procedure_df]:
df['resource.subject.reference'] = df['resource.subject.reference'].str.replace('urn:uuid:', '")
df['encounter_reference'] = df['encounter_reference'].str.replace('urn:uuid:"', '')

# Return all cleaned and renamed DataFrames
return patient_df,\
careplan_df,\
condition_df,\
diagnostic_report_df,\
encounter_df,\
immunization_df,\
observation_df,\
procedure_df



# Process the sample file to populate the respective DataFrames
process_one_file(sample_df, patient_df,

careplan_df,

condition_df,

diagnostic_report_df,

encounter_df,

immunization_df,

observation_df,

procedure_df)

# Import and handle a group of files

# Select a subset of groups based on their frequency in the metadata

sel_index = list(metadata_df.group.value_counts()[@:5].1index)

print(sel_index) # Print the selected group indices

group_df = metadata_df.loc[metadata_df.group.isin(sel_index)] # Filter metadata for selected groups
group_df.shape[@], group_df.shape[@] / metadata_df.shape[@] # Print the number and percentage of selected files

# Reinitialize empty DataFrames for different FHIR resource types
patient_df = pd.DataFrame()

careplan_df = pd.DataFrame()

condition_df = pd.DataFrame()

diagnostic_report_df = pd.DataFrame()

encounter_df = pd.DataFrame()

immunization_df = pd.DataFrame()

observation_df = pd.DataFrame()

procedure_df = pd.DataFrame()

# Iterate over the selected group files and process each file
for index, row in tqdm(group_df.iterrows()):
folder = row["folder"]
file = row["file"]
sample_df = pd.read_json(os.path.join(folder, file)) # Read the JSON file
# Process the file and update the respective DataFrames
patient_df,\
careplan_df,\
conditien_df,\
diagnostic_report_df,\
encounter_df,\
immunization_df,\
observation_df,\
procedure_df = \
process_one_file(sample_df, patient_df,
careplan_df,
condition_df,
diagnostic_report_df,
encounter_df,
immunization_df,
observation_df,
procedure_df)



# Import and handle a group of files

# 2.14% of the data

# Select the top 5 most common groups from metadata_df

sel_index = list(metadata_df.group.value_counts()[@:5].1index)

print(sel_index)

# Filter the metadata DataFrame to include only the selected groups

group_df = metadata_df.loc[metadata_df.group.isin(sel_index)]

# Display the number of rows in the filtered DataFrame and its percentage of the total
group_df.shape[@], group_df.shape[@] / metadata_df.shape[@]

# Initialize empty DataFrames for each resource type
patient_df = pd.DataFrame()

careplan_df = pd.DataFrame()

condition_df = pd.DataFrame()

diagnostic_report_df = pd.DataFrame()

encounter_df = pd.DataFrame()

immunization_df = pd.DataFrame()

observation_df = pd.DataFrame()

procedure_df = pd.DataFrame()

# Process each file in the filtered group_df
for index, row in tqdm(group_df.iterrows()):
folder = row["folder"]
file = row["file"]
# Read the JSON file into a DataFrame
sample_df = pd.read_json(os.path.join(folder, file))
# Process the file and update the corresponding DataFrames
patient_df,\
careplan_df,\
condition_df,\
diaghostic_report_df,\
encounter_df,\
immunization_df,\
observation_df,\
procedure_df = \
process_one_file(sample_df,patient_df,
careplan_df,
condition_df,
diagnostic_report_df,
encounter_df,
immunization_df,
observation_df,
procedure_df)

# Print the number of records in each DataFrame
patient_df.shape[@], careplan_df.shape[@], condition_df.shape[@], diagnostic_report_df.shape[@], encounter_df.shape[@], immunization_df.shape[@],\
observation_df.shape[@], procedure_df.shape[8]

¥ Print the columns of each DataFrame for inspection

for df in [patient_df, careplan_df, condition_df, diagnostic_report_df, encounter_df]:
print(df.columns)

for df in [immunization_df, cbservation_df, procedurs_df]:
srint(df.columns)

# Example of accessing specific data from the DataFrames
observation_df.iloc[8]["resource. code. coding”]
encounter_df.iloc[@]["resource. type"]

# Function to extract a subitem by its name from a list of items
def extract_subitems_by_name(item_list, name):
for item in item_list:
if item[name]:
return item[name]

# Function to extract the first subitem by its name from a list of items
def extract_one_subitem_by_name(item_list, name):
return item_list[@][name]

# Extract and process specific fields in patient_df
patient_df["birth_date”] = patient_df["resource.birthDate"].apply(lambda x: dt.strptime(x, '¥Y-Xm-%d'))

patient_df["birth_year”] = patient_df["birth_date"].apply(lambda x: x.year)

# Extract and process specific fields in observation_df

observation_df["date”] = cbservation_df["resource.effectiveDateTime"].apply(lambda x: dt.strptime(x[@:18], '%Y-%m-%d'))
observation_df[“resource.code.code”] = observation_df[“resource.code.coding"].apply(lambda x: extract_one_subitem_by_name(x, ‘code’)
observation_df[“resource.code.display"] = cbservation_df["“resource.code.coding”].apply(lambda x: extract_one_subitem_by_name(x, ‘display’})

® Extract and process specific fields in patient_df

patient_df["resource.extension.url"] = patient_df["resource.extension”].apply(lambda x: extract_one_subitem_by_name(x, 'wrl'))

# Extract and process specific fields in condition_df

condition_df["resource.code.code”] = condition_df["resource.code.coding”].apply(lambda x: extract_one_subitem_by_name(x, 'code'))
condition_df["resource.code.display”] = condition_df[“resource.code.coding"].apply(lambda x: extract_one_subitem_by_name(x, 'display’))

# Extract and process specific fields in careplan_df

careplan_df["resource.category.coding"] = careplan_df["resource.category”].apply(lambda x: extract_one_subitem_by_name(x, 'coding'))
careplan_df["resource.category. coding. code”] = careplan_df["resource.category.coding"].apply(lambda x: extract_one_subitem_by_name(x, 'code'))
careplan_df["resource.category.coding.display”] = careplan_df["resource.category.coding”].apply(lambda x: extract_one_subitem_by_name(x, 'display’))
careplan_df["resource.activity.detail®] = careplan_df["resource.activity”].apply(lambda x: extract_one_subitem_by_name(x, 'detail'))

# Extract and process specific fields in diagnostic_report_df

diagnostic_report_df["resource.performer.display”] = diagnostic_report_df["resource.performer”].apply(lambda x: extract_one_subitem_by_name(x, 'display’))
diagnostic_report_df[“resource. code. coding.code”] = diagnostic_report_df[“resource.code.coding"].apply(lambda x: extract_one_subitem_by_name(x, 'code'))
diagnostic_report_df[“resource.code.coding.display”] = diagnostic_report_df[“resource.code.coding”].apply(lambda x: extract_one_subitem_by_name(x, ‘display'))
diagnostic_report_df["resource.result.display”] = diagnostic_report_df["resource.result”].apply(lambda x: extract_one_subitem_by_name(x, 'display'))

¥ Extract and process specific fields in encounter_df

encounter_df[ "resource.type.text”] = encounter_df[“resource.type”].spply(lambda x: extract_one_subitem_by_name(x, ‘text'))

# Extract and process specific fields in immunization_df
immunization_df["resource.vaccineCode.coding.code”] = immunization_df["resource.vaccineCode.coding”].apply(lambda x: extract_one_subitem_by_name(x, 'code’))
immunization_df["resource.vaccineCode.coding.display”] = immunization_df["resource.vaccineCode.coding"].apply(lambda x: extract_one_subitem_by_name(x, 'display’))



% Save each Dataframe to a G5V file
Sbservation_df.to_csv( coservations.cau’, indexsFslse)
patient_df.to_csv( patients.csv’, indexsFalse)
condition_df.to_csu(’conditions.csv’, indexsFalse)
careplan_df.to_csu(’careslans.csy’, index=False)
disgnostic_report_df.to_csv('reports.csv’, indexsFalse)
encounter_df.to_csu('encounters.csv’, index=False)
_df.to_csv( immunizations.csv', indexsFalse)
procedure_df.to_csv(’procedures.csv’, indexsFalse)

# Columns to drop from the DataFrames

columns_to_drop = ['fullUrl’, ‘resource.encounter.reference’, ‘resource.valusQuantity.system', ‘resource.compoment’, ‘resource.text.div’, ‘resource.telecom’, ‘resource.shoto’,

# Create copies of DataFrames for column dropping
observation_¢f2 = obserwation_df.copy()
patient_df2 = patient_df.copy()

condition_df2 = condition_df.coay()

careplan_df2= careplan_af.copy()
diagnostic_report_df2= diagnostic_report_cf.copy()
encounter_df2 = encounter_df.cooy()
immunization_df2 = immunization_df.copy()
procedure_df2 = procedure_df.coay()

# Drop specified columns from each DataFrame if they exist
for column in columns_to_drop:
if column in observation_df.columns:
observation_df2.drop{columns=column, inplace=True)
observation_df2[’resource.subject.reference’] = observation_df2(’resource.subject.reference’].str.raplace(’urniuuid:’, '')
if column in patient_d.columns:
patient_df2.drop(columns=column, inplace=True)
if column in condition_df.columns:
condition_df2.drop(columns=column, inplace=True)
condition_df2[ 'resource.subject.reference’] = condition_df2[resource.subject.reference’].str.replace(’ urn:uuid
if column in careplan_df.columns:
careplan_¢f2.droo(colums=column, inplace=True)
careplan_df2['resource.subject. reference’] = careplan_d#2[ 'resource.subject.reference’].str.replace(urn:uuid:*, ')
if column in diagnestic_report_df.columns:
diagnostic_report_af2.drop(columns=column, inplace=Trug)
diagnostic_report_df2[ 'resource.subject.reference’] = diagnostic_report_df2['rescurce.subject.reference'].str.replace( urn:uuid
if column in encounter_df.columns;
encounter_df2.drop(columns=column, inplace=True)

encounter_df2[ 'resource.patient.reference’] = encounter_df2[’resource.patient.reference’ .str.replace( urniuuid:’', '’}
if column in immunization_f.columns:

i _df2.drop(ce , inplace=True)

immunization df2['resource,patient.reference’] = immunization_df2['resource.patient.reference’].str.replace(’urniuuid:’, ')
if column in procedure_df. columns:

procedure_df2.drop(columns=column, inplace=True)

procedure_df2[ 'resource.subject.reference’] = procedure_df2[’resource.subject.reference’ ].str.replace(urniuuic:’, ')

# Save the Filtered DataFrames o new CSV files

observation_df2,to_csv('filt_observations,csv', index=False)

patient_df2.to_csv('filt_patients.csv', index=False)

condition_dfz.te_csv('filt_conditions.csv', index=False)

careplan_df2.to_csw( ' filt_careplans.csv’, index=False)

diagnostic_report_df2.to_csv('filt_reports.csy', index=False)

encounter_df2.to_csu(’filt_encounters.csv’, indexsFalse)

immunization_df2.to_csv('Filt_immunizations.csv', index=False)

procedura_df2.to_csv{*filt_procadures.csy’, index=False)

# PLOTTING

# Function to plot the count of a given feature in a DataFrame

def plot_count(feature, title, df, size=1, ordered=True):
sns.set_theme(style="whitegrid") # Set the visual theme for the plots
f, ax = plt.subplots(1,1, figsize=(4*size,4)) # Create a figure with appropriate size
total = float(len(df)) # Calculate the total number of data points

# Plot the count of the feature in the DataFrame, ordering by frequency if specified
if ordered:

g = sns.countplot(x=feature, data=df, order = df[feature].value_counts().index[:208], palette="Pastell")
else:

g = sns.countplot(x=feature, data=df, palette='Pastell’)

g.set_title("Number and percentage of {}".format(title)) # Set the plot title

# Rotate x-axis labels if the size of the plot is larger than 2
if(size > 2):
plt.xticks(rotation=98, size=8)

# Add percentage labels above each bar in the bar plot
for p in ax.patches:
height = p.get_height()
ax.text(p.get_x()+p.get_width()/2.,
height + 3,
*{:1.2F}%" .format(18@*height/total),
ha="center") # Position text in the center above the bar

plt.show()

# Plot the distribution of patient gender
plet_count("resource.gender”, “"Patient gender", df=patient_df2, size=1)

# Plot the number of patients born per year

agg_year = patient_df2.groupby(["birth_year"])["resource.gender"].count().reset_index()
agg_year.columns = ["birth_year", "count"] # Rename columns for clarity
plt.plot(agg_vear["birth_year"], agg_vear["count"]) # Line plot for patient births by year
plt.title("Patients births / year")

plt.xlabel("Year")

plt.ylabel("Patients births")

plt.show()

# Plot the number of patients born per year, separated by gender

agg_year = patient_df2.groupby(["birth_year", "resource.gender"])["resource.id"].count().reset_index()
agg_year.columns = ["birth_year", “"gender", "count"] # Rename columns for clarity
plt.plot(agg_year.loc[agg_year.gender=="male", "

plt.title("Patients births / year")

plt.xlabel("Year")

plt.ylabel("Patients births")

plt.legend() # Add a legend to distinguish between male and female
plt.show()

irth_year"], agg_year.loc[agg_year.gender=="male", "count"], label:
plt.plot(agg_vear.loc[agg_year.gender=="female", "birth_year"], agg_vear.loc[agg_year.gender=="female", "count"], label="female")

‘resource.contaxt.reference’, ‘resource.perforner']

# Male births

# Female births



# Plot the distribution of careplan statuses
plot_count("resource.status", "Status of careplan", df=careplan_df2, size=1)

# Plot the distribution of class codes in encounters, with a large plot size
plot_count("resource.class.code", "class code (encounter)", df=encounter_df2, size=3)

# Plot the distribution of procedure codes with a larger plot size
plot_count("resource.code.text", "code text (procedure)", df=procedure_df2, size=4)

# Plot the distribution of observation display codes with a larger plot size
plot_count("resource.code.display", "display (observation)", df=observation_df2, size=4)

# I present the distribution of data for the observations, categorized by code.display.
# Unique observation display codes to plot
resource_code_display = observation_df2["resource.code.display”].unique()

num_plots = @ # Counter for the number of plots to be created
colors = ["orangered", "lime", "fuchsia", "navy"] # Define color palette

# Count the number of displays to plot, skipping specific display names
for display in resource_code_display[©:25]:
if display not in ["Blood Pressure", "Hemoglobin Alc/Hemoglobin.total in Blood", "Creatinine"]:
num_plots += 1

# Determine the grid layout for the subplots (max 5 columns per row)
num_rows = (num_plots - 1) // 5 + 1
num_cols = min(num_plots, 5)

# Create the figure for subplots
f, ax = plt.subplots(num_rows, num_cols, figsize=(20, 24))

# Iterate through the first 25 display codes, excluding specific ones, and create subplots
i=oe
for display in resource_code_display[©:25]:

i+=1

plt.subplot(num_rows, num_cols, i)

# Filter the data for the specific display and create a distribution plot

sel_df = observation_df2.loc[observation_df2["resource.code.display"] == display]
g = sns.displot(sel_df["resource.valueQuantity.value"], color=colors[i % 4])
g.set(ylabel=None)

g.set(xlabel=display) # Set x-axis label as the display name

# Remove empty subplots (if any) to avoid plotting issues
for j in range(num_plots + 1, num_rows * num_cols + 1):
f.delaxes(ax.flatten()[j-11)

# Show the entire grid of plots
plt.show()



# Get unique observation display codes from the DataFrame
resource_code_display = observation_df2["resource.code.display”].unique()

# Set up the number of rows and columns for the subplot grid
num_rows = 5
num_cols = 5
num_plots = @

# Define a color palette to be used for the plots
colors = ["orangered", "lime", "fuchsia", "navy"]

# Count the number of valid displays to plot (excluding certain display names)
for display in resource_code_display[26:5@]:
if display not in ["Cause of Death [US Standard Certificate of Death]"”, "Sexual orientation”, "HIV status",
"Abuse Status [OMAHA]", "Housing status", "Are you covered by health insurance or some other kind of health care plan [PhenX]"]:
num_plots += 1

# Create a figure and a grid of subplots to display the distributions
f, ax = plt.subplots(num_rows, num_cols, figsize=(20, 24))
i=oe

# Loop through the display codes and plot the distribution for each (excluding certain codes)
for display in resource_code_display[26:5@]:

i+=1

plt.subplot(num_rows, num_cols, i) # Create a subplot in the grid

# Filter the DataFrame for the specific display code

sel_df = observation_df2.loc[observation_df2["resource.code.display"] == display]

# Create a distribution plot for the filtered data

g = sns.displot(sel_df["resource.valueQuantity.value"], color=colors[i % 4])

g.set(ylabel=None) # Remove y-axis labels

g.set(xlabel=display) # Set the x-axis label to the display name

# Remove empty subplots if the number of plots is less than the total grid size
for j in range(num_plots+1, num_rows*num_cols+1)
f.delaxes(ax.flatten()[j-1])

# Show the grid of plots
plt.show()

# Violin plot: Distribution of 'valueQuantity.value' by 'code.display' for all observations

plt.figure(figsize=(12, 6))

sns.violinplot(x="resource.code.display', y='resource.valueQuantity.value', data=observation_df2, palette='viridis')
plt.title('Violin Plot of valueQuantity.value by code.display')

plt.xticks(rotation=90) # Rotate x-axis labels for better readability

plt.show()

# Violin plot: Distribution of 'valueQuantity.value' by 'code.display', this time flipping the axes
plt.figure(figsize=(12, 6))

sns.violinplot(y="resource.code.display’', x='resource.valueQuantity.value', data=observation_df2, palette='viridis')
plt.title('Violin Plot of valueQuantity.value by code.display')

plt.xticks(rotation=90) # Rotate x-axis labels for better readability

plt.show()

# Violin plot: Focusing on specific observation types like Body Weight, Height, and BMI

plt.figure(figsize=(12, 6))

sns.violinplot(x="resource.valueQuantity.value', y="resource.code.display', hue='resource.code.display"’,
data=observation_df2[observation_df2['resource.code.display’].isin(['Body Weight', 'Body Height', 'Body Mass Index'])],
palette='viridis', dodge=True)

plt.xticks(range(@, 240, 10)) # Set x-axis ticks range for body measurements

plt.title('Violin Plot of Body Weight, Body Height, and Body Mass Index')

plt.xlabel('Value Quantity Value')

plt.ylabel('Code Display')

plt.legend(title="Observation Type')

plt.show()



# Violin plot: Focusing on cholesterol and glucose-related observations
plt.figure(figsize=(12, 6))
codes_to_include = ['Total Cholesterol', 'Triglycerides', 'Low Density Lipoprotein Cholesterol’,
"High Density Lipoprotein Cholestercl’, 'Glucose']
filtered_df = observation_df2[observation_df2[ ‘'resource.code.display’'].isin(codes_to_include)]
sns.violinplot(x='resource.valueQuantity.value', y='resource.code.display’,
data=filtered_df, palette='plasma', dodge=True)
plt.xticks(range(@, 620, 208)) # Set x-axis ticks range for cholesterol and glucose measurements
plt.title('Vvielin Plot of Total Cholestercl, Triglycerides, Low Density Lipoprotein Cholesterocl, High Density Lipoprotein Cholestercl, Glucose')
plt.xlabel('Value Quantity Value')
plt.ylabel('Code Display')
plt.show()

# Violin plot: Sodium and Chloride levels

plt.figure(figsize=(12, 6))

sns.violinplot(x='resource.valueQuantity.value', y='resource.code.display', hue='resource.code.display',
data=observation_df2[observation_df2[ 'resource.code.display'].isin(['Sedium', 'Chloride'])],
palette='viridis', dodge=True)

plt.xticks(range(9@, 155, 5)) # Set x-axis ticks for Sodium and Chloride

plt.title('Vviolin Plot of Sodium, Chloride')

plt.xlabel('Value Quantity Value')

plt.ylabel('Code Display')

plt.legend(title='Observation Type')

plt.show()

# Violin plot: Urea Nitrogen, Calcium, Potassium, and Carbon Dioxide levels

plt.figure(figsize=(12, 6))

sns.violinplot(x="'resource.valueQuantity.value', y='resource.code.display', hue='resource.code.display’,
data=observation_df2[observation_df2[ 'rescurce.code.display'].isin(['Urea Nitrogen', 'Calcium’, 'Potassium', 'Carbon Dioxide'])],
palette='inferno', dodge=True)

plt.xticks(range(@, 33, 1)) # Set x-axis ticks for these chemical levels

plt.title('Vviolin Plot of Urea Nitrogen, Calcium, Potassium, Carbon Dioxide')

plt.xlabel('Value Quantity Value')

plt.ylabel('Code Display')

plt.legend(title='0Observation Type')

plt.show()

# Violin plot: FEV1/FVC, hospitalizations, and polyp size

plt.figure(figsize=(12, 6))

sns.violinplot(x='resource.valueQuantity.value', y='resource.code.display', hue='resource.code.display’,
data=observation_df2[observation_df2[ 'resource.code.display'].isin(['FEV1/\u2@@bFVC', 'History of Hospitalizations+\u2@@bOutpatient visits',

'Polyp size greatest dimension by CAP cancer protocols'])],

palette='cividis', dodge=True)

plt.xticks(range(@, 105, 5)) # Set x-axis ticks for FEV1/FVC, hospitalizations, and polyp size

plt.title('Vielin Plot of FEV1/FVC, History of Hospitalizations+Outpatient visits, Polyp size greatest dimension by CAP cancer protocols')

plt.xlabel('Value Quantity Value')

plt.ylabel('Code Display')

plt.legend(title="'0Observation Type')

plt.show()

# Violin plot: Eczema percentage area affected and MMSE total scores
plt.figure(figsize=(12, 6))
codes_to_include = ['Percentage area affected by eczema Head and Neck', 'Percentage area affected by eczema Trunk',
"Percentage area affected by eczema Upper extremitiy - bilateral’,
'Percentage area affected by eczema Lower extremitiy - bilateral’,
'Total score [MMSE]']
filtered_df = observation_df2[observation_df2['resource.code.display’'].isin(codes_to_include)]
sns.violinplot(x='resource.valueQuantity.value', y='resource.code.display’,
data=filtered_df, palette='viridis', dedge=True)
plt.xticks(range(-3@, 95, 5)) # Set x-axis ticks for eczema and MMSE score range
plt.title('violin Plot of eczema, Total score [MMSE]')
plt.xlabel('Value Quantity Value')
plt.ylabel('Code Display')

# Remove the legend for a cleaner look
plt.legend().remove()
Plt.show()



# Selection of observation data for one patient

# Identify the patient with the most observations available in the dataset
sel_patient = observation_df2["resource.subject.reference"].value_counts().index[@]
print(sel_patient)

# Set number of top patients to select (in this case, selecting 1)
n_patients = 1
top_patients = observation_df2["resource.subject.reference"].value_counts().index[:n_patients]

# Filter observation data for the top patient and save to a CSV file
observation_df3 = observation_df2[observation_df2["resource.subject.reference"].isin(top_patients)]
observation_df3.to_csv('filt_observations3.csv', index=False)

# Repeat the process for the condition data: find the patient with the most conditions
sel_patient = condition_df2["resource.subject.reference"].value_counts().index[@]
print(sel_patient)

# Select the top patient based on conditions and save filtered data to a CSV file
top_patients = condition_df2["resource.subject.reference”].value_counts().index[:n_patients]
condition_df3 = condition_df2[condition_df2["resource.subject.reference"].isin(top_patients)]
condition_df3.to_csv('filt_conditions3.csv', index=False)

# Repeat the process for patient data: find the patient with the most entries
sel_patient = patient_df2["resource.id"].value_counts().index[@]
print(sel_patient)

# Select the top patient based on patient data and save filtered data to a CSV file
top_patients = patient_df2["resource.id"].value_counts().index[:n_patients]
patient_df3 = patient_df2[patient_df2["resource.id"].isin(top_patients)]
patient_df3.to_csv('filt_patients3.csv', index=False)

# Repeat the process for care plan data
sel_patient = careplan_df2["resource.subject.reference"].value_counts().index[@]
print(sel_patient)

# Select the top patient based on care plan data and save filtered data to a CSV file
top_patients = careplan_df2["resource.subject.reference"].value_counts().index[:n_patients]
careplan_df3 = careplan_df2[careplan_df2["resource.subject.reference"].isin(top_patients)]
careplan_df3.to_csv('filt_careplans3.csv', index=False)

# Repeat the process for diagnostic report data

top_patients = diagnostic_report_df2["resource.subject.reference"].value_counts().index[:n_patients]
diagnostic_report_df3 = diagnostic_report_df2[diagnestic_report_df2["resource.subject.reference"].isin(top_patients)]
diagnostic_report_df3.to_csv('filt_reports3.csv', index=False)

# Repeat the process for encounter data

top_patients = encounter_df2["resource.patient.reference"].value_counts().index[:n_patients]
encounter_df3 = encounter_df2[encounter_df2["resource.patient.reference"].isin(top_patients)]
encounter_df3.to_csv('filt_encounters3.csv', index=False)

# Repeat the process for immunization data

top_patients = immunization_df2["resource.patient.reference"].value_counts().index[:n_patients]
immunization_df3 = immunization_df2[immunization_df2["resource.patient.reference"].isin(top_patients)]
immunization_df3.to_csv('filt_immunizations3.csv', index=False)

# Repeat the process for procedure data

top_patients = procedure_df2["resource.subject.reference"].value_counts().index[:n_patients]
procedure_df3 = procedure_df2[procedure_df2["resource.subject.reference"].isin(top_patients)]
procedure_df3.to_csv('filt_procedures3.csv', index=False)



# Plotting: Observation Data Visualization

# Create count plots for the top patient's observation data based on the code display and value quantity code
plot_count("resource.code.display"”, "display (observation)", df=observation_df3, size=4)
plot_count("resource.valueQuantity.cede", "value quantity code (observation)", df=observation_df3, size=4)

# Select columns to be used for further plotting
sel_obs_columns = ["resource.code.display", "resource.effectiveDateTime", "resource.valueQuantity.value",
"resource.valueQuantity.unit", "resource.valueQuantity.system", "resource.valueQuantity.code", "date"]

# Extract unique code display values for the top patient
resource_code_display = observation_df3["resource.code.display"”].unique()

# Create a grid of subplots to plot each unique code display's value over time
f, ax = plt.subplots(4, 5, figsize=(20, 24))
i=oe

# Loop through each code display and plot the corresponding values over time

for display in resource_code_display[:-2]: # Exclude the last 2 items for some reason
i+=1
plt.subplot(4, 5, i) # Create a subplot
plt.legend(loc=2, prop={'size': 3})

# Create a label with the display name and the value quantity code
sel_df = observation_df3.loc[cbservation_df3["resource.code.display"] == display]
label_text = f"{display}\n[{sel_df['resource.valueQuantity.code'].values[@]}]"

# Plot the value quantity over time

plt.plot(sel_df["date"], sel_df["resource.valueQuantity.value"], label=label_text)
plt.tick_params(axis='x', rotation=45, size=6) # Rotate x-axis labels for better readability
plt.xlabel("date")

plt.legend()

# Show the grid of plots
plt.show()

# Repeating the plotting process for more patients (patients 1 to 4)

for idx in range(1, 5):
# Select the patient with the idx-th most observations
sel_patient = observation_df["resource.subject.reference"].value_counts().index[idx]
print(f"Selected patient: {sel_patient}")

# Filter the observation data for the selected patient
obs_subset_df = observation_df.loc[observation_df["resource.subject.reference"] == sel_patient]

# Get the unique code display values for this patient
resource_code_display = obs_subset_df["resource.code.display”].unique()

# Define color palette for the plots
colors = ["red", "blue", "green", "magenta", "orange"]

# Create a grid of subplots to plot the selected patient's data
f, ax = plt.subplots(4, 5, figsize=(20, 24))
i=oe

# Loop through each code display and plot the corresponding values over time for the patient
for display in resource_code_display[0:28]: # Limit to the first 28 code displays

i4=1

plt.subplot(4, 5, i) # Create a subplot

plt.legend(loc=2, prop={'size': 3})

# Create a label with the display name and value quantity code
sel_df = obs_subset_df.loc[obs_subset_df["resource.code.display”] == display]
label_text = f"{display}\n[{sel_df['resource.valueQuantity.code'].values[@]}]"

# Plot the value quantity over time using a unique color for each patient

plt.plot(sel_df["date"], sel_df["resource.valueQuantity.value"], label=label_text, color=colors[idx])
plt.tick_params(axis='x"', rotation=45, size=6) # Rotate x-axis labels for better readability
plt.xlabel("date")

plt.legend()

# Show the grid of plots for the selected patient
plt.show()



import pandas as pd

# Load the patient data CSV file into a pandas DataFrame

file_path = 'filt_patients.csv'

df = pd.read_csv(file_path)

# Display the first few rows of the patient data

df.head()

# Drop unnecessary columns from the DataFrame related to patient information

df.drop(columns=['resource.text.status', 'resource.extension', 'resource.identifier’',
'resource.name’', 'resource.multipleBirthBoolean', 'resource.birthDate’,
'resource.resourceType', 'resource.address', 'resource.deceasedDateTime’,
'resource.multipleBirthInteger', 'resource.maritalStatus.ceding’,
'resource.extension.url'], inplace=True)

# Display the first few rows after dropping columns

df.head()

# Check for missing values (NaN) in each column and print the count
nan_counts = df.isna().sum()

print(nan_counts)

# Save the cleaned patient data to a new CSV file
df.to_csv("filt_patients2.csv", index=False)

# Load the observations data CSV file into a pandas DataFrame

file_path = 'filt_observations.csv'
df = pd.read_csv(file_path)
df.head()

# Display a specific value from the first row to check the data
df.iloc[@]["resource.code.coding"]
# Drop unnecessary columns from the observation data
df.drop(columns=["'resource.id', 'resource.status', 'resource.code.coding',
'resource.effectiveDateTime', 'resource.valueQuantity.unit',
'resource.valueQuantity.code', 'resource.resourceType',
'resource.valueCodeableConcept.coding'], inplace=True)
# Remove rows with missing values
df.dropna(inplace=True)
df.head()
# Select the top n observations based on frequency in 'resource.code.display’
n_observations = 16
top_observations = df["resource.code.display"].value_counts().index[:n_observations]
# Filter the DataFrame to keep only the rows corresponding to the top observations
df = df[df["resource.code.display”].isin(top_observations)]
# Save the filtered observations data to a new CSV file
df.to_csv("filt_observations2.csv", index=False)
# Pivot the observations DataFrame to have one row per patient and columns for each observation type
df = df.pivot_table(index=["'resource.subject.reference'],
columns="'resource.code.display’,
values="resource.valueQuantity.value',
aggfunc="first').reset_index()
# Check for missing values (NaN) in each column after pivoting
nan_counts = df.isna().sum()
print(nan_counts)
# Remove rows with any missing values after pivoting
df.dropna(inplace=True)
# Save the pivoted observations data to a new CSV file
df.to_csv("filt_observations2.csv", index=False)

# Load the conditions data CSV file into a pandas DataFrame

file_path = 'filt_conditions.csv'
df = pd.read_csv(file_path)
df.head()

# Display a specific value from the first row to check the data

df.iloc[@]["resource.code.coding"]

# Drop unnecessary columns from the conditions data

df.drop(columns=["'resource.id', 'resource.clinicalStatus', 'resource.verificationStatus’,
'resource.code.coding', 'resource.onsetDateTime', 'resource.resourceType’,
'resource.abatementDateTime', 'resource.code.code'], inplace=True)

df.head()



# Select the top n conditions based on frequency in 'resource.code.display’
n_conditions = 16

top_conditions = df["resource.code.display"].value_counts().index[:n_conditions]
# Filter the DataFrame to keep only the rows corresponding to the top conditions
df = df[df["resource.code.display"].isin(top_conditions)]

df.head()

# Remove rows with missing values

df.dropna(inplace=True)

# Save the filtered conditions data to a new CSV file
df.to_csv("filt_conditions2.csv", index=False)

# Load the encounters data CSV file into a pandas DataFrame

file_path = 'filt_encounters.csv'
df = pd.read_csv(file_path)
df.head()

# Print the unique classes of encounters in the dataset
unique_classes = df['resource.class.code'].unique()
print(unique_classes)
# Drop unnecessary columns from the encounters data
df.drop(columns=["'resource.id', 'resource.status', 'resource.type',
'resource.period.start', 'resource.period.end’,
'resource.resourceType’, 'resource.reason.coding'], inplace=True)

df.head()
# Add a presence column to indicate whether an encounter occurred (set to True)
df['presence'] = True
# Pivot the encounters DataFrame to have one row per patient and columns for each encounter class
df = df.pivot_table(index='resource.patient.reference’,

columns="resource.class.code’,

values='presence’,

aggfunc="max',

fill_value=False) # Replace NaNs with False (condition not present)
# Reset the index to make 'resource.subject.reference' a column again
df = df.reset_index()
# Replace boolean values with 1 (True) and @ (False) for easier analysis
df.iloc[:, 1:] = df.iloc[:, 1:].astype(int)
# Remove rows with missing values
df.dropna(inplace=True)
# Rename 'resource.patient.reference' column to 'resource.subject.reference' to match other datasets
df.rename(columns={'resource.patient.reference': 'resource.subject.reference'}, inplace=True)
# Save the processed encounters data to a new CSV file
df.to_csv("filt_encounters2.csv", index=False)

# Load the care plans data CSV file into a pandas DataFrame
file_path = 'filt_careplans.csv'
df = pd.read_csv(file_path)
# Display a specific value from the first row to check the data
df.iloc[@]["resource.addresses”]
# Drop unnecessary columns from the care plans data
df.drop(columns=["'resource.status’', 'resource.category', 'resource.period.start’,
'resource.addresses’, 'resource.activity', 'resource.resourceType',
'resource.period.end', 'resource.category.coding',
'resource.category.coding.code’, 'resource.activity.detail'], inplace=True)
df.head()
# Select the top n care plans based on frequency in 'resource.category.coding.display’
n_careplans = 16
top_careplans = df["resource.category.coding.display"].value_counts().index[:n_careplans]
# Filter the DataFrame to keep only the rows corresponding to the top care plans
df = df[df["resource.category.coding.display"].isin(top_careplans)]
# Add a presence column to indicate whether a care plan was provided (set to True)
df[ 'presence'] = True
# Pivot the care plans DataFrame to have one row per patient and columns for each care plan category
df = df.pivot_table(index='resource.subject.reference’,
columns='resource.category.coding.display’,
values='presence’,
aggfunc="max',
fill_value=False) # Replace NaNs with False (care plan not provided)
# Reset the index to make 'resource.subject.reference' a column again



df = df.reset_index()

# Replace boolean values with 1 (True) and @ (False)
df.iloc[:, 1:] = df.iloc[:, 1:].astype(int)

# Remove rows with missing values
df.dropna(inplace=True)

# Save the processed care plans data to a new CSV file
df.to_csv("filt_careplans2.csv", index=False)

# Load the procedures data CSV file into a pandas DataFrame

file_path = 'filt_procedures.csv'
df = pd.read_csv(file_path)
df.head()

# Drop unnecessary columns from the procedures data
df.drop(columns=['resource.status', 'resource.code.coding', 'resource.performedDateTime’,
'resource.resourceType', 'resource.performedPeriod.start’,
‘resource.performedPeriod.end’', 'resource.reasonReference.reference'], inplace=True)
df.head()
# Select the top n procedures based on frequency in 'resource.code.text’
n_procedures = 16
top_procedures = df["resource.code.text"].value_counts().index[:n_procedures]
# Filter the DataFrame to keep only the rows corresponding to the top procedures
df = df[df["resource.code.text"].isin(top_procedures)]
# Add a presence column to indicate whether a procedure was performed (set to True)
df['presence’'] = True
# Pivot the procedures DataFrame to have one row per patient and columns for each procedure
df = df.pivot_table(index='resource.subject.reference’,
columns="'resource.code.text',
values='presence’,
aggfunc="max",
fill value=False) # Replace NaNs with False (procedure not performed)
# Reset the index to make 'resource.subject.reference' a column again
df = df.reset_index()
# Replace boolean values with 1 (True) and @ (False)
df.iloc[:, 1:] = df.iloc[:, 1:].astype(int)
# Remove rows with missing values
df.dropna(inplace=True)
# Save the processed procedures data to a new CSV file
df.to_csv("filt_procedures2.csv", index=False)

# Load the immunizations data CSV file into a pandas DataFrame

file_path = 'filt_immunizations.csv'
df = pd.read_csv(file_path)
df.head()

# Display a specific value from the first row to check the data
df.iloc[@]["resource.vaccineCode.coding"]
# Drop unnecessary columns from the immunizations data
df.drop(columns=["'resource.status', 'resource.date', 'resource.vaccineCode.coding',
‘resource.wasNotGiven', 'resource.primarySource’', 'resource.resourceType’,
'resource.vaccineCode.coding.code'], inplace=True)
df.head()
# Add a presence column to indicate whether an immunization was administered (set to True)
df[ 'presence'] = True
# Pivot the immunizations DataFrame to have one row per patient and columns for each vaccine type
df = df.pivot_table(index='resource.patient.reference’,
columns='resource.vaccineCode.coding.display"',
values='presence’,
aggfunc="max"',
fill_value=False) # Replace NaNs with False (vaccine not administered)
# Reset the index to make 'resource.subject.reference' a column again
df = df.reset_index()
# Replace boolean values with 1 (True) and @ (False)
df.iloc[:, 1:] = df.iloc[:, 1:].astype(int)
# Remove rows with missing values
df.dropna(inplace=True)
# Rename 'resource.patient.reference' column to 'resource.subject.reference' to match other datasets
df.rename/(columns={'resource.patient.reference': 'resource.subject.reference'}, inplace:Trueﬂ

# Save the processed immunizations data to a new CSV file
df.to_csv("filt_immunizations2.csv", index=False)



import pandas as pd

# Load the processed patient data

file_path = 'filt_patients2.csv'

p_df = pd.read_csv(file_path)

# Load the processed observations data

file_path = 'filt_observations2.csv'

o_df = pd.read_csv(file_path)

# Load the processed conditions data

file_path = 'filt_conditions2.csv’'

c_df = pd.read_csv(file_path)

# Load the processed encounters data

file_path = 'filt_encounters2.csv'

e_df = pd.read_csv(file_path)

# Load the processed care plans data

file_path = 'filt_careplans2.csv'

care_df = pd.read_csv(file_path)

# Load the processed procedures data

file_path = 'filt_procedures2.csv’

proc_df = pd.read_csv(file_path)

# Load the processed immunizations data

file_path = 'filt_immunizations2.csv'

imm_df = pd.read_csv(file_path)

# Merge observations with patient data on the patient reference
merged_df = pd.merge(o_df, p_df[['resource.id', 'resource.gender', 'age']], left_on='resource.subject.reference', right_on='resource.id', how="left")
# Drop the redundant 'resource.id' column after merging
merged_df.drop(columns=[ 'resource.id'], inplace=True)

# Convert 'resource.gender' to integers: male -> @, female -> 1
merged_df['resource.gender'] = merged_df['resource.gender'].replace({'male': @, 'female': 1}).astype(int)
# Save the first merged DataFrame to a CSV file
merged_df.to_csv("mergingl.csv", index=False)

# Merge with conditions data on 'resource.subject.reference’

merged_df = pd.merge(merged_df, c_df, on='resource.subject.reference")

# Display the first few rows of the merged DataFrame and save it to a CSV file
merged_df.head ()

merged_df.to_csv("merging2.csv"”, index=False)

# Merge with encounters data on 'resource.subject.reference’

merged_df = pd.merge(merged_df, e_df, on='resource.subject.reference')

# Display the first few rows of the merged DataFrame and save it to a CSV file
merged_df.head()

merged_df.to_csv("merging3.csv", index=False)

# Merge with care plans data on 'resource.subject.reference’

merged_df = pd.merge(merged_df, care_df, on='resource.subject.reference’)

# Display the first few rows of the merged DataFrame and save it to a CSV file
merged_df.head()

merged_df.to_csv("merging4.csv", index=False)

# Merge with procedures data on 'resource.subject.reference’

merged_df = pd.merge(merged_df, proc_df, on='resource.subject.reference’)

# Display the first few rows of the merged DataFrame and save it to a CSV file
merged_df.head()

merged_df.to_csv("merging5.csv", index=False)

# Merge with immunizations data on 'resource.subject.reference’

merged_df = pd.merge(merged_df, imm_df, on='resource.subject.reference')

# Display the first few rows of the merged DataFrame and save it to a CSV file
merged_df.head()

merged_df.to_csv("merging6.csv", index=False)

# Load the final merged data from the CSV file

file_path = 'mergingé.csv’

df = pd.read_csv(file_path)

# Loop through each column and get the value counts to understand the distribution of data



for column in df.columns:
print(f"Unique value counts for column: {column}")
print(df[column].value_counts())
print("\n")

# Specify a list of columns to drop based on previous analysis (removing irrelevant features)
columns_to_drop = [
"resource.subject.reference", "Creatinine", "Acute bacterial sinusitis (disorder)", "Acute bronchitis (disorder)",
"Appendicitis", "Chronic sinusitis (disorder)", "Diabetes"”, "History of appendectomy",
"Normal pregnancy", "Otitis media", "Polyp of colon", "Prediabetes", "Sprain of ankle",
"Streptococcal sore throat (disorder)", "Stroke", "ambulatory", "daytime", "inpatient",
"outpatient”, "Angina self management plan", "Asthma self management", "Burn care",
"Chronic obstructive pulmonary disease clinical management plan", "Diabetes self management plan",
"Fracture care", "Head injury rehabilitation", "Musculoskeletal care", "Physical therapy procedure",
"Routine antenatal care", "Self care", "Skin condition care", "Terminal care",
"Urinary tract infection care”, "Wound care”, "Allergy screening test", "Bone immobilization",
"Childbirth", "Cognitive and behavioral therapy", "Combined chemotherapy and radiation therapy (procedure)”,
"Documentation of current medications", "Information gathering (procedure)", "Measurement of respiratory function (procedure)",
"Pulmonary rehabilitation (regime/therapy)”, "Spirometry (procedure)", "Sputum examination (procedure)",
"Standard pregnancy test", "Subcutaneous immunotherapy"”, "Suture open wound",
"DTaP", "HPV, quadrivalent", "Hep A, ped/adol, 2 dose", "Hep B, adolescent or pediatric",
"Hib (PRP-OMP)", "IPV", "Influenza, seasonal, injectable, preservative free",
"MMR", "Pneumococcal conjugate PCV 13", "Tdap", "meningococcal MCV4P",
"pneumococcal polysaccharide vaccine, 23 valent", "rotavirus, monovalent",
"varicella", “zoster"
1
# Drop the specified columns that are no longer needed for the analysis
df = df.drop(columns=columns_to_drop)
# Display the first few rows after dropping the columns
df.head()
# Drop a specific column by its index (23rd column)
df = df.drop(df.columns[23], axis=1)
# Save the final cleaned and merged dataset to a new CSV file
df.to_csv("merging7.csv"”, index=False)

#MACHINE LEARNING

from sklearn.model_selection import train
From lime.lime_tabular import | bula
from xgboost import XGBClassifier
from catboost import CatBoostClassifier

impert shap

import xgboost as xg

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split

from sklearn.metrics import accuracy_score, precision_score, f1_score, recall_score, roc_auc_score
From sklearn.inspection import PartialDependenceDisplay

from lime import lime_tabular

import lime

test_split

N

file_path = 'merging7.csv' # Replace with your actual file path

df = pd.read_csv(file_path)

X = df.drop(columns=['resource.gender’]) # Replace 'target_column' with your target column name
y = df['resource.gender’']

# Split the data into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=8.2, random_state=42)

# Initialize XGBoost classifier

model = XGBClassifier()

# Train the classifier

model. Fit(X_train, y_train)

# Make predictions on the testing data
predictions = model.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, predictions)

precision = precision_score(y_test, predictions, averages='macro')
recall = recall_score(y_test, predictions, average='macro')

#1 = f1_score(y_test, predictions, average='macro’)

roc_auc = roc_auc_score(y_test, predictions)

print(“Accurac accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("F1 Score:", f1)
print("roc_auc score:™, roc_auc)

explainer = shap.Explainer(model, X_train)

shap_values = explainer(X_test)

# Waterfall plot

plt.figure()

shap.waterfall_plot(shap_values[8], max_display=24)
plt.savefig('xgboostl_waterfall_plot.png’, bbox_inches='tight')
plt.close()

# Beeswarm plot

plt.figure()

shap.plots.beeswarm(shap_values, max_display=24)
plt.savefig('xgboostl_beeswarm_plot.png', bbox_inches='tight')
plt.close()

# Bar plot

plt.figure()

shap.plots.bar(shap_values, max_display=24)
plt.savefig('xgboostl_bar_plot.png', bbox_inches="tight')
plt.close()

# Summary plot

plt.figure()

shap.summary_plot(shap_values, X_test, show=False)
plt.savefig('xgboostl_summary_plot.png’, bbox_inches='tight')
plt.close()



columns = [
"Body Height", "Body Mass Index", "Body Weight", "Calcium", "Carbon Dioxide",
"Chloride", "Glucose",
"High Density Lipoprotein Cholesterol", "Low Density Lipoprotein Cholesterol”,
"Potassium", "Sodium", "Total Cholesterol"™, "Triglycerides", "Urea Nitrogen",
"age", "Acute viral pharyngitis (disorder)", "Hypertension",
"Viral sinusitis (disorder)", “"emergency", "Respiratory therapy", "Colonoscopy",
"Td (adult) preservative free"

# Loop through each column and generate both SHAP and Partial Dependence plots

for column in columns:
# SHAP Dependence Plot
fig = plt.figure(figsize=(8, 6))
shap.dependence_plot(column, shap_values.values, X_test, interaction_index="age", show=False)
plt.title(f"SHAP Dependence Plot for {column} (XGBoost)")
plt.savefig(f'xgboostl_SHAP_dependence_plot_{column}.png', bbox_inches="tight"')
plt.close()
# Partial Dependence Plot
fig, ax = plt.subplots(figsize=(8, 6))
PartialDependenceDisplay.from_estimator(model, X_test, [column], ax=ax)
ax.set_title(f"Partial Dependence Plot for {column} (XGBoost)")
plt.savefig(f'xgboostl_Partial_dependence_plot_{column}.png', bbox_inches='tight')
plt.close()

# Adding LIME

lime_explainer = lime.lime_tabular.LimeTabularExplainer(
X_train.values, # Use the training data for LIME background distribution
feature_names=X.columns,
class_names=['Male’, 'Female'], # Adjusted: 'Male’ corresponds to @, 'Female' corresponds to 1
discretize_continuous=True

# Explaining a single instance from X_test (e.g., the first row)
i =0 # Index of the instance in X_test to explain
exp = lime_explainer.explain_instance(
X_test.values[i], # Instance to explain
model.predict_proba, # Prediction function
num_features=24 # Number of features to show in explanation

# Show the explanation for the single instance

fig = exp.as_pyplot_figure()
plt.savefig(f'xgboostl_LIME_explanation_instance_{i}.png', bbox_inches="'tight"')
plt.close()

#CATBOOST

file_path = 'merging7.csv' # Replace with your actual file path

df = pd.read_csv(file_path)

# Assuming df is already defined with your dataset

X = df.drop(columns=['resource.gender']) # Replace 'resource.gender' with your target column name
y = df['resource.gender']

#*

Split the data into training and testing sets
_train, X_test, y_train, y_test = train_test_split(X, y, test_size=6.2, random_state=42)

>

# Initialize CatBoost classifier

model = CatBoostClassifier(iterations=106@, depth=6, learning_rate=0.1, loss_function='lLogloss', cat_features=None, verbose=280)
# Train the classifier

model.fit(X_train, y_train)

# Make predictions on the testing data

predictions = model.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, predictions)

precision = precision_score(y_test, predictions, average='macro')
recall = recall_score(y_test, predictions, average='macro')



recall = recall score(y_test, predictions, average='macro')
fl = fl_score(y_test, predictions, average='macro')
roc_auc = roc_auc_score(y_test, predictions)

print("Accuracy:", accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("F1 Score:", f1)
print("roc_auc score:", roc_auc)

# SHAP values for CatBoost

explainer = shap.Explainer(model)

shap_values = explainer(X_test)

# Waterfall plot

plt.figure()

shap.waterfall_plot(shap_values[@], max_display=24)
plt.savefig('catboostl waterfall_plot.png', bbox_inches='tight')
plt.close()

# Beeswarm plot

plt.figure()

shap.plots.beeswarm(shap_values, max_display=24)
plt.savefig('catboostl_beeswarm_plot.png', bbox_inches='tight')
plt.close()

# Bar plot

plt.figure()

shap.plots.bar(shap_values, max_display=24)
plt.savefig('catboostl_bar_plot.png', bbox_inches='tight')
plt.close()

# Summary plot

plt.figure()

shap.summary_plot(shap_values, X_test, show=False)
plt.savefig('catboostl_summary_plot.png', bbox_inches='tight')
plt.close()

columns = [
"Body Height", "Body Mass Index", "Body Weight", "Calcium", "Carbon Dioxide",
"Chloride", "Glucose",
"High Density Lipoprotein Cholesterol”, "Low Density Lipoprotein Cholesterol”,
"Potassium", "Sodium", "Total Cholesterol", "Triglycerides", "Urea Nitrogen",
"age", "Acute viral pharyngitis (disorder)", "Hypertension",
"Viral sinusitis (disorder)", "emergency", "Respiratory therapy", "Colonoscopy",
"Td (adult) preservative free"

# Loop through each column and generate both SHAP and Partial Dependence plots

for column in columns:
# SHAP Dependence Plot
fig = plt.figure(figsize=(8, 6))
shap.dependence_plot(column, shap_values.values, X_test, interaction_index="age", show=False)
plt.title(f"SHAP Dependence Plot for {column} (CatBoost)")
plt.savefig(f'catboostl_SHAP_dependence_plot_{column}.png', bbox_inches="tight')
plt.close()
# Partial Dependence Plot
fig, ax = plt.subplots(figsize=(8, 6))
PartialDependenceDisplay.from_estimator(model, X_test, [column], ax=ax)
ax.set_title(f"Partial Dependence Plot for {column} (CatBoost)")
plt.savefig(f'catboostl_Partial_dependence_plot_{column}.png', bbox_inches='tight")
plt.close()

# Adding LIME

lime_explainer = lime.lime_tabular.LimeTabularExplainer(
X_train.values, # Use the training data for LIME background distribution
feature_names=X.columns,
class_names=['Male', 'Female'], # Adjusted: 'Male' corresponds to @, 'Female' corresponds to 1
discretize_continuous=True



# Explaining a single instance from X_test (e.g., the first row)
i =8 # Index of the instance in X_test to explain
exp = lime_explainer.explain_instance(
X_test.values[i], # Instance to explain
model.predict_proba, # Prediction function
num_features=24 # Number of features to show in explanation

# Show the explanation for the single instance

fig = exp.as_pyplot_figure()
plt.savefig(f'catboostl_LIME_explanation_instance_{i}.png', bbox_inches='tight")
plt.close()

#XGBOOST

file_path = 'merging7.csv' # Replace with your actual file path

df = pd.read_csv(file_path)

X = df.drop(columns=['Colonoscopy']) # Replace 'target_column' with your target column name
y = df['Colonoscopy’]

# Split the data into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Initialize XGBoost classifier

model = XGBClassifier()

# Train the classifier
model.fit(X_train, y_train)

# Make predictions on the testing data
predictions = model.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, predictions)

precision = precision_score(y_test, predictions, average='macro')
recall = recall_score(y_test, predictions, average='macro')

fl = f1_score(y_test, predictions, average='macro')

roc_auc = roc_auc_score(y_test, predictions)

print("Accuracy:", accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("F1 Score:", f1)
print("roc_auc score:", roc_auc)

explainer = shap.Explainer(model, X_train)
shap_values = explainer(X_test)

# Visualize the first prediction's explanation with feature names
# Waterfall plot

plt.figure()

shap.waterfall_plot(shap_values[®], max_display=24)
plt.savefig('xgboost4_waterfall_plot.png', bbox_inches="tight')
plt.close()

# Beeswarm plot

plt.figure()

shap.plots.beeswarm(shap_values, max_display=24)
plt.savefig('xgboost4_beeswarm_plot.png', bbox_inches="tight')
plt.close()

# Bar plot

plt.figure()

shap.plots.bar(shap_values, max_display=24)
plt.savefig('xgboostd_bar_plot.png', bbox_inches="tight')
plt.close()



columns = [
"Body Height", "Body Mass Index", "Body Weight", "Calcium", "Carbon Dioxide",
"Chloride", "Glucose",
"High Density Lipoprotein Cholesterol", "Low Density Lipoprotein Cholesterol”,
"Potassium", "Sodium", "Total Cholesterol", "Triglycerides", "Urea Nitrogen",
"age", "resource.gender"”, "Acute viral pharyngitis (disorder)",
"Respiratory therapy", "Viral sinusitis (disorder)", "emergency", "Td (adult) preservative free",
"Hypertension"

# Loop through each column and generate both SHAP and Partial Dependence plots

for column in columns:
# SHAP Dependence Plot
fig = plt.figure(figsize=(8, 6))
shap.dependence_plot(column, shap_values.values, X_test, interaction_index="age", show=False)
plt.title(f"SHAP Dependence Plot for {column} (XGBoost)")
plt.savefig(f'xgboost4_SHAP_dependence_plot_{column}.png', bbox_inches='tight')
plt.close()
# Partial Dependence Plot
fig, ax = plt.subplots(figsize=(8, 6))
PartialDependenceDisplay.from estimator(model, X_test, [column], ax=ax)
ax.set_title(f"Partial Dependence Plot for {column} (XGBoost)")
plt.savefig(f'xgboost4_Partial_dependence_plot_{column}.png', bbox_inches='tight')
plt.close()

# Adding LIME

lime_explainer = lime_tabular.lLimeTabularExplainer(
X_train.values, # Use the training data for LIME background distribution
feature_names=X.columns,
class_names=['No Colonoscopy', 'Colonoscopy'], # Adjusted: 'Male' corresponds to ©, 'Female' corresponds to 1
discretize_continuous=True

# Explaining a single instance from X_test (e.g., the first row)
i =0 # Index of the instance in X_test to explain
exp = lime_explainer.explain_instance(
X_test.values[i], # Instance to explain
model.predict_proba, # Prediction function
num_features=24 # Number of features to show in explanation

# Show the explanation for the single instance

fig = exp.as_pyplot_figure()
plt.savefig(f'xgboost4_LIME_explanation_instance_{i}.png', bbox_inches="tight')
plt.close()

#CATBOOST

file_path = 'merging7.csv' # Replace with your actual file path

df = pd.read_csv(file_path)

# Assuming df is already defined with your dataset

X = df.drop(columns=['Colonoscopy']) # Replace 'resource.gender' with your target column name
y = df['Colonoscopy']

#*

Split the data into training and testing sets
_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

=

# Initialize CatBoost classifier

model = CatBoostClassifier(iterations=1806, depth=6, learning_rate=8.1, loss_function='Logloss', cat_features=None, verbose=208)
# Train the classifier

model.fit(X_train, y_train)

# Make predictions on the testing data
predictions = model.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, predictions)

precision = precision_score(y_test, predictions, average='macro')
recall = recall_score(y_test, predictions, average='macro')



fl = fl1_score(y_test, predictions, average='macro')
roc_auc = roc_auc_score(y_test, predictions)

print("Accuracy:", accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("F1 Score:", f1)
print("roc_auc score:", roc_auc)

# SHAP values for CatBoost

explainer = shap.Explainer(model)

shap_values = explainer(X_test)

# Visualize the first prediction's explanation with feature names
# Waterfall plot

plt.figure()

shap.waterfall_plot(shap_values[@], max_display=24)
plt.savefig('catboost4_waterfall_plot.png', bbox_inches="tight")
plt.close()

# Beeswarm plot

plt.figure()

shap.plots.beeswarm(shap_values, max_display=24)
plt.savefig('catboost4_beeswarm_plot.png', bbox_inches="tight')
plt.close()

# Bar plot

plt.figure()

shap.plots.bar(shap_values, max_display=24)
plt.savefig('catboost4 _bar_plot.png', bbox_inches='tight')
plt.close()

columns = [
"Body Height", "Body Mass Index", "Body Weight", "Calcium", "Carbon Dioxide",
"Chloride", "Glucose",
"High Density Lipoprotein Cholesterol", "Low Density Lipoprotein Cholesterol”,
"Potassium", "Sodium", "Total Cholesterol"”, "Triglycerides", "Urea Nitrogen",
"age", "resource.gender", "Acute viral pharyngitis (disorder)",
"Respiratory therapy", "Viral sinusitis (disorder)", "emergency", "Td (adult) preservative free",
"Hypertension"

# Loop through each column and generate both SHAP and Partial Dependence plots

for column in columns:
# SHAP Dependence Plot
fig = plt.figure(figsize=(8, 6))
shap.dependence_plot(column, shap_values.values, X_test, interaction_index="age", show=False)
plt.title(f"SHAP Dependence Plot for {column} (CatBoost)")
plt.savefig(f'catboost4_SHAP_dependence_plot_{column}.png', bbox_inches="tight')
plt.close()
# Partial Dependence Plot
fig, ax = plt.subplots(figsize=(8, 6))
PartialDependenceDisplay.from_estimator(model, X_test, [column], ax=ax)
ax.set_title(f"Partial Dependence Plot for {column} (CatBoost)")
plt.savefig(f'catboost4_Partial_dependence_plot_{column}.png', bbox_inches="tight")
plt.close()

# Adding LIME
lime_explainer = lime_tabular.LimeTabularExplainer(
X_train.values, # Use the training data for LIME background distribution
feature_names=X.columns,
class_names=['No Colonoscopy', 'Colonoscopy'], # Adjusted: 'Male’ corresponds to @, 'Female' corresponds to 1
discretize_continuous=True



# Explaining a single instance from X_test (e.g., the first row)
i = @ # Index of the instance in X_test to explain
exp = lime_explainer.explain_instance(
X_test.values[i], # Instance to explain
model.predict_proba, # Prediction function
num_features=24 # Number of features to show in explanation

# Show the explanation for the single instance

fig = exp.as_pyplot_figure()

plt.savefig(f'catboost4_LIME_explanation_instance_{i}.png', bbox_inches='tight')

plt.close()# Assuming df is already defined with your dataset

X = df.drop(columns=['Colonoscopy']) # Replace 'resource.gender' with your target column name
y = df['Colonoscopy']

# Split the data into training and testing sets

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Initialize CatBoost classifier

model = CatBoostClassifier(iterations=186@, depth=6, learning_rate=08.1, loss_function='Logloss', cat_features=None, verbose=280)

# Train the classifier

model.fit(X_train, y_train)

# Make predictions on the testing data

predictions = model.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, predictions)

precision = precision_score(y_test, predictions, average='macro')
recall = recall_score(y_test, predictions, average='macro')

fl = f1_score(y_test, predictions, average='macro')

roc_auc = roc_auc_score(y_test, predictions)

print("Accuracy:", accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("F1 Score:", 1)

(

print("roc_auc score:", roc_auc)

# SHAP values for CatBoost

explainer = shap.Explainer(model)

shap_values = explainer(X_test)

# Visualize the first prediction's explanation with feature names
# Waterfall plot

plt.figure()

shap.waterfall_plot(shap_values[@], max_display=24)
plt.savefig('catboost4_waterfall_plot.png', bbox_inches='tight')
plt.close()

# Beeswarm plot

plt.figure()

shap.plots.beeswarm(shap_values, max_display=24)
plt.savefig('catboostd4_beeswarm_plot.png', bbox_inches='tight')
plt.close()

# Bar plot

plt.figure()

shap.plots.bar(shap_values, max_display=24)
plt.savefig('catboostd4_bar_plot.png', bbox_inches='tight')
plt.close()

columns = [
"Body Height", "Body Mass Index", "Body Weight", "Calcium", "Carbon Dioxide",
"Chloride", "Glucose",
"High Density Lipoprotein Cholesterol", "Low Density Lipoprotein Cholesterol”,
"Potassium”, "Sodium", “"Total Cholesterol”, "Triglycerides", "Urea Nitrogen",
"age", "resource.gender", "Acute viral pharyngitis (disorder)",
"Respiratory therapy", "Viral sinusitis (disorder)", "emergency", “"Td (adult) preservative free",
"Hypertension"



# Loop through each column and generate both SHAP and Partial Dependence plots

for column in columns:
# SHAP Dependence Plot
fig = plt.figure(figsize=(8, 6))
shap.dependence_plot(column, shap_values.values, X_test, interaction_index="age", show=False)
plt.title(f"SHAP Dependence Plot for {column} (CatBoost)")
plt.savefig(f'catboost4_SHAP_dependence_plot_{column}.png', bbox_inches="'tight')
plt.close()

# Partial Dependence Plot

fig, ax = plt.subplots(figsize=(8, 6))
PartialDependenceDisplay.from_estimator(model, X_test, [column], ax=ax)
ax.set_title(f"Partial Dependence Plot for {column} (CatBoost)")
plt.savefig(f'catboost4_Partial_dependence_plot_{column}.png', bbox_inches='tight')
plt.close()

# Adding LIME
lime_explainer = lime_tabular.LimeTabularExplainer(
X_train.values, # Use the training data for LIME background distribution
feature_names=X.columns,
class_names=["'No Colonoscopy', 'Colonoscopy'], # Adjusted: 'Male' corresponds to 8, 'Female' corresponds to 1
discretize_continuous=True

# Explaining a single instance from X_test (e.g., the first row)
i = @ # Index of the instance in X_test to explain
exp = lime_explainer.explain_instance(
X_test.values[i], # Instance to explain
model.predict_proba, # Prediction function
num_features=24 # Number of features to show in explanation

# Show the explanation for the single instance

fig = exp.as_pyplot_figure()
plt.savefig(f'catboost4_LIME_explanation_instance_{i}.png', bbox_inches="'tight')
plt.close()

#XGBOOST

file_path = 'merging7.csv' # Replace with your actual file path

df = pd.read_csv(file_path)

X = df.drop(columns=['Td (adult) preservative free']) # Replace 'target_column' with your target column name
y = df['Td (adult) preservative free']

# Split the data into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Initialize XGBoost classifier

model = XGBClassifier()

# Train the classifier

model.fit(X_train, y_train)

# Make predictions on the testing data

predictions = model.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, predictions)

precision = precision_score(y_test, predictions, average='macro')
recall = recall_score(y_test, predictions, average='macro')
fl = f1_score(y_test, predictions, average='macro')

roc_auc = roc_auc_score(y_test, predictions)

print("Accuracy:", accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("F1 Score:", f1)
print("roc_auc score:", roc_auc)

explainer = shap.Explainer(model, X_train)
shap_values = explainer(X_test)



# Visualize the first prediction's explanation with feature names
# Waterfall plot

plt.figure()

shap.waterfall_plot(shap_values[8], max_display=24)
plt.savefig('xgboost5_waterfall_plot.png', bbox_inches='tight')
plt.close()

# Beeswarm plot

plt.figure()

shap.plots.beeswarm(shap_values, max_display=24)
plt.savefig('xgboost5_beeswarm_plot.png', bbox_inches="tight')
plt.close()

# Bar plot

plt.figure()

shap.plots.bar(shap_values, max_display=24)
plt.savefig('xgboost5_bar_plot.png', bbox_inches='tight')
plt.close()

columns = [
"Body Height", "Body Mass Index", "Body Weight", "Calcium", "Carbon Dioxide",
"Chloride", "Glucose",
"High Density Lipoprotein Cholesterol", "Low Density Lipoprotein Cholesterol”,
"Potassium", "Sodium", "Total Cholesterol", "Triglycerides", "Urea Nitrogen",
"age", "resource.gender", "Acute viral pharyngitis (disorder)",
"Respiratory therapy", "Viral sinusitis (disorder)", "emergency", "Colonoscopy”,
"Hypertension"

]

# Loop through each column and generate both SHAP and Partial Dependence plots

for column in columns:
# SHAP Dependence Plot
fig = plt.figure(figsize=(8, 6))
shap.dependence_plot(column, shap_values.values, X_test, interaction_index="age", show=False)
plt.title(f"SHAP Dependence Plot for {column} (XGBoost)")
plt.savefig(f'xgboost5_SHAP_dependence_plot_{column}.png', bbox_inches='tight')
plt.close()

# Partial Dependence Plot
fig, ax = plt.subplots(figsize=(8, 6))
PartialDependenceDisplay.from_estimator(model, X_test, [column], ax=ax)
ax.set_title(f"Partial Dependence Plot for {column} (XGBoost)")
plt.savefig(f'xgboost5_Partial_dependence_plot_{column}.png', bbox_inches="'tight")
plt.close()
# Adding LIME
lime_explainer = lime_tabular.LimeTabularExplainer(
X_train.values, # Use the training data for LIME background distribution
feature_names=X.columns,
class_names=['No Td vax', 'Td vax'], # Adjusted: 'Male' corresponds to ©, 'Female' corresponds to 1
discretize_continuous=True
)
# Explaining a single instance from X_test (e.g., the first row)
i =© # Index of the instance in X_test to explain
exp = lime_explainer.explain_instance(
X_test.values[i], # Instance to explain
model.predict_proba, # Prediction function
num_features=24 # Number of features to show in explanation
)
# Show the explanation for the single instance
fig = exp.as_pyplot_figure()
plt.savefig(f'xgboost5_LIME_explanation_instance_{i}.png', bbox_inches="tight')
plt.close()

#CATBOOST

file_path = 'merging7.csv' # Replace with your actual file path

df = pd.read_csv(file_path)

X = df.drop(columns=['Td (adult) preservative free']) # Replace 'target_column' with your target column name
y = df['Td (adult) preservative free']



# Split the data into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Initialize CatBoost classifier
model = CatBoostClassifier(iterations=16006, depth=6, learning_rate=6.1, loss_function='Logloss', cat_features=None, verbose=208)

# Train the classifier
model.fit(X_train, y_train)

# Make predictions on the testing data
predictions = model.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, predictions)

precision = precision_score(y_test, predictions, average='macro')
recall = recall_score(y_test, predictions, average='macro')

fl = f1_score(y_test, predictions, average='macro')

roc_auc = roc_auc_score(y_test, predictions)

print("Accuracy:", accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("F1 Score:", f1)
print("roc_auc score:", roc_auc)

# SHAP values for CatBoost
explainer = shap.Explainer(model)
shap_values = explainer(X_test)

# Visualize the first prediction's explanation with feature names
# Waterfall plot

plt.figure()

shap.waterfall_plot(shap_values[@], max_display=24)
plt.savefig('catboost5_waterfall_plot.png', bbox_inches="'tight')
plt.close()

# Beeswarm plot

plt.figure()

shap.plots.beeswarm(shap_values, max_display=24)
plt.savefig('catboost5_beeswarm_plot.png', bbox_inches='tight')
plt.close()

# Bar plot

plt.figure()

shap.plots.bar(shap_values, max_display=24)
plt.savefig('catboost5_bar_plot.png', bbox_inches='tight"')
plt.close()

columns = [
"Body Height", "Body Mass Index", "Bedy Weight", "Calcium", "Carbon Dioxide",
"Chloride", "Glucose",
"High Density Lipoprotein Cholesterol"”, "Low Density Lipoprotein Cholesterol”,
"Potassium", "Sodium", "Total Cholesterol", "Triglycerides", "Urea Nitrogen",
"age", "resource.gender", "Acute viral pharyngitis (disorder)",
"Respiratory therapy"”, "Viral sinusitis (disorder)", "emergency", "Colonoscopy",
"Hypertension"

# Loop through each column and generate both SHAP and Partial Dependence plots

for column in columns:
# SHAP Dependence Plot
fig = plt.figure(figsize=(8, 6))
shap.dependence_plot(column, shap_values.values, X_test, interaction_index="age", show=False)
plt.title(f"SHAP Dependence Plot for {column} (CatBoost)")
plt.savefig(f'catboost5_SHAP_dependence_plot_{column}.png', bbox_inches='tight')
plt.close()



# Partial Dependence Plot

fig, ax = plt.subplots(figsize=(8, 6))
PartialDependenceDisplay.from_estimator(model, X_test, [column], ax=ax)
ax.set_title(f"Partial Dependence Plot for {column} (CatBoost)")
plt.savefig(f'catboost5_Partial_dependence_plot_{column}.png', bbox_inches='tight"')

plt.close()

% Adding LIME
lime_explainer = lime_tabular.LimeTabularExplainer(
X_train.values, # Use the training data for LIME background distribution

feature_names=X.columns,

class_names=['No Td vax', 'Td vax'], # Adjusted: 'Male' corresponds to @, 'Femazle' corresponds to 1

discretize_continuous=True

# Explaining a single instance from X_test (e.g., the first row)
i =8 # Index of the instance in X_test to explain
exp = lime_explainer.explain_instance(
X_test.values[i], # Instance to explain
model.predict_proba, # Prediction function
num_features=24 # Number of features to show in explanation

# Show the explanation for the single instance

fig = exp.as_pyplot_figure()
plt.savefig(f'catboost5_LIME_explanation_instance_{i}.png', bbox_inches="tight")

plt.close()

#PREDIABETES/DIABETES MODEL
import pandas as pd

from xgboost import XGBCI.
from catboost import CatBoostClassifier
import shap

ifier

import xgboost as
from sklearn.model_selection import train_test_split

from sklearn.preprocessing import , LabelEncoder
from sklearn.preprocessing import
from sklearn.metrics import ¥
from sklearn.pipeline import
from sklearn.preprocessing import
from sklearn.model_selection import train_test_split

, accuracy_score, precision_score, f1_score, recall_score, roc_suc_score, max_

from sklearn.metrics import
from sklearn.preprocessing impert LabelEncoder
import xgboost as xgb

from lime.lime_tabular import

import matplotlib.pyplot as plt

import lime

import lime.lime_tabular

import matplotlib.pyplot as plt

import numpy as np

import joblib

file_path = '‘merge_observations.csv’
df = pd.read_csv(file_path)

df .drop(columnss[ ‘resource. code.coding’, 'resource.id_x', ‘resource.valueQuantity.unit’, ‘resource.code.code’, 'resource.status'], inplacesTrue)
df["resource.gender" |ndf[ "resource.gender"].replace({'male’': , 'female': 1}).astype(int)

df . rename(columns={ 'resource. code.display_x": ‘}, inplace=True)
df . rename(columns={ 'resource. code.display_y': 'conditions'}, inplacesTrue)
df.rename(columns={'resource.gender': 'gende: inplace=True)

df . rename (columns={"resource.valueQuantity.val ‘observation_value'}, inplacesTrue)
. rename(columns={'resource.subject.reference’: 'id'}, inplacesTrue)
df.dropna(inplace=True)

unique_classes = df['observations'].unique()
# Display the unigue classes
print(unique_classes)

unique_counts = df[conditions’).value_counts()
print(unique_counts)

n_observations = 16
top_observations = df[“observations"].value_counts().index[:n_observations]
df2 = df[df(" "].isin(top_ ions)

n_conditions = 20

top_conditions = df("conditions"].value_counts().index[:n_conditions]

df2 = df2[df2["conditions"].isin(top_conditions)]

df2.head(16)

isin(['Body Weight', 'Glucose’, 'Total Cholesterol','Triglycerides’, 'Low Density Lipoprotein Cholesterol’,'High Density Lipoprotein Cholesterel'])]

4f2 = df2[df2["observations”
4f2 = df2[df2[ " conditions'].isin(['Prediabetes’, ‘Diabetes'])]

unique_classes = df2['conditions’].unique()
print(unique_classes)

unique_classes2 = df2['observations'].unique()
print(unique_classes2)

num_rows = len(df2)

# Using shape attribute

num_rows = df2.shape(0]

print(f The DataFrame has {num_rows} rows.")

unique_counts = d€2[ 'observations'].value_counts()
print(unique_counts)



# Aggregate duplicate entries

df2_agg = df2.groupby(['id', 'observations']).agg({'observation_value': 'first’,
# Pivot the DataFrame

pivot_df = df2_agg.pivot(index='id"', columns='observations', values='observation_value').reset_index()
# Merge the pivoted DataFrame with the original one

merged_df = df2_agg[['id', 'age', 'gender','conditions']].merge(pivot_df, on='id"')

age': 'first', 'conditions': 'first’',

# Drop the 'observation_value' column (optional, if you want to remove it)

#merged_df.drop(columns=[ 'observation_value'], inplace=True)

#merged_df.dropna(inplace=True)

merged_df = merged_df.drop_duplicates()

# Now 'age' and 'conditions' columns will be retained in merged_df

merged_df.to_csv("pivoted2.csv", index=False)

han_counts = merged_df.isna().sum()

print(nan_counts)

merged_df["conditions"]=merged_df["conditions"].replace({'Prediabetes’': ©, 'Diabetes': 1}).astype(int)

X = merged_df.drop(columns=["id’', 'conditions'])

y = merged_df['conditions']

# Split the data into training and testing sets

_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)
# Initialize XGBoost classifier

model = XGBClassifier()

# Train the classifier

model.fit(X_train, y_train)

# Make predictions on the testing data

predictions = model.predict(X_test)

x<

# Evaluate the model

accuracy = accuracy_score(y_test, predictions)

precision = precision_score(y_test, predictions, average='macro')
recall = recall_score(y_test, predictions, average='macro')
fl = fl_score(y_test, predictions, average='macro')

roc_auc = roc_auc_score(y_test, predictions)
print("Accuracy accuracy)

print("Precision:", precision)

print("Recall:", recall)

print("F1 Score:", f1)

print("roc_auc score:", roc_auc)

explainer = shap.Explainer(model, X_train)

shap_values = explainer(X_test)

# Visualize the first prediction's explanation with feature names
shap.plots.waterfall(shap_values[@])
shap.plots.beeswarm(shap_values)

shap.plots.bar(shap_values)

fig=shap.plots.scatter(shap_values[:, "age"], color=shap_values)
#fig=shap.plots.scatter(shap_values[:, "observation_value"], color=shap_values)
figure = plt.figure()

shap.summary_plot(shap_values, X_test)
fig=shap.plots.scatter(shap_values[:, "gender"], color=shap_values)
# Save the model

joblib.dump(model, 'modell.pkl')

from sklearn.preprocessing import LabelEncoder

# Define Features and Target Variable

X = df2.drop(columns=['id', 'date', 'observations', 'conditions']) # Features
y = df2['conditions'] # Target variable

*

Convert categorical target labels to numeric labels

label_encoder = LabelEncoder()

y_encoded = label_encoder.fit_transform(y)

# Split Data into Training and Testing Sets

X_train, X_test, y_train, y_test = train_test_split(X, y_encoded, test_size=0.2, random_state=42)
# Initialize and Train XGBoost classifier

model2 = XGBClassifier()

model2.fit(X_train, y_train)

"gender':'first'}).reset_index()



# Make Predictions
predictions = model2.predict(X_test)
# Evaluate Model Performance
accuracy = accuracy_score(y_test, predictions)
precision = precision_score(y_test, predictions, average='macro')
recall = recall_score(y_test, predictions, average='macro')
fl = f1_score(y_test, predictions, average='macro’)
# For roc_auc_score, use predict_proba instead of predict (assuming multi-class classification)
try:
roc_auc = roc_auc_score(y_test, model2.predict_proba(X_test), multi_class='ovr')
except ValueError as e:
print(f"ROC AUC calculation error: {e}")
roc_auc = None # In case of an issue with roc_auc calculation

# Print evaluation metrics

print("Accuracy:"”, accuracy)

print("Precision:", precision)

print("Recall:", recall)

print("F1 Score:", f1)

if roc_auc is not None:

print("ROC AUC Score:", roc_auc)

# Initialize LIME Explainer

explainer = lime.lime_tabular.LimeTabularExplainer(X_train.values,
mode="'classification’,
feature_names=X_train.columns.tolist(),
class_names=label_encoder.classes_.tolist(), # Use the encoded class names
discretize_continuous=True)

# Choose a random instance for explanation

idx = np.random.randint(@, X_test.shape[0])

exp = explainer.explain_instance(X_test.iloc[idx].values, model2.predict_proba)
# Visualize explanation

exp.show_in_notebook(show_table=True, show_all=False)

# Save the model

joblib.dump(model2, 'model2.pkl")

import pandas as pd

from catboost import CatBoostClassifier

from sklearn.model_selection import train_test_split

from sklearn.metrics import accuracy_score, precision_score, fl_score, recall_score, roc_auc_score
import joblib

import shap

# Load data
file_path = 'merge_observations.csv'
df = pd.read_csv(file_path)

# Preprocess data

df.drop(columns=["'resource.code.coding', 'resource.id_x', 'resource.valueQuantity.unit', 'resource.code.code', 'resource.status'], inplace=True)
df["resource.gender"] = df["resource.gender"].replace({'male': 8, 'female': 1}).astype(int)

df.rename(columns={"'resource.code.display_x': ‘'observations'}, inplace=True)

df.rename(columns={"'resource.code.display_y': 'conditions'}, inplace=True)

df.rename(columns={"'resource.gender': 'gender'}, inplace=True)

df.rename(columns={"'resource.valueQuantity.value': 'observation_value'}, inplace=True)

df.rename(columns={"'resource.subject.reference’: *id'}, inplace=True)

df.dropna(inplace=True)

# Filter top observations and conditions
df2 = df[df["observations"].isin(['Body Weight', 'Glucose', 'Total Cholesterol', 'Triglycerides',

'Low Density Lipoprotein Cholesterol', 'High Density Lipoprotein Cholesterol'])]
df2 = df2[df2['conditions'].isin(['Prediabetes', 'Diabetes'])]

# Aggregate and pivot the data
df2_agg = df2.groupby(['id', 'observations']).agg({'observation_value': 'first', 'age': 'first’,

'conditions': 'first', 'gender':'first'}).reset_index()

pivot_df = df2_agg.pivot(index="id', columns='observations', values='observation_value').reset_index()



# Merge pivoted data with the original data
merged_df = df2_agg[['id', ‘age’, 'gender’, ‘conditions’]].merge(pivot_df, on='id')
merged_df = merged_df.drop_duplicates()

merged_df.to_csv("pivoted2.csv”, index=False)

# Check for NaN values
nan_counts = merged_df.isna().sum()
print{nan_counts)

# Prepare data for classification
merged_df["conditions"] = merged_df["conditions"].replace({ 'Prediabetes': @, 'Diabetes': 1}).astype(int)

X = merged_df.drop(columns=['id', 'conditions'])
y = merged_df['conditicns’]

a*

Split the data into training and testing sets
train, X_test, y_train, y_test = train_test_split(X, y, test_size=8.2, random_state=42)

B

# Initialize CatBoost classifier
model = CatBoostClassifier(verbose=e) # Set verbose to @ to disable output during training

# Train the classifier
model.fit(X_train, y_train)

# Make predictions on the testing data
predictions = model.predict(X_test)

# Evaluate the model

accuracy = accuracy_score(y_test, predictions)

precision = precision_score(y_test, predictions, average='macro')
recall = recall_score(y_test, predictions, average='macro')

f1 = f1_score(y_test, predictions, average='macro')

roc_auc = roc_auc_score(y_test, predictions)

print("Accuracy:”, accuracy)
print("Precision:", precision)
print("Recall:", recall)
print("F1 Score:", f1)
print("roc_auc score:", roc_auc)

# Explainer and SHAP visualization
explainer = shap.Explainer(model, X_train)
shap_values = explainer(X_test)

# Visualize the first prediction's explanation with feature names
shap.plots.waterfall(shap_values[8])

shap.plots.beeswarm(shap_values)

shap.plots.bar(shap_values)

shap.summary_plot(shap_values, X_test)

fig=shap.plots.scatter(shap_values[:, "age"], color=shap_values)
#fig=shap.plots.scatter(shap_values[:, "observation_value"], color=shap_values)
figure = plt.figure()

shap.summary_plot(shap_values, X_test)

fig=shap.plots.scatter(shap_values[:, “"gender"], color=shap_values)

# Save the model
joblib.dump(model, ‘catboost_model.pkl')

import streamlit as st

import joblib
model = joblib.load('medell.pkl')

def main():
st.title("Diabetes/Prediabetes Diagnosis")

# Input form for user data

st.header("Enter the following attributes:")

age = st.number_input("Age”, min_value=a, max_value=10@, step=1)

gender = st.selectbox("Gender”, (“Male", "Female"))

body_weight = st.number_input("Body Weight (kg)", min_value=30.0, max_value=200.8, step=a.1)

glucose = st.number_input("Glucose (mg/dl)", min_value=7.8, max_value=200.6, step=e.81)

high_chel = st.number_input(“High Density Lipoprotein Cholesterol (mg/dl1)”, min_value=38.8, max_value=180.8, step=1.8)
low_chol = st.number_input(“Low Density Lipoprotein Cholesterol (mg/d1)", min_value=58.8, max_value=198.8, step=8.e1)
triglycerides = st.number_input("Triglycerides (mg/d1)", min_value=5@.2, max_value=500.8, step=0.91)

# Make prediction
if st.button("Predict"):
# Prepare input data
input_data = [
[age, gender,body_weight, glucese, high_chol, low_chol, triglycerides]

# Convert categorical attributes to numerical
input_data[@][1] = 1 if input_data[@][1] == "Female" else @
print(input_data[e][1])

# Predict

prediction = model.predict(input_data)

# Display prediction result
if prediction[e] == e:

st.success("The person with the given details has Prediabetes.”)
elif prediction[g] ==

st.error("The person with the given details has Diabetes")

'_main_':

main()



