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Kedalaio 1.
Elcaywyn

1.1 AVTIKEIPNEVO TG SIMAWUATIKNG EPYATLAC

To avtikeipevo UEAETNG NG TAPAKATW OSIMAWUATIKNG gpyaciag elvat 1

Tapovsiacn Vewv peBodwv efopuing Sedopévwv amd Sla@opa OLKOVOUIKA

ovotiuata. Ot pgBodot avtol Bacilovtal oe VEEG TEXVIKEG TIOU AVATITUCCOVTAL

O0TOUG KAGSOUG TNG UNXOVIKNG HABNoNG KaBws Kal TnNG TEXVNTIS VONUOGUVNG.

Baoikol otoxol TG €§0puing SeSopévwy lval 1) e@appoyn TeEXVIK®WV TPOLRAeYNG,

1 aVayvwpLon, 1 TEPLYPAPT) 0€ PHEYAAES Bdoelg SeSopévwy kat TV Tagvounon-

BeAtiotomoimon twv mopwv NG Eppfabivovtag otoug otdyxoug n €£6puin

dedouévwy amotedeite amo:

[Ip6BAeym (prediction): Me tov Opo TpOPAeYn evvoolue Tnv
TPOOTIAOELX EKTIUNONG CUUTIEPACUATWY aTtO T Stabéopa dedopeva.
H mpoomaBela autn €xel WG MPWTAPYIKO 0TOXO TNV ANYTN 0woTwv
ATIOPACEWY WOTE VU PEYLOTOTIOMOEL TO KEPSOG KAl TAUTOXPOVA TNV
ATOTPOT SUCAPESTWY KATAGTACEWV.

Avayvwplon (recognition): Elvat 1 @Aaom 0OV TUTIOTIOMNUEVEG LOPPES
dedopévwv XpnoOTOOVVTAL Y TNV VTIPS SpacTIploTiTWV Kol
YEYOVOTWV.

[Teprypa@n (description): O teplypa@ikes Stadikaoies g eEdpuing
deSopévmwv, EXOUV WG GTAXO TNV TIEPLYPALPT) TWV YEVIKWV LOLOTHTWV 0T
vmapxovta Stabeopa dedopéva. H Stadikaoia autr, EMKEVIPOVETAL
OTNV ATOKAAVYM TIPOTUTIWV.

Ta&wounon (classification): Eivar 1 Sadikacio Staywplopov Twv
OTOLYElWV, IOV KATOATYEL 0€ SLAPOPETIKEG KATNYOPLES 1) KAROELG.
BeAtiotomoinon (optimization): O xpovog, 0 XWPOG, TO XPNUA KL 1)
peylotomoinon kdmowwv peyeBwv elvar n BEATIOTN Xp1omn KATOLWY

TOPWV YL TNV €§0pLEN YVWONG.



H €€6puvén yvwong umopel va yivel Héocw TOAAWY TINYWV, HLX €K TWV 0TIolwv gival
oL Baoelg SeSopévwv. I'a va emitevyOel autd 1 Sladikacia £xel wg eENG:

e Emloyn (selection).

e [lpoemegepyacia (preprocessing).

e Metaoynpationogs (transformation).

e E&0puin (data mining).

e Epunveia-A&loAdynon (interpretation-evaluation).

=
LIKELY 2
BUSIN SS oo
METHODS ”Jziéf?:u'f.‘[s
PROCESS LEA

. mrea“;"n A
- ASSOBRTIN SEND
it s CUSTOMERS ANALYSIS

= baa  DETERMINE
EXAMPLE srgngEUPLE“‘ il =S ro
KNOWLEDGE <. & Mgk
CrTATON MUDELING: = m
Jrons LTRAINED 3 INFOR MATION = = APPucAnuus -
" IDENTIFY = ‘g}fﬂ%mm; 2

i smlmumRECDRDS DETECTION  ALGORITHM TEST =
i LEARINGPATTERNS

AN MoveLs B 3 ALY | ARGE

Lt
2
-x
[==)
-x
—_
<I

DEC SI[]NE

:.5

Ewdva 1: EE6puén Sedopévwv

H teyvntny vonuoovvn (Artificial Intelligence - Al) [1], upepwkég @opeg
ATIOKOAELTAL UNXAVIKT] VO LOGUVT)], ELVALT] VOT|LOOVVT] TTOU KATASELKVOETAL ATTO TIG
UNXOVEG, 0€ avTiBEON LLE TN PUOLKT] VOILOGUVT TTIOU EU@avi{ouv oL GvBpwToL Kalt
AL {wa. ZTNV EMOTHUN TWV VTIOAOYLOTWV 1) épguva Al opileTatl wg N HEAETN TV
«EEUTTVWY TTPAKTOPpwV»: KABE GCUOKELT IOV AvTIAapBAveTal To TTepLBAAAOV TNG Kol
avoAapupavel SpACELS TOU HEYLOTOTOWOVV TNV TOAvOTNTA ETLTUXING TNG
emiteving Twv oTOXYWV TG O Opog «TEXVNTH VONUOCUVN» XPNOLUOTIOLEITAL
EMUEADG OTAV &val PMYAVNUO ULHEITAL TS «YVWOTIKEG» AELTOUPYIEG TOU O
avOpwTog cLVSEETAL e AAAX aVOPOTILVA HUOAQR, OTIWG «UdOnon» Kal «Emilvon

mpofAnuatwv». H texynm vonuoouvvn 18pvbnke ws akadnuaikn melBapyio to



1956 kot Ta TeAsvtala Xpovia €xelL Buwoel apKETA KUpata alolodoliag,
aKOAOVLOOVEVT] ATIO TNV ATOYONTEVOT KAL TNV ATWAELX TNG XPNUATOSOTNOTG
(Yvwot) wg «Xeyuwvag tov Al») akodlovBovpevn amod véeg Tpooeyyloels, emtuyia
Kal avavewpévn xpnuatodotnon. I'ia to peyaAldtepo PéPog TG Lotopiag g, N
épeuva Al éxel Stapebel og vtomedia TOLV CLUXVA SeV ETIIKOLVWVOUV PETAE) TOUG.
Avtd tavmonedia facilovTal o€ TEXVIKEG EKTIUNOELS, OTIWG ElVAL OL CUYKEKPLUEVOL
oTOXOL (TL.X. POUTIOTLKI] 1] UNXQAVIKT HAONON), N XP1|OT) CUYKEKPLUEVWV EPYUAEIWV
(Aoywn N texyvnTad vevpwvikd Siktva) N PabiEs @oco@kés Stapopés. Ta
vmomedila €youvv emiong PAcLOTEL 08 KOWWVIKOUG TIAPAYOVTEG (OUYKEKPLUEVA
WSpUHATA 1 €PYA OUYKEKPLUEVWV EPEVVNTWV). LTOV EIKOOTO TPWTO QALWVA, Ol
TeXVIKEG TOU Al €xouv Blwoel pia avalwmOPwoT HETA aTd TAUTOXPOVES eEeALEELS
omv efovola TOL UTOAOYLOTH, HEYGAX TOO0G OeSopévwv Kal BewpnTiky
KATavonon. kat oL TexVikég Al £xouv KATaoTel OLVOLACTIKO UEPOG TNG Blounxaviag
Texvoloyiag, cLUBAAAOVTAG GTNV ETAVOTN TOAAWY TPOKANTIKWV TPORANUATWY
OTNV EMOTNUN TWV VTOAOYLOTWY, OTI UNYAVIKY AOYLOUIKOU KAl OTNV €PELVA

Asttovpylwv [2, 3, 4].

Ewova 2: Texvnti| vonpoouvn
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1.2 AlapOpwon SIMAWUATIKIG

To kelpevo ™G epyaoia ywpiletal o€ mévte ke@aAata. To TTPWTO KEPAAALO
QTOTEAEL TNV ELOAYWYT) OTO AVTIKEILEVO TNG SIMTAWUATIKNG Epyaciag, kKabwe kal
va kaBoploel TOUG GTOXOUG AUTHG.

Zto 8e0TEPO KEPAAALO NG SIMAWUATIKNG YIVETAL avAAvomn o€ BACIKES
EVVOLEG TIOU OYETIOVTAL HE TNV UNXAVIKY Habnon kabw¢ kol oplopovg
KATNyoplwv Kal Sa@opwv pedodwv avtng. EmmAéov mapovoialovtat ot
aAyo6piBuol Tov Ba xpnopoTomBoUV o TNV CUVEXELX TNG EPYATLAG.

Y10 TPITO KEPAANLO AVAAVETAL 0 OPLONOG NG €§0pLENG SeSopévwy oV
Baoiletal 0 0KOVOULKA CLUOTNUATA KABWS 1| avdAVoT TOoU Tpoava@ePOEVTOG
PO A HATOG.

YTo TETAPTO KEPAAALO YIVETAL TOAPOUCLACT) TWV  APLOUNTIKWY
ATOTEAECUATWY, TWV CUVOAWY TWV SESOUEVWVY, OL HETPLKES aATOS00T G KHBWG Kal
N ovykplon peTtadl TOV aAyopiBpuwv Tou xpnowomombnkav wote va
TAPOVCLACTOVV Ol TIVAKEG UE TWV ATOTEAEOUATWY TWV SUO TPOTYOUUEVWV
EVVOLWV.

TéA0G, 0TO TMEUTITO KEPAAXLO TNG SIMAWUATIKNG EPYNCIAG AvVAYPAPOVTAL TA
OUUTIEPAGUATA IOV TIPOEKLPAV ATTO TN HEAETT) TNG, KABWGS KAL A0 TNV AVAAUOT)

TWV OTOLYEIWV TIOV TTAPOVCLAGTNKAV OE QUTH).
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KedaAaro 2.
Mnxaviki paénon

2.1 BaokEG £VVOLEG

H unxaviky udOnon (Machine Learning (ML)) elval éva medio texyvntig
vonuoouvng (Artificial Intelligence (Al)) Tov XpNOLLOTIOLEL OTATIOTIKEG TEXVIKES
YW@ va SWOEL 0TA CUCTHHATA NAEKTPOVIK®WV UTIOAOYLOTWV TN SUVATOTNTA VA
«paBaivouvy (Y., va BEATIOVOLY OTASIAKA TNV amdS00T O UL CUYKEKPLUEVT
epyacia) amd ta dedopéva, xwpls va mpoypaupatifovral pntd. Xto medio ¢
avaAvom G SeSoUEVWVY, 1) UNYAVIKT LABnon elvatl pia peBodog Tov xproLpoToLeiTal
Yl TNV EKTOVION CUVOETWV HOVTEAWV KAl AAYOPIBUWVY TIOU TTIPOCPEPOVTAL YL
™mv mPOPAEYN, KATL OV &lval YVwOoTO w¢ TMPOYVWOTIKY avaAvor. Avtd Tta
QVOAVTIKA HOVTEAQ ETILITPETIOVV OTOUG EPEVVITEG, TOUG EMIOTHLOVEG SESOUEVWY,
TOUG  UNXAVIKOUG  KOL  TOUG  OVAAUTEG Vo «Tapdyouvv  oELOTILOTES,
EMAVOAAAUPAVOUEVEG ATIOPACELS KAL QTOTEAECUATO» KOl VA OTOKAAVTITOUV
KKPLPEG TTANPOPOPIEG» HETW TNG LAONONG ATIO LOTOPLKEG OXETELS KL TACEL OTA
dedopéva.

H pmxavikn paddnon ta€vopeital ouvnbws oe S1A@opeg eVpeleg KaTNYopleG:

e Mabnon pe mAnpn enifAreym (Supervised learning)

e Mabnon pe pepkn enifAeym (Semi-supervised learning)
e Mabnon xwpls enifAeym (Unsupervised learning)

o Awdpaoctikn padnon (Active learning)

e Evioxyvpévn pabnon (Reinforcement learning)

2.2 MaOnomn pe mAnpn enifisym

H upabnon pe minpn emifAeyn (Supervised learning) eivar pila amd Tig
KATNYopleg UNYavIKAG UABNong, oTOX0G TG OTolag €lval 0 XUPaKTINPLOUOS
dedopévwv pe Baomn kamola dedopéva ekmaidevons. Ta dedopéva ekmaidevong

ATOTEAOVVTAL ATIO £V GUVOAO THPASELYUATWY TA OTOLA XPNGLULOTIOLOVVTAL VLA
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ekmaibevon povtéAwv. TNy emPBAeTOUEVT LABN 0T, KAOE TapASElY Lo aTtoTEAELTAL
aTd éva 0VUVOAO €L0OSOV Kal piag Tiums e€06ov. OL adyopiBuot pabnong pe mAnpn
eMiBAeYn kAvoLV avaAvoTn TwV SeSoPEVWV EKTIAISEVONG KAl TAPAYOLV &va
HOVTEAO TO oOTolo pmopel va ypnowwomomBel ylux va xoapakinpiloer véa
mapadetypata. To KaAUTEPO GEVAPLO EMITPETEL OTOV aAYOpLlOUO va kaboploet
OWOTA TNV ETIKETA TNG KATNYyoplag ylax dyvwota mapadetypata. M va emiteuyBet
auTO, amalteital o aAyoplOpog pabnong va yevikeVel amoé ta Sedopéva

ekaibevong oe aOPATEG CUVONKEG PE EVA «AOYLKO» TPOTIO.

, ~ @

( Algorithm ) ( Processing

Ewkova 3: MdBbnomn pe A pn emifAedm

2.2.1 Naive Bayes

0 ageAng taéwountric Bayes (Naive Bayes) [5] eivat évag amAog
TOAVOTIKOG Ta&lvounTig Tov PBacileTal oTNV EQAPUOYT] TOU BEWPNHATOS TOV
Bayes upe oxupés umoBéoelg avefaptnolag mou vmobBétouv OTL OAa TA
XAPAKTNPLOTIKA elval e€ioov aveaptnta. Xpnopomolel évav Bayesian adyoplOpo
v TN Stadikacia TG oLUVOALKNG TIOAVOTNTAG, I apx] Elval CUH@WVA PE TNV
TOAVOTNTA OTL TO KEIUEVO QVNKEL O Ml Katnyoplo TOavOTNTAG €K TWV
TPOTEPWYV, TO Kelpevo Ba avatedel otnv katnyopia g mBbavoétntag posterior. Me
amAd Aoyl evag a@eAng tadvountng Bayes vmobétel 0tL 1 mapovsia (1 M
amovcia) evOG CUYKEKPLUEVOL XAPAKTNPLOTIKOV HLag T&Eng Sev oxetileTal pe TNV

Tapovaoia (1 amovoia) oToLoVENTOTE AAAOV XXPAKTNPLOTIKOV.
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‘Otov:
e P(c|x) eivain mbavotnTaA posterior
e P(x|c) etvoun mBavoTTQAL
e P(c) elvaim mponyolpevng Taéng mbavomta

e P(x) elvatn mOavOTTA TIPOYVWOTIKOU

Class Prior Probability

Likelihood

‘.

 P(el)P(e)
EN

Fosterior Probability Predictor Prior Probability

P(c|X) =P(x,|e)=P(x,|c)=x---xP(x, |c)= P(c)

Ewkova 4: Naive Bayes

2.2.2 TeYVNTA VEVPWVIKA SiKTVX

Ta teyvnta vevpika Siktva (TNA) 1 ta cvotiuata oVvdeons eivat
UTIOAOYLOTIKA GUOTIUATH QCUPWG EUTVEVOUEVA ATIO TA BLOAOYIKA VEUPWVIKA
Sixtva Tov amoteAoUv eyké@aro Twv {wwvV [6] . To (6o To vevpikd Siktvo Sev
elvat aAyoplbuog, cAAd éva mMAAICL0 Yl TTOAAOUG SLPOpPETIKOVS AAYOPLOUOUS
UNXAVIKNG HABNoNG Yl va ouvepYAlovTal KAl va eMeEEPYALOVTUL TTOAVTIAOKES
€L0080VG Sedopuevwy. AUTA Ta CLOTNUATA «pabaivouv» va eKTEAOVV EPYAOIES
efetalovtag mapadelypata, YeviKd xwpis va mpoypappatifovral pe €161KoUg
Kavoveg. [a mapddetypa, oty avayvwplon €KOVwy, UTopel va uabouvv va
EVTOTIL{OVV EIKOVEG TIOV TIEPLEXOVV YATESG AVAAVOVTAG TAPASEYHATA ELKOVWY TIOV
EXYOUV YIVEL HE XEWPOKIVITN ETIONUAVON] WG «YATO» 1 «OXL YATOH» Kal
XPNOLUOTIOLWVTAG T ATIOTEAECUATA YlX TOV EVTOTIOHO TWV YATWV OE QAAEG

ewoveg. To kAvouv auTd XwPIG TPONYOUUEV] YVWON Yl TI§ YATEG, YA
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TAPASELYpa, OTL £x0VV YoUVQ, OVPES, LOVOTAKLA KL TIPOCWT IOV UOLAJOUV UE
yateg. Avt 'autov, Snpovpyolv QUTOUATA XXPAKTNPLOTIKA TRV TOTO 0N G ATIO TO
uabnolako vAko mov emeepydlovtal. ‘Eva texyntd vevpwviko Siktvo Baciletal
0€ Pl oUAAoYT ouvdedepuévwy povadwv 1 kOuBwv Tov ovopdlovtal TexvnTol
VEUPWVEG, OL OTIOl0L XOAAPA HOVTEAOTIOLOVV TOUG VEUPWVEG OE €Vay [BLOAOYLKO
eyké@aro. KaBe ouvdeon, 0TIwG oL cuvaPels o evav BLoAoyiko eyKEPAAO, pTtopel
Vo LETAOWOEL Eval ONHA ATTO Evay TEXVNTO VELPWVA oToV AAAo. Evag texvntog
VEUPWVAG TTIOU AAUBAVEL EVA O] LTTOPEL VA TO EMEEEPYAOTEL KAL OTT) GUVEXELA VXL
onuatodoToel TPOGOETOVG TEYXVNTOVS VEUPWVES TTIOV CLUVSEOVTAL E AUTO. XTIG
KOLVEG EQAPHOYEG TWV TEXVNTWV VEUPWVIKWV SIKTUWV, TO OTJUA OE UL GUVEEDT)
HETAED TWV TEXVNTWV VEUPWV®V EVAL £VAG TIPAYUATIKOG aplBpog kat 1 €6080¢6
KaBe TeExVNTOU vVELPWVA VTIOAOYIETAL ATIO KATIOLA [UT] YPAUULKT) GUVAPTNOT TOU
abpoiopuatog Twv eopowyv Tov. Ol OULVOECELS PETAED TEXVNTWV VEUPWVWOV
ovopalovtal «akpeg». OL TEXVNTOL VEUPWVEG KAL Ol AKPES £xouv cLVNOBwWS éva
Bapog mov pocapudletal ws éooda TG pabnong. To fapog aviavel N HELWVEL TNV
loXV TOU ONUATOG 0€ Pl oVVEeoT. OL TEYVNTOL VEVUPWVEG UTIOPEL VA €XOVV EVa
KATW@PAL TETOLO WOTE TO ONUA VX ATTOCTEAAETAL UOVO AV TO OUVOALKO ONUX
Slaoyioel autd To Oplo. TUTIIKA, OL TEXVNTOL VEVPWVEG GUCOWUATWOVOVTAL OE
otpwpata. Ta SLIAPOPETIKA CTPWUATA UTOPOVV VA EKTEAOVUV SLAPOPETIKA (0N
UETACXNUATIOUWY OTIS €l0080VG Toug. Ta onuata tagldevovy amd 1o MPWTO
OoTPpWHA (TO OTPpWHA ELGOSOV), HEXPL TO TeEAeuTalo oTpwuA (TO oTpWUA €§080V),
TOAVWG HETA aTtd TTOAAATAEG Sladpopés. O apykdg oTd)0G ™G TPooéyylong TNA
Ntav va AvBolv ta TpofANpata pe Tov (510 TPOTO HE TOV avOPWTILVO EYKEPAAO.
Q01600, [l TNV TAPOSO TOU XPOVOU, 1 TIPOCOXT] UETAKIVIONKE O0TNV EKTEAEDT
OUYKEKPLUEVWV KABNKOVTWY, 0dnywvtag oe amokAioels and 1 PloAoyla. Ta
TEXVNTA VEVPWVIKA SikTua €Y0oVV YpnopomonBel oe TokiAeg epyacies, OTwWG N
OpaO™N OTOV UTOAOYLOTI], 1| AVAYVWPLOT OWALAG, 1) UNXQAVIKY UETAQPPACT), TO
@EUTPAPLOUX  KOWWVIK®WV SIKTUWV, To Tmoyvidt pe moayvidla kot ta

Bwreomayvidia koL N Latpkn Stayvwon.
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Ewova 5: Texvntd veupiko Siktvo

2.2.3 MnXaVEG SLAVUOUAT®V VTTOGTINPLENG

O unyavég dtavvoudatwv vroothpiéng (support vector machines (SVM)) [7]
elval pabnolakd povtéda pe mANpN emiBAsdm Kol pE ouva@Els aAyoplBuovg
EKLAONONG TOU avaAvouv OGeSopéva TOU  XPNOLUOTOLOVVTAL YLt QVAAUOT
Taélvounong kat maAwwdpounone. AeSopévou OTL éva 6VUVOAO EKTIALSEVTIKWV
TAPASELYLATWY, KAOE éva amd Ta omola yapaktnpiletal OTL aviikel o€ pia 1 v
GAAN amo Svo katnyoples, évag aAdyoplbuog kataptiong SVM Snuovpyel éva
HOVTEAOD TOU ekYwpel vEa mapadelypata o€ ploa 11 v GAAn katnyopla,
KABLoTWVTAG TOV £vay pn mBavoTiko Suadiko ypauuiko tagvountr otwg 1 Platt
KAHaKQ vTapxouvv ywx va yxpnowpomowoete SVM oe g mBavotikny pubuion
ta&vounong). Eva povtédo SVM elval pio avamapAoTaoT) TwV THPASELY LATWY WG
ONUEll 0TO SLACTNUA, XAPTOYPAPNUEVA £TOL WOTE TA TApASElypHATA TWV
EEXWPLOTWV KATNYOPLWV SlalpolvTal HE €va Ca@EG xaoua 660 To Suvatov
EVPUTEPO. TN CLVEXELX, VEX TTAPASELYHLATA XAPTOYPAPOVVTAL GTOV (510 XWPO Kal
TIPOPAETETAL VAL AVI)KOVV OE LA KA TN YOpLia e BAOT TNV TAELPA TOV XACUATOG TTOV
mé@Touv. EKTO¢ amd v ektédeon ypappknig tagvounong, toa SVM pmopolv va
EKTEAOVUV ATOTEAECUATIKA [ 1) YPAUULKY TAELVOUNOT] XPNOLULOTIOLWVTAG QUTO
IOV OVOUALETAL KOATIO TOU TTUPNVA, XAPTOYPAPWVTAG CLWTNPA TIG EL0OSOVE TOUG
0€ XWPOUG HEYAANG Slaotdoews. ‘Otav ta dedopeva dev £xouv emionpavOei, 1
EMOTITEVOUEVT] HABNom Sev elvatl Suvatn Kol amoLTe(TAl PIX U1 ETOTTEVOUEV

uabnolakn mpooéyylon, n omola mpoomabel va Bpel @uoikn opadomoinon Twv
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S5eB0UEVWV OE OIABESG KL 0T GUVEXELX VAL XXPTOYPAPOEL VEX SESOUEVI OE AUTES
TIG OXNUATIOUEVES OpadeS. O adydplOpog opadomoinong @opéa vTTooTPLENG, TTOV
SnuovpynBnke amod toug Hava Siegelm wav Viadimir Vapnik, e@oappolel ta
OTATIOTIKA OTOWEI TWV @OPEWV VTOCTHPLENG TOU ovATITUCCOVTAL GTOV
QAYyOpLlOHO UNXQVIoCU®WV VUTOOTNPENG @OPEWV Yl TNV KATNYOPLOTIONon Hn
EMONUUOPEVWY  Sedopévwy  Kat  elval  évag  amd TOUG TIO  EUPEWS

XPNOLULOTIOLOVHEVOUG XAYOPLOOUG OPaSOTONoNG 0€ BLOUNYAVIKESG EQAPUOYES.

2.2.4 Mabnon pe oTLyplOTUTIX

0 k-mAnoiéatepog alyopiBuoc twv yerrtovwv (kKNN) [8] elvar pia un
TAPAUETPIK] HEBOSOG TOL XpnolpoToLleiTal yla TNV Tadlvounon Kot Tnv
maAwvdpounon. Kat otig SVo mepimtwoelg, 1 €icodog amoteAsital amd TA
TANOLEOTEPA TAPASEYHATA EKTIAISELONG OTO XWPO TWV XAPAKTNPLOTIKWY. H
€€odo¢ efaptatal amd 1o €dav 10 kNN xpnowoTmoleital ylwx tagwounon 1
maAwdpounon: Xmmv tadwwounon kNN, n €€odog eival pédog g taéng. ‘Eva
avTikelpevo Taglvopeital pe TAELOYM@Iia TV YEITOVWY TOV, [LE TO AVTIKEILEVO VA
avatiBeTal oty TA¢N Mov £lvat o cLVNOLOPEVT] GTOUG TIANGLEGTEPOUG YEITOVES
Tov (k elvat BeTikdg aképalog, ouvnBwe Hikpog). Av k = 1, TOTE TO AVTIKEILEVO
amAWG amodiSeTal 6TV KAGOT €KEIVOU TOU HOVASIKOU TANGLEGTEPOL YElTOVA.
Ynv kAlon kNN, 1 €€080¢ elvat 1) TN ISLOTNTAG YLK TO AVTIKEILEVO. AUTI 1 TLUN
elval 0 HEGOG OPOG TWV TLUWV TWV TANCLECTEPWYV YELTOVWYV Tou k. To kNN eival
évag TUTOG ekpabnong Baclopévng o€ OTIYUEG N TEUTEANG HaBnong, Omou 1
Asttovpyla mpooeyylleTal HOVO TOTILKA Kol OAOL oL UTIOAOYLopOl avaBaAlovtat
pexpL v tagvounor. 0 adyopdpog kNN elval amod Toug amAOVGTEPOUG OAWY TWV
aAyopiBpwv unxavikig pabnong. Téoo yia tagivounon 6o kat yia maAvdpounon,
HLoe xprion texvikn pmopel va xpnopomowmBet yia va amodwoel To Bdpog oTig
OUVELOPOPEG TWV YELTOVWYV, £TOL WOTE OL TIANCLECTEPOL YEITOVEG VAL GUVELGPEPOVV
TEPLOCOTEPO OTOV PHEGO OPO ATO TOUG TILO HAKPLVOUG. ['la TTapadetypua, Eva koo
oxnua Bapdtag cvvioctatal otV Tapoyn o€ kabe yeitova evog Bapovs 1/d,
omov d elvat 1 amoéotaon anmd tov yeitova. Ot yeitoveg Aapfdavovtat amd éva
OUVOAO QVTIKEHEVWY Yl Ta oTola elval yvwaotn 1 kAdomn (yia tnv taévounon

kNN) 1 1 Tiun 810t tag avtikelévou (Yo maAwvdpounon kNN). Autd pmopel va
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BewpnBel wG TO CET KATAPTIONG YLt TOV aAyopLlOpo, av Kol Sev amalteital pnto
Brua katdaptions. M Slaitepotnta tov aAyopiBuov kNN elvar O0TL elval
evalodntn otV ToTkn Soun Twv Sedopévwy. Ta mapadelypata ekmaidevong
elval opelg oe MOAVSIACTATO XAPAKTINPLOTIKO XWPO, 0 Kabévag pe ETIKETA
kAaong. H @daon kataptiong Tov adyopiBpov cuvictatal pdévo otnv amobikevon
TWV SLAVUOUATWY XAPAKTNPLOTIKOV KAl TWV ETIKETWV KAGONG TWV SELYUATWYV
ekmaidevong. X @aon tagvounong, k sivatl pa otabepd kaboplopevn amod to
XPNOTN Kol évag Un EMONUACUEVOS @OpEag (epwTnua 1 onueio Sokung)
TaéVopElTaL PE TNV avABEoN TNG ETIKETAG 1) OO E(VAL TILO GUYVY] HETAEY TWV
Setypatwv kataptiong k mAnoléotepa oto €v A0yw onpelo avalnitnons M
KOLV®WG XPTOLLOTIOLOVEVT) ATIOGTAOT) HETPTOTG YIA GUVEXEIG HETAPBANTES elval 1)
evkAelbela amootaon. a Stakpltés petafAntég, OmMwG ya v taglvounon
KEWWEVOY, uTopel va xpnolwpomomBel pa GAAN pétpnomn, OmMwG 1 HETPNON
emkadAvyng (M oamoéotacn Hamming). Xto TmAaiclo Twv dedopévwv
UIKPOOUOTOLYlaG YOVISIOHKNG €kppaonG, yia mapadeltypa, to kNN €xel emiong
XPNOoomomBel pe OLUVTEAEOTEG OLUOXETIONG OTIWG ol Pearson kat Spearman.
Tuxva, n akpifela tagvounons tov kNN pmopel va BeEATIwOEL onpavTiKA €Gv N
UETPNON ATTOOTAONG ATTOKTN Ol e eE€18IKEVIEVOUG AAYOPIOUOVGS OTIWG 1] AVAALOT)
TWV OUOCTATIKOV TOU TANGCLECTEPOVU TANGCLECTEPOV YEITOVA 1) TNG YELTOVLAG
ueydiov meplbwpiov. ‘Eva pelovéktnua g facikng tagvounong «ymeogopiog
ue mAeoym@io» ocvpfaivel 6Tav n Katavoun TG TEENg sivat Ao&n. AnAady,
TAPASELY AT HLXG TILO CUXVNIG TAENG TEIVOUV VA KUPLAPXOUV o TNV TIPpOLBAEYT TOV
VEOU TaAPASELYHATOG, ETELN TEIVOLV VA glval KOWVA HETAED TWV TTANCLECTEPWV Y
YEITOVWV AGY®w TOU PHEYAAOL aplBpoV Tous. ‘Evag Tpomog yia va Eemepaotel auTto
To MPOPANUa eival va otabuicete v Tagvounon, Aapfavovtag vmoymn v
amdoTacon amo To onUEl0 SOKIUNG 0 KABEVAY ATO TOUG TIANGLECTEPOUS YEITOVEG
tov k. H xAdon (1 n T, og mpofAnpata moAvépounong) kabétwv amo ta
mAnoléotepa onpela k moAdamAaoidletal pe éva Bapog avaAoyo TPoG TO
aVTIOTPOEO TNG ATTOOTACNG ATO AUTO TO oNEl0 oTo onpeio Sokung. 'Evag dArog
TPOTIOG YLl va EeTepaoTEL ) TP aApOpPwon elvaln a@aipeon otnv avanapdotaon
dedopévwv. T mapddelypa, oe €vav auvto-opyavwpevo xdptn (SOM), kdaBe
KOUBoG eival évag eKTMPOOWTOG (KEVIPO) WLAG OUASAG THPOUOLWY ONUEIWY,

AVEEAPTNTA ATIO TNV TTUKVOTITA TOV 0T apXlka deSopéva ekmaidevong O kNN
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UTIOPEL OTN OULVEXELX VA EQAPUOCTEL OTOV QUTO-OPYAVWUEVO XAPTN

organizing map (SOM)).

Ewkova 6: k-mAnoiéotepog adydplOpog twv yertovwv (kKNN)

2.2.5 Kavoveg ta&ivounong

(self-

0 kavovag taétvounonc JRip (RIPPER) sivat évag amd Toug facikovs KoL o

dnuo@ureic aAyopOuovs. Ot kAdoelg e€etalovtal oe péyebog peyéBuvong kol

TAPAYETAL €va APXIKO OUVOAO KOVOVWV yla TNV KAAOM HE TN XPNoTN TOov

aLEAVOUEVOL PELWUEVOL 0@AANATOG JRip (RIPPER) pe Ty emeepyacia OAwV TwV

TAPASELYLATWV HLAG CUYKEKPLUEVNG aTTO@aOoNG oTa Sedopéva ekTaibevons wg

T&EN KoL TNV 0PeCT EVOG CUVOAOU KAVOV®WV KOHAVUTITOUV OAX TA WUEAT] QUTNG TNG

TAENG. ITn OuvéEXElM TPOXWPA OTNV EMOUEVT TAEN KAl KAVEL TO

EMAVOAAUBAVOVTAG QUTO PEXPL VA KAAVTITOVTAL OAEG OL KAAOELG.

2.2.6 AévTpa amo@aong

2.2.6.1 C4.5

5o,

‘EVaG amd TOuG TO  YVWOTOUG Yl TNV KATHOKEUN SEVTPWV amo@aong

aAyOpLOUOG IOV XPTOLUOTIOLEL TO AGYO0 ToV kKEPSoug AN po@opiag eivat o C4.5 [9].

Mia amd TIG TIO TPOCPATEG EPEVVEG TIOU £YLVAV YL VX CUYKPIVOUV Ta SEvTpa

amo@AoNG He GAAOUG aAyopiBuovs pabnong eixav wg amotédeoua mwg o C4.5 el
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évav TOAU KaAd ouvévaocpo akpifelag kat tayvmmtag oto va pabaivel. H
TAPOVCLACT) TOV AAYOPIBUOL IOV WG TWPA AVATITUENNE, TIPOVTIOOETEL TN XprioN
KATNYOPIKWOV XAPAKTNPLOTIKWV. O aAyoplOuog C4.5 wotdoo Kal ol SLa@opeg
EMEKTACELS TOU, €Youv TN OLVATOTNTA VA SLHYXEPLOTOVV KOl GUVEXT
XOAPAKTNPLOTIKA, £QAPUOlOVTAG oTnV apxn kKabe avadpopikol Bnpatog pia
Sladikaoia PETATPOTNG TOUG O €va oLUVOAO Slakpltwv Aoywkwv (boolean)

XAPAKTNPLOTIKWV, YVWo T w§ Stakpltomoinon (discretization).

2.2.6.2 LMT

To logistic model tree (LMT) [10] elval éva povtéAo Ta&lvounong Ue €vav
OUVOESEUEVO  ETIOTITEVOUEVO QAYOPLOUO ekTaidevong Tou ouLVOLAleEL TNV
VAKOTEYVIKN TTaAvSpounon (LR) kat ™ pabnon twv §évipwv amo@daocewv. Ta
Sévipa Aoywkng povtédov Pacilovtat otnv maAadtepn W8Ea €vog SEvTpou
HOVTEAOVL: VU SEVTPO ATIOQAOTG TIOU £XEL LOVTEAN YPAUULKIG TTAALVOpOUNONG 0T
@UAAQ TOV Y0 VX TTIHPEXEL EVA TETPAYWVIKO HOVTEAO YPUUUIKNG TTAALVSPOUNONG
(6oL T KOWA SEVTPA ATOPACEWY e 0TABEPEG oTa PUAAX TOLG Ba TAPAyoLV
EVal TETPAYWVIKO oTabepd povtédo). Xtnv logistic TapoAiayn, o aAyoplOuog
LogitBoost xpnGOTIOLE(TAL IOt TNV TIXPAYWYT VOGS HovTéAoL LR o€ kaBe koufo
TOU SEVTPOV. 0 KOUBOG 0T GUVEXELX XWPLTETUL XPNOLULOTIOLWVTAS TO KpLTHpLo C4.5.
Ka&Be kAnom tov LogitBoost lval amd T AMOTEAEGUATA TOV GTOV YOVIKO KOWfo0.
TéAog, To 6évtpo kKAadevetal O Bacikog adyoplbuog emaywyng LMT xpnouoToLel
SlaoTavupoL eV ETIKVPWON Yo va Bpel évav aplBpd emavoaiyewv LogitBoost
Tov Sev vTepkaAUTTEL Tt Sedopeva exkmaibevong. Exel mpotabel pia taxvtepn
€k800T TIOU XPNOLUOTIOLEL TO KPLTIpLlo TTANpo@opLwV Akaike ylx Tov €Aeyx0 NG

Slakommg Tov LogitBoost.

2.3 MaOnon pe pepikn emifieym

H uabnon ue uepikn emifAen (Semi-Supervised Learning - SSL) elvai n
devtepn  katd oglpa  amO TG KATNYOPLEG UNYXQVIKNAG H&Onong Tmov
Tpoava@EPONKAV OTNV apyl] AUTOU TOU Ke@oAaiov kal mapouvolalel Tig

SLAKEKPLUEVEG TEXVIKEG UNYAVIKIG LABNONG LLE LoXLPT] YEVIKEVOT) TTOL TIpooTTAf OV
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Vo 6UVEVACOVY ATIOTEAECUATIKA TIG TIAT|PO@Opieg TaEvOunonG «dedousvwy mov
Eovv etikéta» (labeled data) kot ota «dedouéva mov Sev Eyovv EeTIKETa»
(unlabeled data). To Baowko6 (T ot pabnon pe pepikn emifAedm eivat Twgs Ha
YIVEL ATTOTEAECUATIKA 1] EKUETAAAEVOT] TWV TIANPOPOPLOV TIOV E(VUL KPUUUEVES
oTa Un emonpacpeva dedopeva. H pabnon pe pepikn emifAedm (SSL) €xet emiong
BewPNTIKO evSLA@PEPOV Yo TN unyavikn padnon (ML) kot wg TPOTUTO Yo TNV

avBpwmivn pddnon.

2.3.1 Self-training

O aAydpiBuog ekuabnong Self-training [11] elvan évag dAyoplBpog pabnong
ue peptkn emifAeym mouv yapakmnplletal amod v amAdTTA KAl TNV KAAN TOV
amddoon tTatwounong. Itov aAyoplOpo autd, Evag TallvounTnig  apxlKA
ekmaldevetal ypnowomolwwvtas labeled Sedopéva kal oavfavel To OUVOAO
eKTAiSeVOMG TOV OTASIAKA |LE TIG TILo Glyovpes TpofAEels o€ unlabeled Sedopéva
Kal emavekmadevetal. To HEOVEKTNHA auTig NG peBodoAoyiag pmopel va

odnynoetl oe AavBacopéves tpoPAEPels eqv vapEel B0puBog ota dedopéva Tov

TaélvopoLVTAL
Mia meptypapn) Tov adyoptuov Self-Training:
Input: L - Set of labeled instances
U - Set of unlabeled instances
ConLev - Confidence level
C - Base learner
Output: Trained classifier.
1: repeat

2: Train C on L.
3: Apply Con U.

4. Select instances with a predicted probability more than ConLev
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per iteration (xycp)-
5: Remove xycp from U and add to L.

6: until some stopping criterion is met or U is empty.

2.3.2 Co-training

Me tov 6po Co-training [12] avaepopaote oe évav semi-supervised
aAyoplBpo expdbnong moAlamAwv OPewv. Xtov oAydplBpo auvtodv, Svo
TaélvounTég ekmaldevovtal amd éva 8lo ovvoAo SeSopévwy, pPE TOV KAOE
Ta&LVOUN TN VA XPNOLUOTIOLEL Eva TEAEIWG AVEEAPTNTO GVUVOAO XAPAKTNPLOTIKWV.
Tnv wpa avtig TS Stadikaciog KABe TAELVOUN TG EMAVUANTITIKG SIVEL ETIKETEG OE
uepka unlabeled dedopéva, Ta omoia £5elav peyaATePN Glyovpia TNV TLU TOU
ATIOTEAECUATOG TOUG ATO TNV «OTTIKN ywvia» kabe tavount. Etol va véa
dedouéva ov pokVTITOVV evtdocovTtal ota labeled Sedopéva kabe tafvounty),
ue amotédeopa ta labeled dedopéva va avinbovv . O Co-training xpnoipomotet
eniong ta unlabeled Sedopéva yia va eKTASEVEL TOUG TAELVOUNTEG KATW atd Vo
TpouToBecels. H mpw™ OTL Ol OMTIKEG YwVieg Sev MPEMEL VA €(0VV PEYAAN
Staopa petafy toug. H Sevtepn  elvar OTL amoaiteitar emapkng aplOuog

dedopévwy yla TV ekmaidevon Tov Tagvount.

Mia mepLypapi) Tov adyoptOuov Co-training:

Input: L - Set of labeled instances.
U - Set of unlabeled instances.

C; — Base learner (i = 1, 2).

Output: Trained classifier.

1: Create a pool U ’of u examples by randomly choosing from U.
2:repeat

3: Train C; on L(V1).
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4. Train C, on L(V2).
5: for each classifier C; do (i = 1, 2)

6: C; chooses p samples (P) that it most confidently labels as positive
and n instances (N) that it most confidently labels as negative from
U.

7: Remove P and N from U'.

8: Add Pand N to L.

9: end for

10:  Refill U’ with examples from U to keep U’ at constant size of u examples.

11: until some stopping criterion is met or U is empty.

2.3.3 Tri-training

M GAAn mpooéyylon mov PBaciletal emiong oe plax uebBodoloyia Tov
ouvoAov elval o adyopiBpog Tri-training [13], o omolog amoteAel pia BeATiwpévn
EMEKTAON UG TPOooAnG tou aAyopiBpov Co-training. Avutdg o aAyoplbuog
xpnowomolel éva labeled oUvolo SeSopévwy yla va ekTalSeoeL apXIKA TPELS
BaowkoUs TaglvounTég oL 0ToloL XPTOLLOTIOLOVVTAL YIX VX KAVOUV TIPOBAEPELS Yia
TIG epmtwoelg tov unlabeled cuvoAou Sedopévwv. Ltn ocuvexewa, v SVo
Baowol Ta&lvounTtég cUPE®WVOLV 0TO (8l0 ATIOTEAEGUA TIOU TPOKVUTITEL ATIO T
dedopéva, dnAadn to ocvvoAo va yivel labeled, ToTe Kat Yy Tov Tpito Pacikd
taélvounTtn to amotéAeopa Oa yivel labeled. T'ivetal yprion TG oTpaATNYIKNS N

mAeloym@ia kabBodnyel v pelovotnTa.

M teptypagn tov adyoptBuov Tri-training:

Input: L - Set of labeled instances.
U - Set of unlabeled instances.

Ci - Base learner (i=1, 2, 3).

Output: Trained classifier.
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1:fori = 1,2,3do
2: S; = BootstrapSample(L).
3: Train C; on §;.

4: end for

5: repeat

6: fori=1,2,3do

7: L; = Q.

8: forueUdo

9: if Cj(u) =Cy(u) then (j, k # i)
10: L;=L; U (u, G (u)).
11: end if

12: end for

13: endfor

14: fori=1,2,3do

15: Train C; on §;.

17: end for

18: until some stopping criterion is met or U is empty.

2.3.4 Democratic Co-learning O Democratic Co-learning (Demo-Co) [14] eival évag
vedg semi-supervised aAyoplOpog plag-oymg, o omolog YpMolHoToLETAL YA
EQPAPULOYEG XwPIG SVO aveEdpTNTA KAL UTIEPAPLOUA CUVOAX SUVATOTHTWY XAAA Yl
poe pkpn opdada labeled 8edopévwv. Etov Demo-Co, pla oelpd SLA@OPETIKWV
aAyopilBuwv pabnong xpnolpwomolovvTal Y TNV ekmaibevorn evog ouvoAou

taéwvountwv oe labeled ovvoAo §eSopévwy, Eexwplota.

2.3.5 Co-Forest

Ytov alyopibuo Co-Forest [15], évag apOudg tuyaiowv 6évtpwv (Random
Tree) exmodevovtal Tavw oe avtodUvapa dedopéva, amd To oVVoAo §edopevwy,
katm €60606 opileTal oav oLUVSLAOHOG EexWPLOTWV TIPOPAEYEWV Yia kaBe S€vTpo.

H Baown 18ed miow amdé tov aAyoplBpo eivat O0TL Katd Vv SLEApKELA NG
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ekmaldevTiknG  Swadikaciag, o aAyoplOpog avabétet pepwka  unlabeled
mapadelypata o kabe tuyaio Sévtpo Eexwplota. Emiong, mapatnpovue OTL N
amodoTikoTnTa Tou Co-Forest Baciletal otnv xprion Tuxaiwv §EVIpwYV, TAPOAo

IOV 0 ApLOPOS Twv Stabéouwy labeled Tapadelyudtwy HELWOVOVTAL O|UAVTIKA.

2.3.6 SETRED

H nuebodog SETRED (Self-trained with editing) [16], 0 aAydplOpog autog pog
TAPOVCLAleEL pla TEXVIKN emegepyaoiag dedouévwy Stadikaoia avto-ekmaibevong
ue oKoTO va @ATpapeL tov 00pufo ota self-labeled mapadeiypata. Zuykekpipéva,
UETA TNV EMOAVUAVOT TWV KATOLWVY TAPASELYUATWY IOV €X0UV eTAeXOel amod
unlabeled ovvolo. O SETRED avaywvpilel ta mbava mapadeiypata mov £xouvv
TapeL AdBog eTikéTa péow NG Bonbelag mov maipvel amd ta dedopéva Tov
YELTOVIKOU YPAPNUATOG, £TCL KAVEL KPATNOT TWV TIHPASELYUATWY QUTWV YLA VO
amo@UYeL 0TL B TTpooteBOVV 6TO 6UVOAO ekTaibevong kabe Ta&vountn, EXovtag

EToL Atyotépo B0pufo otnv ekmaidevon.

2.3.7 Co-Bagging

O aAyopBuog Co-Bagging [17] O&nuoupyel pepkolG PaotkolC TOELVOUNTEC
Xpnolomnolwvtag tov (lo aAyoplBuo padnong os autoduvapo Selypa, mou Snuioupynbnke
pe tuxaio avadswypatoAndio pe avtikatdotaon omd To opXLko OeT ekmaidsuong. Kabe
outodUvapo Selypa mepléxel mepimou ta 2/3 TOU OpXKOU OET ekmaidevuong, Omou Kabe

napadetypa propei va epdaviotei moAEC dopég.

2.3.8 CST-Voting

O CST-Voting [18] aiyoplBuog amoteAeital amod Tov cuvSuaoud Tplwv SSL
aAyopiBuwyv kal cuykKekpLEVa kKavel xpnomn Twv Co-training, Self-training kat Tri-
training. H amoteAeopatikotnta tov CST-Voting a&loAoyeitat pe Tov aplOuod mov

TIPOKUTITEL ATIO TNV SOKLUAC L EMIEO0EWY 6TO GUVOAO SESOUEVWY, OE GYXEOT UE TNV
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akpifela taflvounong pe tnv xpnon twv tpiwv supervised taflvounTtwv wg

Baowol pabnteg.

Mua nepiypacpn tou aAyoptduouv CST-Voting:

Input: L - Set of labeled training instances.

U - Set of unlabeled training instances.

Output: The labels of instances in the testing set.

/* Phase I: Training*/
1: Self-training(L,U)
2: Co-training(L,U)

3: Tri-training(L,U)

/* Phase II: Voting-Fusion*/

4: for each xe Tdo

5: Apply Self-training, Co-training, and Tri-training on x.
6: Use majority vote to predict the label y* of x.
7: end for
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KedaAaro 3.
E¢0puén yvwong amo olkoOvOouLKA
debopéva

3.1 Elcaywyi)

H €€6puén yvwong (Data Mining) elvat pua texvoloyia mov Bonbast Tig
EMXEPNOELS KABWG Kat S1a@opoug AAAOVG TOUEIG TOL €ouv cav KUpLO
XAPAKTNPLOTIKO Kol BacilovTal 6Tnv 0lkovouia, Vo E6TIACOVV GTNV AN po@opia
mov Pploketal péoca otig amobnkes Sedopévwv tous (Data Warehouses). Ot
TEXVIKEG TNG Elvat o€ BEom va avalntioovy Kal va Bpouv ypriyopa Kabws Kol Ue
Aemttopépla Baocelg SeSopévwy Yo TNV avald)tnon KPUUUEVWY TPOTUTIWY
(patterns). T Tov Adyo autd N €€0pLEN YVWONG EXEL XAPAKTNPLOTEL oAV Lo
Stadikaoia eEorywyns KPUUUEVTS TTANPOQOPLOG TTOV KAVEL TNV avalr)Tnon TGS Héoa
o€ peyaies Baoelg Sedopévwv. «EE6puEn Sedopévwy eivat ) Stadikacia eEaywyng
VTIOVOOUEVTG KAL EV TIOAAOIG AYVWOTNG XAAQ EVEEXOUEVWS XPNOLUNG YVWOOTG UTIO
TNV LOPPT) CUCYETIOEWV TTPOTUTIWV KAL TACEWV, LECW TN G EEETAOTG AVAAVOTG KL
enegepyaoiag faoewv dedopevwy, ouvSLVALOVTAG KAL XPNOLULOTIOLWVTAS TEXVIKES
QTIO TNV UMY AVIKT LABT oM, TNV AVayvwpLoT TPOTUTIWY, TV OTATIOTIKY, TIG BACELS
dedopévwv kat v omrtikomoimon.» (Piatetsky-Shapiro & Frawley). Tlapa to
YEYOVOG OTL UTAPXEL HIX YEVIKOTEPN OLUEWVIA OTL 0 0TOXO0G TNG €5OPLENG
dedopévwv elval 1 avakdAvym vEag Kol xpNoung TAnpo@opiag ot BAcElg
SeSOUEVWY, TA HECA YL TNV ETTEVEN TOV 6TOXOV AUTOV TIOIKIAOVV 6€ TTOAV LYMAD
Babuo. H e€6puén yvwong meplapfavet éva evpl medio VTOAOYLOTIKWV HEBOSwWV
IOV PETAEY AAAWV TepAapBdvouy, TNV OTATIOTIKN avaAvon (statistical analysis),
T 8€vdpa amoacewv (decision trees), Ta vevpwvika Siktva (neural networks),
™mv egaywyn kavovwy (rule induction) koL Ty ypa@ikn omtikomonon (graphic
visualization). T€toleg pebodot xpnNoLLOTOLOVVTAL YIA TNV EVPECT] CUCXETIOEWY,
TPOTUTWV KAl SOPUWV 0€ PEYAAES Kal SLapKwG aviavopeves Bdoelg dedopévwv.
E8ikdan edpeon epyadeiwv elval éva 1dLaitepa onUavTiko eEayopevo g eE6puing

SeSoUEvwV HECW OXECEWV HETAEL TWV XAPAKTNPLOTIKWV TWV BAoewv SeSopevmv.
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3.2 Asiktnc Dow Jones

H tepdotia Stabéoun moootnTa SES0UEVWVY ATIO TIG XPIUATIOTPLAKES
ayopés kabBwe kat amd Ti§ Ttaxeieg e€eAilelg oty TeYvoAoyia, emétpePe TNV
QVATITUEN] CUOTNUATWV VTOOTHPLENG amo@acewv Yy va Bonbnoovv o€
mepimioka meplBaArovta AMUMG amo@acewv. Q¢ €K TOUTOU, TIS TEAEVTALES
SEKAETIES, OL EPEVVNTES APXLOAV VA EQAPUOLOVV TEXVIKEG KL UNXOVIKNG LABN oM G
Kat €€E0pLENG YVWONG YLX TNV AVATITUEN £ELUTIVWV CUGTNUATWY YL TNV TIPOLRAEY
™G kivnong twv amobepatwv (Forecasting stocks movement) kol TV T TWV

uetoywv (Stock’s price index) [19].

[Mapoda avtd, Tapda v mpoomabela autn, ot Hajizadeh et al. [20] pag
VTESelav o€ EPELVA TOUG OTL §€V LVTIAPXEL aKOuA aKkpLPNG uEBodog TpoPfAeYn g
KaBWG TO XPNUATIOTPLO Elval €va TIOAVTIAOKO, OXL 0TAOEPO, XAOTIKO KOL N
Ypauukd Suvapikd cvotnua 0Tov 8V UTAPYXOUV AKOUN CUCTIUATA TIOV VA

umopovv va TipoBAEYP oLV e akpiBela TNV KLvnon Tov.

Ot Enke kot Thawornwong [21] Siepedvnoav thv TpofAemtiky oyV
TOAAWV OLKOVOUIK@WV UETAPBANTWV VIWOOETWVTAG TNV TEXVIKY HETAPBANTIG
AVAAVOTG GUVAPELAS YL TNV TIPOPRAEYN TwV ATTOSOCEWY TWV XPNUATIOTNPILWV.
ANA®WVOLV OTLT TIPOTELVOUEVT TEXVLIKI] TOUG (PALVETAL EAKUGTIKT OTNV ETIAOYT] TWV
HETABANTWVY OTOV 1) XPNOHOTNTA TwV SeSOUEVWVY elval dyvwoTr, E0IKA 0TV
UTIAPXEL UN YpappkOTnTa. ETimAgoy, afloAdynoav TV amoTEAECUATIKOT TA TWV
HOVTEAWV VEVPWVIK®V SIKTUWV YL TNV EKTIUNOT KAl TNV TAgvounon emmédwyv
KAl TAPOUC(Acoy Ul TEXVIKY OSlXOCTAUVPOVHEVNG ETKUPWONG KAL TPOWPNS
Slakommg, 1 omoia otoxeVel ot BeATiwomn TNG KAVOTNTAG YEVIKELONG TWV
HovTEAWV TIpOBAeYMG. TELOG, Ta ATOTEAECUATA TIOV TIAPOVCLACTNKAV ESEI§aV OTL
Ol EUTIOPLKEG OTPATNYIKEG Tov KaBodnyoUvtal amd Tta HOVTEAX Tadvounong
VEUPWVIKWV SIKTUWV Snpovpyov umAdtepa KEPON KATw amod TNV (Sla €kBeon
Kwwoélvou amd ekelva TOU TpoTElvovTal QATO TIG QAAEG OTPATNYLKES,
ovumeplAapfBavouévng g otpatnywng buy-and hold, xabwg kat Twv
TPOoPAEYEWV SIKTLA KAL LOVTEAX YPAUIULKNG TIAALVSPOUNOT|G.

Ot Senthamarai Kannan et al. [22] oafloAdoynoav S1a@opeg TEXVIKEG

€€0puing dedopevwy yla v tpofAsdm g kivnong twv petoxwv. H mpotewvopevy
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uebodog BacileTal 6Tov oLVSLAGHO TIEVTE aAYOpO WY Kat TTapayeL pa tpoBAsdm
Yl TO €AV OL TIHEG TV HETOXWV Ba avénBolv 1} Ba petwbovv v emdpevn Nuépa.
Ol ovYYpa@E(§ SLevipynoav LA TELPAUATIKY avaAvon Tov £8e€e OTL 1| pEBodog
Toug NTav o€ B€om va TpoBAEPEL GV 1) TIUT KAELGIUATOG TNG EMOUEVNS NUEPAS B
avinbel N Ba pewwbdel kaAvTtepa amod tuyaia (50%) pe vYMAO emimedo
omovdalotntag. EmmAgov, SnAwoav 0TI mpotevopevn péBodog Ba pmopovoe va
xpnowomombel wg cLOTNHA OTNPLENG ATIOPACEWY AYopPAs 1 TwAnong 1 Oa
pumopoVoe va xpnotpomomBel yia va SwoeL EUTLOTOOVUVN otV TIPOBAEYN TwV

TILWV TWV LETOXWV ATO VOV EUTIOPO.

Ot Nanda et al. [23] mtapovciacav pia pebodoAoyia yla TNV EVOWUATWON
HLOG TIOLKIALOG TEXVIKWVY opadoToimong ot Slayelplon xapTo@uAakiov KoL v
owodounon &vog VBPSIKOU OCUOTNHATOS Yl TN SNuovpylad ATOSOTIKWY
xapto@uAakiwv. ‘OAeg ot péBodol opadomomong xpnolpomombnKay ylx
OUYKEVTPWON XPNUATIOTNPLAKWV 0ToLXElwV atod To Xpnuatiotiplo ¢ Boppang,
TO O0T0(0 amoTeAElTAL ATO ATTOSOCELS YIa LETAPBANTA UNKN TTEPLOSOL Pall LE TOUG
Seikteg amotiunong. Ta amoteAdéopuatd Toug £8el€av OTL 1) TIPOTEWVOUEVT TEXVIKY)
TOUG UTIOPEL VO LELWOEL ONUAVTIKA TOV XPOVO KATA TNV ETA0YN TWV ATOOEUATWY,
dedouévou OTL TA ATMODEUATA TAPOUOLWV KATNYOPLWV UTOPOUV EVKOAX va
opadomomBovv oe éva CUUTAEYUQ. EMOUEVWS, UTIOPOUV va EMIAEyoLV TA

ATOOEPATA LE TIG KAAVTEPES ETMSOCELG ATIO AUTEG TLG OPADES,.

Ov Patel el al. [24] peAémoav To TPOPANUa TG TPOPAEYNG TNG
KATELOLVOTG NG KIVNONG TOU SEIKTN TIUWV HETOXWV KAL LETOXWV YLA TIG LVOIKEG
XPNUATIOTNPLAKEG ayopés. AfloAoynoav v amodoorn Sla@opwv adyopiBuwy
UNXQAVIKNG L&BNn oM xpnopomolwvtag Vo mpooeyyioels yia ta Sedopéva eloodov.
TUYKEKPLUEVQ, 1) TIPWTT) TIPOGEYYLOT TEPLAAUPAVEL TOV UTIOAOYLO O SEKA TEXVIKWDV
TAPAUETPWVY WE TN XPNON OTOLXEIWV EUTIOPIKWOV CUVOAAAYWV, EVW 0 SEVTEPOG
E0TIALEL OTNV EKTIPOCWTINGT AUTWV TWV TEXVIKWOV TAPAUETPWY WG BEWPNTIKWV
dedopévwyv tacewv. H extetapévn mMeEPauatikny oavaivomn Toug €8elge OTL 1
amddoon OAwV TV TPOTUTIWV TIPOLAEYNG BEATIWONKE OTAV AUTEG OL TEXVIKES

TIAPAUETPOL AVTLTIPOCWTEVOVTAL WG SESOUEVA ALTIOAOY LKWV TACEWV.

Ot Ng xat Khor [25] péoa amd tqv dnuovpyia evog mpo@id petoxwv, To

omoio ovopaotnke StockProF, To omolo pmopel va BonBnoetl Toug emevSUTEG WOTE
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Vo SMULOVPYNOOUV €V XAPTOMUAAKLO HETOXWV HE BAOT TIG EMEVOUTIKEG
otpatnykés touvg. To StockProF evtomilel ta amobfépata amd g opada
ATMOOEUATWY  XPNOUOTIOLWVTAG Evav QAYOPLOUO aviXVeELoNG €EEWOTPEPELAG
TIPOKELUEVOL VA EVTOTIOEL ATIOOEUATH UE KAAEG 1) KOAKEG OLKOVOULKEG ETILOOOELS.
EmumA€ov, xpnowomotet Evav adyoplopo opadomoinong yla v opadomoinon twv
UTIOAOLTIWV ATOOEPATWY, ETILITPETOVTAG TOV TIPOCGSLOPLOUO TWV ATODEUATWY UE
SLdpopeg olkovopkeg emidooels. Xpnolpomoinoav HETABOAEG TWV TIHWV TWV
HeTOXWV Katd eva (1) €tog yla va a§lodoyncouvv Ty amddootn Twv amofepdTwy
KABWG KAl TWV OUASWV KL TA ATTOTEAEGTUATA TOVG E8e1§av OTL TO StockProF eivat
ATOTEAECUATIKO KABWG TO TPOPIA avTloTOlXEl 0TO HEGO KEPSOG 1) ATWAELX

KEPUAQLOV TWV LETOXWV.

Ye o mpoc@atn peAéTn, ot Kia et al. [26] mpotewvav éva vBpidikd povtéro
IOV KAVEL X101 LABNoNG pe AN p1 TPAeYN KaBwG Kol pe pepkn emifAeym, Tov
ovopdletatl HyS3, ywx v mpofAedn kabnuepivig katevBuvong Kivnong yla tig
KAOMUEPLVEG ayOPEG € OAOKATPO TOV KOOHO. To TUNHA TTOV XP1OLUOTIOLEL LEPLKN
enifAeym g HyS3 mov Baciletal e Ypa@UATA SLAUOPPWOVEL TIG TTAYKOOULES
AAANAETIIOPACELS TWV AYOPWV UECW €VOG SIKTVUOUL OXESLOPEVOL UE €vav VEO
oLVEXT] OAYOPLOUO KATHOKELNG Ypa@nuatwy pe Baon to Kruskal. Axkéupa, to
KOUUATL He paOnon pe mAnpn eniBAedn Tou HOVTEAOL ELOAYEL TA ATIOTEAECUATA
TIOV TIPOEPXOVTAL ATIO T LOTOPIKA dedopéva kabe ayopds oTo SIKTVO OTOTE TO
ETTPETEL TO VBPLSIKO LOVTEAO LE EvaV KALVOTOUO unxaviopd vmo 6povs. Me Baon
T APLOUNTIKA TOVUG TIEPAUATA, OL CUYYPAPEIS KATEANEAV 0TO CUUTIEPACUA OTL TO
TIPOTEWOUEVO HOVTEAO TIOU XPTOLLOTIOLEL LOTOPIKA SeSopEVA ayopds yia KABe
ayopa padi pe Sedopéva amo AAAEG TAYKOOLEG AyOpEG B UTTOPOVCE VA TIAPATYEL

peyaAvtepn axkpifela amd aAAa vTapyovTa TPOTUTIX TTPOPBAEYTG.

3.3 lIpoPBANUa £YKPLONC TILOTWOT)C

Tig teAevtaieg Sekaetieg, oL eEEAEELS TWV CUCTNUATWY UNYAVIKNG LABNONG
otn AMUYN ATMOQACEWV O€ TIOTWOELS £XOUV QTOKTNOEL ONUOTIKOTNTA,
QVTIHETWTII{OVTAG TTOAAG BEpaTa 0TOV TPATE(IKO Kol XPNUATOTIOTWTIKO TOUEQ.

Ot Louzada et al. [27] mapovciacav pia eEKTETAPEVT] AVAOKOTN G, CUINTWVTAG TA
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XPOVIKA TNG TPOCEPATNG TIOTOANTITIKNG aELOAGYNONG TNG OLKOVOULKNG AQVAAVOTG
Kl TwV eEEAEEWV KAL AVAAVOVTAG TA ATIOTEAECUATA ULAG TIPOCEYYLONG UNYOVIKIG
uabnonge. EmmAgov, mepléypafov AETTOUEPWG TA TILO AKPLPT) LOVTEAX TIPOYVWOTG
IOV YXPNOLUOTIOONKAV YLX VA ATIOKTIIGOUV OTJUAVTIKEG TIANPOPOPIEG OYXETIKA WUE
To TPOBANHA BaBHOAOYNONG TNG TILOTOANTITIKNG tkAvOTNTAG Kat SteEnyayav po
TOKIAl TIELPARATWY, XPTOLOTIOLWVTAG TPlar oUVOAQ 8ESOUEVWV TIPAYUATIKOV
koopov (AvotpaAiavy) BabBpodoyla TUIOTOANTITIKNAG KOVOTNTAG, LATTWVLIKNY
Babuoloyla  MOTOANTMTIKNG  KAVOTNTOG Kol YEPMavik)  Babpodoyla
TUOTOANTITIKNG  LKavoTtnTtag). Oplopéveg pedéteg  emPBpdfevong  €xouv
TPAYUATOTOMOEl T TEAELTALX XPOVIX. OPLOUEVA XPNOLUA ATIOTEAECUATA AUTWV

TAPOVGLAJOVTAL CUVOTITIKA TIUPAKATW.

Ot Kennedy et al. [28] a&loAdynoe TV KATAAANAGTNTA TWV QAYOPIOUWVY pE
HepLKN EMPBAEYT KATNYOPLOTIOMOTG HLXG KATNYOPLAG EvavTL TwV aAYopOuwy pe
AN P eiAePm 600 KATNYOPLWV YA TO TIPOPANUA TOU XAPTOPLAAKIOU XAUNANG
TPOETAOYNG. Xpnowwomombnkav evvéa TpAME(IKA oVVOAX SeSopévwy KAt
SnuovpynOnke TEXYVNTA avicoppoTia KAAong, a@alpwvias to 10% Ttwv
TIAPAAN PN UATIKWOV TIOPATNPNCEWY ATIO TO CUVOAO EKTIAISEVONG LETA ATO KADE
ektédeon. EmmAéov, Sigpevvnoav  emiong TNV KATOAANAOTNTA NG
vmepSetypatoAnPiag, n omoia GLUVICTA KOLWVT) TIPOCGEYYLOT YLX TNV AVTLUETWTILON
XAPTOPULAAKIWV YaUnAnG TPoemAoynG. Ta TEPAUATIKA ATOTEAECUATA TOUG
KaTtéSelav OTL oL TEYVIKEG pe aAyopiBuovg pe pepkn emifAeymn Sev mpémel va
QVOUEVETAL VO EEMEPAOCOUV TIG TEXVIKEG TANPNG emideyms tagvounong dvo
KOTNYOPLWV KAl B TIPETEL VAL PN CLLOTIOLOVVTAL LOVO GTNV TIANCLEGTEPT) 1] TIAN PN
amovoia mapafatwv. EmmAéov, map& TO Yyeyovog OTL M LTEPPOALKN
SetypatoAnyia BeAtiwoe TV amdSoom 0pLoUEVWY TAEVOUNTWY SV0 KATNYOPLWY,

dev 0dnyel o CLVOALKT) BEATIWON TWV TAGLVOUNTWV UE TIG KAAVTEPES ETOOOELS.

Ot Alaraj kat Abbod [29] swonyayav éva poviédo Baciopévo otov
oLvvSLACHO VRPLSIKWY Kol CUVOETIKWY PEBOSWV Yo BabBuoAdynon TOTWOEWV.
[Tpwtov, cuvdualovv PeBOS0VG EINTPAPICUATOS KL ETIIAOYNG XUAPAKTNPLOTIKWV
YW@ TNV avamtuln evoG QMOTEAECUATIKOU TIPO-EMEEEPYAOTN] Yl HOVTEAQ
UNXavikng padnong. EmmAéov, mpotewvav évav véo kKavova ouvSuacov

Taévoun T BACLOUEVO GTNV TIPOGEYYLOTN GUVAIVESNS SLAPOPETIKWY aAYOopOUwY
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TalvOunonG Kata Tn SlapKela TG @Aomg HovIeAoTonong touv ouvoiou. H
TIELPAUATIKY) AVAAVCT] TOUG O€ EMTA oVVOAQ SESOUEVWY TPAYUATIKOU KOO0V
SelyveL OTL TO TIPOTEWVOLEVO HOVTEAD TTapovciale kaAvTepn TPORAeYT o€ oxéon

LLE TOUG LEUOVWHUEVOUG TAELVOUNTEC.

Ot Abellan kot Castellano [30] Tpaypatomonoav plo GUYKPLTIKY LEAETN
OXETIKA HE OPKETOUG Paokols Taglvountés TOUL  Xpnollomombnkav o€
Staopetika oVvoda ylx ta kabnkovta a&loAdynong TmoTwoewv. EmmAéov,
a&loAdynoav TV amodoor tov Aévtpov Amopdacewv [Iiotomrtag (Credal Decision
Tree (CDT)), To oToi0 XpnOLUOTIOLEL oaPEIG TIOAVOTNTES KAl HETPA afefatdTnTag
yx T dnpuovpyla vog SEVTPOL amo@AcEwV. MECW ULAG TIEPAPATIKNG LEAETTG,
KATEANEAV 0TO OUUTEPAOHA OTL OAd TA €§eTAlOUEVA GUVOAQ TAPOVGLAJOUV
KaAUTEPEG eMIBO0ELG OTav xpnopomoloVy poviédo CDT wg Bacwkd pabntn oe

TpofApata BabpoAdynong g MO TOANTITIKNG LKAOVO TN TAG.

Ye mo mpdo@atn peA€tn, ot Tripathi et al. [31] mpotewvav eva vBpPLEIKO
HOVTEAO TILOTOANTITIKN G aA§LoAGYNONG UE Bdomn TN Helwon TwV SLIACTACEWY ATTO TOV
aAyoplBpo TG yeltovids Rough Set yia TV €MAOYT] XUPAKTNPLOTIKWOV KAL TNV
TaéVOUNON TWV OMASWV HE OTABUIOUEVT) TIPOCEYYLoN Yn@o@opiag ywa tnv
evioyvon g amddoong tafvounons. ‘Exouvv mpoteivel évav véo aiyoplBuo
Ta&VOUNONG TASLVOUNTY] WG UTIOKE(PEVO MOVTEAD Yl TNV QVATIAPACTACT] TWV
Taéewv TV Tagvountwv pe Baon v axkpifela tagvount). Ta MEPAPATIKA
ATOTEAEOUATA ATOKAALVPAV TNV ATOTEAECUATIKOTNTA KAl TNV €VPWOTIX NG

TpoTeWOueVNG nebddov oe SVo oVvola Sedopévwy mou Babupoioyovoav Tta

KkpLTpLa afloAdynong.

Ot Zhang et al. [32] mtpdTewvav éva véo TPOYVWOTIKO HOVTEAO TO OTIOLO
BaoileTal o€ pLa VEX TEXVIKN YLK TNV ETAOYT] TWV TAELVOUT TWV XPTOLLOTIOLWOVTOG
gvav YeVETIKO adyoplOpo, Aapufavovtag vmoyn téco v akpifela 660 KoL TV
ToKopop@ia  Tov ovvoAov. [lpaypatomoinoav moKAld TEPAPATWY,
XPNOLUOTOLWVTAG TPlat CUVOAX SESOUEVWV TIPAYHATIKOU KOGUOU (AvoTtpaiiavn
Babuooyla TOTOANTITIKNG KAVOTNTAG, LATIWVIKY BaBpoAoyia TIOTOANTITIKNG
KOvOTNTOG KAl YEPUaVIKN PabpoAoyla MOTOANTITIKNG KAVOTNTAG) YA Vo
SLEPELVIICOVY TNV ATIOTEAECUATIKOTTA TOU TPOTELVOUEVOU MOVTEAOV TOUG. Me

Baon Ta aplOUNTIKA TOUG TEPAUATA, OL CUYYPAPEIS KATEANEAV OTO CUUTIEPATLA
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OTLY) TIPOTEWVOUEVT] HEBOSOG GCUVOAWY TOUG VTIEPEXEL TWV KAXCOIKWV TAELVOUNTWV

600V a@opd v akpifela TG TPIPAEYNSG.

Ot J. Levati¢ et al. [33] mpdtewav pa pébodo ywa pabnon pe pepkn
enifAeym twv Tagvopkwyv Sévtpwv. Ta Sévtpa umopolv va tatvounbovv pe
OVOUOOTIKA KAl ApLOUNTIKA XXPAKTNPLOTIKA 0€ oUVoAa dedopévwy Suadikng kat
TOAVKAQGGIKN G TaElvounonG. EmmAéov, Tpaypatomoinoav pia EKTEVY) EUTIELPLKT
a&loAGYNON TOU TAQLGIOU TOUG XPTOLUOTIOLWVTAS Vi OUVOAO amo Sévtpa
ATOPACEWY G Tagvountés Pdaong Aaufavovtag Kamolwa evdlagépovta
amoteAéopata. Kata m Sldpkela auti§ TG YPoUUnG, ETEKTEVAVY TN SOVAELX TOVG,
TAPOVCLATOVTAG OPLOPEVOVG aAyOoplBpouvs mov Pacilovtal ce oUVOAO Yl

TpofApaTA TOALVSpOUN oM G TTOAAATIA®Y 6TOXWV [33, 34].
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KedaAaro 4.
AplOuntika amoteAEcpoTa

4.1 TOvoda Ssdopsvmv

‘Eva ovvolo Sedouévwv (data set 1 dataset) elvar pa ocvAdoyn amod
dedopéva. Tuvnbéatepa Eva 6VOA0 SES0UEVWV AVTIOTOLXEL GTO TIEPLEXOUEVO EVOG
uovo mivaka Baong eSopévwy 1 €vOS eviaiov TIVOKX OTATIOTIKWV SeS0UEVWV
OToL KGBE OTNAN TOV TIVAKA AVTITIPOOWTEVEL ULA CUYKEKPLUEVT) LETABANTY) Kal
KaOe oelpd avtioTolxel o€ éva §eSopuévo PEAOG TOU €V AOYw GUVOAOL SESOUEVWV.
To oVvoAo Sedopévwy TapaBETel TIUES Yo KAOE o atrod TIG HETABANTES, OTIWG TO
VoG kal To Bapog evOg avTIKEUEVOL, Yo KABE HEAOG TOU GUVOAOL SeSOoUEVWV.
Kabe twn eivat yvwot) wg 8edopévo. To ovvoro Sedopévwv pmopel va
mepAappavel SeSopéva yln Eva 1) TEPLOCOTEPA HEAT, TTIOU AVTLOTOLXOVUV GTOV
apluo Twv oepwv. IM'a va aflodoynoovpe twv emppor) Twv unlabeled data otoug
aAyopiBupovg, xpnowomowmooape to R=10%, R=20% kat R=30% twv dedopévwv wg

labeled Sedopéva kat vtoAotmo wg unlabeled §eSopéva
4.1.1 X0voldo 8edopévmwyv Tov ikt Dow Jones

To ovvodo dedouévwv tov deiktn Dow Jones mephapfavel 750 Tapovaieg
amnd to UCI Machine Learning Repository oxeTikd pe Tig eBSopadialeg HeTpNoELg
k&Be amoBepatog DJIA ota TpwTA KAl 0T SEVTEPA OLKOVOULKA Tpipunva tov 2011.
Amotedeitar amo 10 emeEnynuatikés petaPfAntéc mouv xwpilovrar oe 4

XAPAKTNPLOTIKA aOPOVV TNV TLUN TOV, 4 YaAPAKTNPLOTIKA a@OopovV ToV aplopo
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TWV HETOXWV ava BSopdda kal 2 YapaKTNPLOTIKA OYXETI(OVTAL LE TOV aplOUl TwV

NUEPWV UEXPL TO ETOUEVO PépLopa [18].

4.1.2 XOvolro eSopnévwv Australian credit card

To ouykekpiuévo oVvoro dedopévwv £xel 690 mepimtwoelg (Instances), pe
14 emednynuatikeg petafAntés mouv ywpilovtat oe 6 ovvexels kot 8
Katnyopnuatikés Baocn tov UCI Machine Learning Repository. Emiong, oto
QUOTPAALAVO CUVOAO SESOUEVWV VTIAPYEL ULX ULKPT] AVIoOPPOTIia amoppm¢ Kal

amodoxng meptntwoelg, SnAadn 383 kat 307, avtiotoya [18].

4.1.3 XUvoldo 8sdopévwyv Japanese credit card

To ouykekpluévo oVvoro dedouévwv £xel 653 epimtwoelg (Instances), pe
14 emeEnynuatikég petafAntég mov xwpilovtal oe 3 ovvexeis, 3 aképaleg kat 9
Katnyopwkés, Paon tov UCI Machine Learning Repository. Emiong, oto
QUOTPAALAVO GUVOAO SESOUEVOV VTIAPYEL LA LLKPT] AVICOPPOTIA amoppum¢ Kot

amodoxNG TMEPLTTWOELS, SnAadt) 357 kal 296, avtiotoya [18].

4.1.4 XOvoldo 8eSopnévwv German credit card

To ocuykekpévo ovvoro Sedopévwy £xel 1000 epimtwoels (Instances), e
20 emefnynuatikég petafAntéc mouv ywpilovrar oe 7 ovvexels kat 13
Katnyopnuatikeg, Baon tov UCI Machine Learning Repository. Emiong, oto
YePUaVIKO oUVOA0 SeSopévwv pa €vtovn avicoppotia mapatnpeital, pe 300

aApVNTIKES amo@aoels Evavtt 700 Betikwyv [18].
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4.2 METPIKEC ATTOS00TC

Metpikn amdédoong [35] ovouddeTal To KPLTPLO TTOCOTIKOTIOMONG TNG ATTOS00NG
evos ocvotnuatos. H amoédoon twv aiyopibBuwv taflvounong afloAoyndnke
XPNOLUOTIOLWVTAS T aKOAoVO TEooepa HETPNOELS amOdoonG: Sensitivity (Sen),

Specificity (Spe), F; xat Accuracy (Acc), ol omoieg opilovtat avtioTolya amo:

Sen = —7

T Y Ey
Ty

Spe = — N

PE =T + Fp

o 2Tp
V72T, + Fy + Fp

Tp + Ty
Tp + Ty + Fp + Fy

Acc =

010V T0 Tp AVTITIPOCWTEVEL TOV APLOUO TWV TIEPLTTTWEEWYV TIOV £X0VV Ta&lvoun el
owoTA ws Betikd, To TN elval otabepo yla Tov aplOpd Twv TEPITTWOEWV TIOV
éxovv tallvounbel cwotd wg apvnTikég, to Fp Bploketal yia tov aplOud twv
TIEPLTTTWOEWYV TIOV £X0VV TAELlvoun el ecaApéva ws OeTIkES, BplokeTal To Fy yia
TOV aplOpd TV TMEPITTWOEWV TV £X0LV TatlvounOel ec@aApEVA WG APVNTIKEG.
A&ilel va onuewwBel 6TL 1 evatoOnoila g ta&vounong elvat 1 avaoyia tTwv
TPAYUATIKWV OETIKWV IOV Bewpovvtal Betika. H e€eldikevon avtimpoowmedel To
TOCOO0TO TWV TIPAYUATIKWY OPVNTIKWV TIOU TPOBAETOVTAL WG apvnTiKO, To F
QTOTEAELTAL ATIO £VAV APHOVIKO HECO aKpiBelag Kol avakAnong evw 1 akpifela

elvaitn avadoyia cwotwv TPpoPAEPELS EVOG HovTEAOL Tagvounong [18].
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4.3 LUYKpLo1 aAyoplOpwv

Baoclopévol ota ovvoda Sedouévwv (datasets) mov ava@épbnkav ot
Tapaypa@o 4.1 €ywav PEALTEG Kol TA QMOTEAEOUATH KAOWG KAl TO TOLOG

aAyopLOpog eiyxe To KAAUTEPO AMOTEAEG U TTAPOVOLAleTaL oToug [Tivakeg 1-15.

4.3.1 LOykplon Tov adyopiOpov CST-Voting pe Tovg
alyopiOuovg Self-training, Co-training kat Tri-training

It ovvéxela, aflodoynoape TV amodoon Tagvounons tov adyopibuov
mov mapovoldotnke, CST-Voting, evavtia oe kamolwovg GAAovg LVYPNANG
texvoloyiag self-labeled aAyopiBuovg 6mws o SETRED, to Co-Forest kat n
Democratic-Co learning. [Tapatnprnote 6t 0o CST-Voting xpnowomotel to NB kot
10 LMT w¢ BaocwkoVg Ta&lvounTEg, Tov Kal autol avtioTolya mapovoiacav thv

KAAUTEPT) ATTOS00T, OE OXECT IE OAEG TIG LETPLIKEG ATIOSOCELG.

Ttovug Iivakes 1-12 mapovold{ovpe TA ATOTEAEGUATA TNG AELOAGYNONG
Twv aAyopiBuwv Self-training, Co-training, Tri-training kat CST-Voting. O
aAyopiBpog CST-Voting vmeptepel €xovtag tnv KaAUTEPT OLUVOALKN amodoon,
KaBws OTwG pmopovpe va Sovue &emepva Toug umoAolmous self-labeled

aAyOpLOUOUG OTA OTATIOKA ATIOTEAECUATAL.
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Base learner Algorithm Ratio = 10%

Sen Spe F1 Acc

Self-Training 73.9% 88.3% 78.4% 81.9%

Naive Co-Training 78.2% 83.6% 78.7% 81.2%
Bayes Tri-Training 61.2% 91.6% 71.3% 78.1%
CST-Voting 75.6% 90.3% 80.6% 83.8%

Self-Training 88.9% 79.1% 82.7% 83.5%

SMO Co-Training 92.2% 79.1% 84.5% 84.9%
Tri-Training 77.5% 86.7% 79.9% 82.6%

CST-Voting 89.9% 84.9% 86.1% 87.1%

Self-Training 82.1% 87.7% 83.2% 85.2%

MLP Co-Training 80.8% 87.7% 82.4% 84.6%
Tri-Training 71.3% 89.0% 77.1% 81.2%

CST-Voting 82.4% 88.0% 83.5% 85.5%

Self-Training 73.9% 88.3% 78.4% 81.9%

kNN Co-Training 78.2% 83.6% 78.7% 81.2%
Tri-Training 61.2% 91.6% 71.3% 78.1%

CST-Voting 75.6% 90.3% 80.6% 83.8%

Mivakag 1: AZloAdynon Twv embooewv Twv Self-training, Co-training, Tri-training kot
CST-Voting oto Australian credit dataset.

Base learner Algorithm Ratio = 20%
Sen Spe F1 Acc

Self-Training 78.2% 91.4% 82.8% 85.5%

Naive Co-Training 77.5% 92.7% 83.1% 85.9%
Bayes Tri-Training 76.2% 86.7% 79.1% 82.0%
CST-Voting 78.2% 91.9% 83.0% 85.8%

Self-Training 85.7% 83.3% 83.0% 84.3%

SMO Co-Training 94.1% 79.1% 85.5% 85.8%
Tri-Training 89.3% 83.0% 84.8% 85.8%

CST-Voting 90.6% 80.4% 84.2% 84.9%

Self-Training 80.1% 88.0% 82.1% 84.5%

MLP Co-Training 79.8% 91.4% 83.8% 86.2%
Tri-Training 83.1% 82.2% 81.0% 82.6%

CST-Voting 82.4% 88.0% 83.5% 85.5%

Self-Training 73.3% 88.3% 78.0% 81.6%

kNN Co-Training 77.5% 84.6% 78.8% 81.4%
Tri-Training 67.8% 91.6% 76.1% 81.0%

CST-Voting 74.6% 90.9% 80.2% 83.6%

Mivakag 2: AfloAdynon twv embdoewv twv Self-training, Co-training, Tri-training kat
CST-Voting oto Australian credit dataset.
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Base learner

Algorithm

Ratio = 30%

Naive

Bayes

SMo

MLP

kNN

Self-Training
Co-Training

Tri-Training
CST-Voting

Self-Training
Co-Training

Tri-Training
CST-Voting

Self-Training
Co-Training

Tri-Training
CST-Voting

Self-Training
Co-Training

Tri-Training
CST-Voting

Sen

78.2%
78.8%
79.8%
79.2%

88.9%
94.1%
89.3%
93.8%

82.7%
79.5%
89.3%
85.0%

73.3%
78.8%
74.9%
78.5%

Spe

90.3%
91.4%
86.7%
91.6%

81.7%
79.1%
80.9%
82.0%

86.9%
91.1%
83.0%
87.2%

91.4%
87.5%
89.3%
92.2%

F1

82.2%
83.2%
81.3%
83.5%

84.0%
85.5%
83.8%
86.7%

83.1%
83.4%
84.8%
84.6%

79.6%
81.1%
79.6%
83.4%

Acc

84.9%
85.8%
83.6%
86.1%

84.9%
85.8%
84.6%
87.2%

85.1%
85.9%
85.8%
86.2%

79.6%
81.1%
79.6%
83.4%

Mivakag 3: AZloAdynon Twv emdooewv Twv Self-training, Co-training, Tri-training ko

CST-Voting oto Australian credit dataset.

Base learner Algorithm Ratio = 10%
Sen Spe F1 Acc

Self-Training 75.3% 88.2% 79.5% 82.4%

Naive Co-Training 83.1% 86.8% 83.5% 85.1%
Bayes Tri-Training 74.3% 88.2% 78.9% 81.9%
CST-Voting 79.4% 90.8% 83.3% 85.6%

Self-Training 92.2% 81.0% 85.7% 86.1%

SMO Co-Training 93.9% 79.8% 86.1% 86.2%
Tri-Training 86.5% 86.3% 85.2% 86.4%

CST-Voting 93.6% 80.7% 86.3% 86.5%

Self-Training 84.1% 87.4% 84.4% 85.9%

MLP Co-Training 81.1% 88.8% 83.3% 85.3%
Tri-Training 69.3% 88.0% 75.4% 79.5%

CST-Voting 80.7% 90.2% 83.9% 85.9%

Self-Training 75.7% 88.2% 79.7% 82.5%

kNN Co-Training 79.4% 85.4% 80.6% 82.7%
Tri-Training 56.1% 88.2% 65.9% 73.7%

CST-Voting 76.0% 90.8% 81.2% 84.1%

Mivakag 4: AfloAdynon Twv embdoewv twv Self-training, Co-training, Tri-training kot

Base learner

CST-Voting oto Japanese credit dataset.

Algorithm

Ratio = 20%

\ Self-Training

Sen

79.1%

Spe

90.2%

F1

82.8%

Acc

85.1%



Naive Co-Training 78.7% 90.8% 82.9% 85.3%
Bayes Tri-Training 73.6% 91.6% 80.1% 83.5%
CST-Voting 78.0% 91.3% 82.8% 85.3%

Self-Training 91.9% 81.0% 85.5% 85.9%

SMO Co-Training 93.9% 79.8% 86.1% 86.2%

Tri-Training 79.7% 86.0% 81.1% 83.2%

CST-Voting 93.2% 80.1% 85.8% 86.1%

Self-Training 86.1% 85.7% 84.7% 85.9%

MLP Co-Training 82.8% 89.9% 84.9% 86.7%

Tri-Training 65.2% 91.6% 74.4% 79.6%

CST-Voting 84.1% 89.9% 85.7% 87.3%

Self-Training 76.4% 88.5% 80.3% 83.0%

kNN Co-Training 79.1% 86.6% 81.0% 83.2%

Tri-Training 59.8% 93.0% 71.1% 77.9%

CST-Voting 76.7% 90.2% 81.4% 84.1%

Mivakag 5: AZloAdynon Twv embooewv Twv Self-training, Co-training, Tri-training kot
CST-Voting oto Japanese credit dataset.

Base learner Algorithm Ratio = 30%

Sen Spe F1 Acc
Self-Training 79.1% 90.8% 83.1% 85.5%
Naive Co-Training 79.7% 91.6% 84.0% 86.2%
Bayes Tri-Training 73.0% 90.5% 79.1% 82.5%
CST-Voting 79.1% 92.2% 83.9% 86.2%
Self-Training 92.9% 80.7% 85.9% 86.2%
SMO Co-Training 93.9% 80.1% 86.2% 86.4%
Tri-Training 74.7% 84.0% 77.0% 79.8%
CST-Voting 93.2% 86.6% 89.0% 89.6%
Self-Training 86.1% 87.7% 85.7% 87.0%
MLP Co-Training 82.8% 89.6% 84.8% 86.5%
Tri-Training 65.2% 93.3% 75.2% 80.6%
CST-Voting 84.1% 90.2% 85.9% 87.4%
Self-Training 75.3% 89.6% 80.2% 83.2%
kNN Co-Training 83.1% 85.4% 82.8% 84.4%
Tri-Training 74.3% 95.2% 82.6% 85.8%
CST-Voting 79.4% 92.2% 84.1% 86.4%

Mivakag 6: AZloAdynon Twv emidocewv Twv Self-training, Co-training, Tri-training kat
CST-Voting oto Japanese credit dataset.
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Base learner Algorithm Ratio = 10%

Sen Spe F1 Acc
Self-Training 80.7% 45.3% 79.1% 70.1%
Naive Co-Training 80.0% 45.0% 78.6% 69.5%
Bayes Tri-Training 81.6% 45.7% 79.6% 70.8%
CST-Voting 81.7% 46.0% 79.8% 71.0%
Self-Training 84.6% 44.7% 81.2% 72.6%
SMO Co-Training 84.3% 45.0% 81.1% 72.5%
Tri-Training 84.4% 45.7% 81.3% 72.8%
CST-Voting 86.4% 46.0% 82.5% 74.3%
Self-Training 84.6% 47.0% 81.6% 73.3%
MLP Co-Training 85.4% 43.3% 81.5% 72.8%
Tri-Training 87.4% 45.0% 82.9% 74.7%
CST-Voting 87.0% 46.0% 82.8% 74.7%
Self-Training 84.6% 40.0% 80.4% 71.2%
kNN Co-Training 85.4% 40.7% 81.0% 72.0%
Tri-Training 87.4% 40.7% 82.1% 73.4%
CST-Voting 85.0% 47.7% 82.0% 73.8%

Mivakag 7: AZloAdynon Twv embo6oewv Twv Self-training, Co-training, Tri-training kot
CST-Voting oto German credit dataset.

Base learner Algorithm Ratio =20%

Sen Spe F1 Acc
Self-Training 84.6% 48.7% 81.9% 73.8%
Naive Co-Training 85.7% 46.7% 82.2% 74.0%
Bayes Tri-Training 86.0% 46.0% 82.2% 74.0%
CST-Voting 86.4% 47.7% 82.8% 74.8%
Self-Training 86.4% 45.0% 82.3% 74.0%
SMO Co-Training 86.0% 47.3% 82.5% 74.4%
Tri-Training 86.7% 46.7% 82.8% 74.7%
CST-Voting 87.0% 47.0% 83.0% 75.0%
Self-Training 86.4% 47.3% 82.7% 74.7%
MLP Co-Training 86.0% 44.0% 81.9% 73.4%
Tri-Training 86.7% 44.0% 82.3% 73.9%
CST-Voting 87.1% 45.0% 82.7% 74.5%
Self-Training 86.4% 42.3% 81.9% 73.2%
kNN Co-Training 86.0% 41.7% 81.5% 72.7%
Tri-Training 86.7% 42.7% 82.1% 73.5%
CST-Voting 87.0% 46.7% 82.9% 74.9%

Mivakag 8: AfloAdynon Twv embdoewv twv Self-training, Co-training, Tri-training kat
CST-Voting oto German credit dataset.
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Base learner Algorithm Ratio = 30%
Sen Spe F1 Acc

Self-Training 84.6% 50.3% 82.2% 74.3%

Naive Co-Training 86.4% 51.7% 83.4% 76.0%
Bayes Tri-Training 87.1% 51.0% 83.7% 76.3%
CST-Voting 87.9% 51.7% 84.2% 77.0%

Self-Training 87.1% 46.0% 82.9% 74.8%

SMO Co-Training 87.0% 48.3% 83.2% 75.4%
Tri-Training 87.4% 47.3% 83.3% 75.4%

CST-Voting 87.4% 48.0% 83.4% 75.6%

Self-Training 87.1% 48.3% 83.3% 75.5%

MLP Co-Training 87.4% 44.3% 82.8% 74.5%
Tri-Training 87.9% 45.0% 83.1% 75.0%

CST-Voting 88.3% 47.0% 83.7% 75.9%

Self-Training 86.1% 43.3% 81.9% 73.3%

kNN Co-Training 87.4% 43.7% 82.6% 74.3%
Tri-Training 87.9% 44.0% 82.9% 74.7%

CST-Voting 86.4% 46.0% 82.5% 74.3%

Mivakag 9: AZloddynon Twv embo6oewv Twv Self-training, Co-training, Tri-training kot
CST-Voting oto German credit dataset.

Base learner Algorithm Ratio = 10%
Sen Spe Acc
Self-Training 61.4% 45.7% 50.5%
Naive Bayes Co-Training 72.3% 37.0% 51.5%
Tri-Training 70.7% 38.0% 51.3%
CST-Voting 71.2% 38.6% 51.8%
Self-Training 61.4% 32.6% 44.4%
SMO Co-Training 58.2% 21.7% 37.7%
Tri-Training 64.1% 27.2% 43.1%
CST-Voting 65.8% 31.0% 45.6%
Self-Training 77.2% 24.5% 47.9%
MLP Co-Training 66.3% 32.1% 46.4%
Tri-Training 73.4% 27.7% 47.7%
CST-Voting 78.8% 27.2% 50.0%
Self-Training 56.0% 47.3% 48.7%
3NN Co-Training 55.4% 51.6% 50.5%
Tri-Training 53.3% 58.7% 52.8%
CST-Voting 58.7% 54.3% 53.3%
Self-Training 78.8% 17.9% 45.6%
Co-Training 63.6% 22.8% 40.8%
LMT Tri-Training 73.4% 22.8% 45.4%
CST-Voting 81.5% 21.7% 48.7%
Self-Training 74.5% 21.2% 45.1%
JRip Co-Training 74.5% 26.6% 47.7%
Tri-Training 75.0% 21.7% 45.6%
CST-Voting 77.2% 22.8% 47.2%
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Mivakag 10: AloAdynon Twv emidooewv Twv Self-training, Co-training, Tri-training kat
CST-Voting oto Dow Jones dataset.

Base learner Algorithm Ratio =20%
Sen Spe Acc
Self-Training 71.7% 35.3% 50.5%
Naive Bayes Co-Training 72.3% 37.0% 51.5%
Tri-Training 66.8% 38.6% 49.7%
CST-Voting 72.3% 38.0% 52.1%
Self-Training 71.2% 35.3% 50.3%
SMO Co-Training 75.5% 22.8% 46.4%
Tri-Training 74.5% 32.1% 50.3%
CST-Voting 78.8% 28.8% 50.8%
Self-Training 76.1% 24.5% 47.4%
MLP Co-Training 72.3% 31.0% 48.7%
Tri-Training 69.6% 31.0% 47.4%
CST-Voting 78.8% 28.3% 50.5%
Self-Training 51.6% 51.1% 48.5%
3NN Co-Training 52.2% 51.1% 48.7%
Tri-Training 53.3% 58.7% 52.8%
CST-Voting 56.5% 58.2% 54.1%
Self-Training 80.4% 21.2% 47.9%
Co-Training 74.5% 19.0% 44.1%
LMT Tri-Training 82.1% 25.5% 50.8%
CST-Voting 84.2% 23.9% 51.0%
Self-Training 78.3% 29.3% 50.8%
JRip Co-Training 81.0% 27.2% 51.0%
Tri-Training 79.3% 23.9% 48.7%
CST-Voting 81.5% 26.1% 50.8%

Mivakag 11: AZloAdynon twv embdoewv twv Self-training, Co-training, Tri-training kat
CST-Voting oto Dow Jones dataset.
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Base learner Algorithm Ratio = 30%

Sen Spe Acc
Self-Training 66.3% 41.3% 50.8%
Naive Bayes Co-Training 72.3% 37.0% 51.5%
Tri-Training 72.8% 37.0% 51.8%
CST-Voting 71.7% 39.7% 52.6%
Self-Training 71.7% 37.0% 51.3%
SMO Co-Training 78.3% 36.4% 54.1%
Tri-Training 79.9% 34.8% 54.1%
CST-Voting 81.0% 33.7% 54.1%
Self-Training 77.2% 22.3% 46.9%
MLP Co-Training 72.8% 31.0% 49.0%
Tri-Training 75.0% 29.3% 49.2%
CST-Voting 85.9% 29.3% 54.4%
Self-Training 55.1% 22.3% 51.3%
3NN Co-Training 54.3% 31.0% 51.3%
Tri-Training 53.4% 29.3% 52.6%
CST-Voting 60.3% 29.3% 56.2%
Self-Training 82.6% 22.8% 49.7%
Co-Training 77.2% 25.0% 48.2%
LMT Tri-Training 83.7% 22.8% 50.3%
CST-Voting 83.2% 26.1% 51.5%
Self-Training 70.7% 31.0% 47.9%
JRip Co-Training 79.9% 28.8% 51.3%
Tri-Training 78.8% 25.0% 49.0%
CST-Voting 83.7% 27.2% 52.3%

Mivakag 12: AZloAdynon Twv emidbéoewv Twv Self-training, Co-training, Tri-training kat
CST-Voting oto Dow Jones dataset.

4.3.2 YUykpLon Tov adyopibpov CST-Voting e TOUG KAXGLKOVG
self-labeled aAydpiOpovg

It ovvéxela, aflodoynoape tnv amodoon Tagvounons tov adyopibpov
Tov Tapovoldotnke, CST-Voting, evavtia oe kAmowOvG AGAAoVG LYMANG
texvoloylag self-labeled aAyopiBpovg 6mwg o SETRED, to Co-Forest kat n
Democratic-Co learning. [Tapatnpnote 6tL 0 CST-Voting xpnowomotel to SMO kat
To MLP w¢ Baokog Ta&lvounTEg, Tov kal auTol avTioToya Tapovciaoay Ty

KAAUTEPT) ATTOS00, OE OXECT IE OAEG TIG LETPLKEG ATIOSOCELG.

Ytoug Iivakeg 13-15 mapovolalovpe Ta AMOTEAETUATA TNG AELOAGYNONG

Twv aiyopiBuwv SETRED, Co-Forest, Demo-Co kat CST-Voting. O aAyopiBuog CST-
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Voting vumeptepel €xovtag Tnv KaAUTEPN OUVOALIKN amddoomn, KaBwG OTwG
umopovpe va Sovpe Eemepva TOLG VLTOAOLTOUS KAaowkoug  self-labeled

AAyOpLOUOUG OTA OTATIOKA ATIOTEAECUATA.

Algorithm Ratio = 10%
Sen Spe F1 Acc
SETRED 87.9% 78.3% 81.8% 82.6%
Co-Forest 81.4% 87.5% 82.6% 84.8%
Demo-Co 82.7% 82.0% 80.6% 82.3%
CST- Voting 89.9% 84.9% 86.1% 87.1%
Algorithm Ratio =20%
Sen Spe F1 Acc
SETRED 87.6% 82.2% 83.5% 84.6%
Co-Forest 80.5% 89.0% 82.9% 85.2%
Demo-Co 83.1% 85.4% 82.5% 84.3%
CST- Voting 90.6% 80.4% 84.2% 84.9%
Algorithm Ratio = 30%
Sen Spe F1 Acc
SETRED 91.2% 82.8% 85.8% 86.5%
Co-Forest 81.4% 91.4% 84.7% 87.0%
Demo-Co 84.0% 86.9% 83.9% 85.7%
CST- Voting 93.8% 82.0% 86.7% 87.2%

Mivakag 13: AfloAdynon twv emddoewv twv SETRED, Co-Forest, Democratic-Co
learning, CST-Voting oto Australian credit dataset.

Algorithm Ratio =10%
Sen Spe F1 Acc
SETRED 91.2% 81.2% 85.3% 85.8%
Co-Forest 84.5% 88.5% 85.2% 86.7%
Demo-Co 85.5% 84.6% 83.8% 85.0%
CST- Voting 93.6% 80.7% 86.3% 86.5%
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Algorithm

Ratio = 20%

Sen Spe F1 Acc
SETRED 92.2% 81.2% 85.8% 86.2%
Co-Forest 85.1% 89.4% 86.0% 87.4%
Demo-Co 84.5% 85.7% 83.8% 85.1%
CST- Voting 93.2% 80.1% 85.8% 86.1%
Algorithm Ratio =30%
Sen Spe F1 Acc
SETRED 92.9% 81.5% 86.3% 86.7%
Co-Forest 85.1% 89.9% 86.3% 87.7%
Demo-Co 84.8% 85.7% 83.9% 85.3%
CST- Voting 93.2% 86.6% 89.0% 89.6%

Mivakag 14: AEloAdynon twv emSdoswv twv SETRED, Co-Forest, Democratic-Co
learning, CST-Voting Japanese credit dataset.

Algorithm Ratio = 10%
Sen Spe F1 Acc
SETRED 84.3% 44.7% 81.0% 72.4%
Co-Forest 85.7% 45.0% 81.9% 73.5%
Demo-Co 83.6% 43.7% 80.5% 71.6%
CST- Voting 86.4% 46.0% 82.5% 74.3%
Algorithm Ratio =20%
Sen Spe F1 Acc
SETRED 86.7% 45.0% 82.5% 74.2%
Co-Forest 87.1% 45.0% 82.7% 74.5%
Demo-Co 86.0% 45.3% 82.1% 73.8%
CST- Voting 87.0% 47.0% 83.0% 75.0%
Algorithm Ratio = 30%
Sen Spe F1 Acc
SETRED 87.4% 46.7% 83.2% 75.2%
Co-Forest 87.3% 46.7% 83.1% 75.1%
Demo-Co 87.0% 48.0% 83.1% 75.3%
CST- Voting 87.4% 48.0% 83.4% 75.6%
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Mivakag 15: AZloAdynon twv emSdoewv twv SETRED, Co-Forest, Democratic-Co
learning, CST-Voting German credit dataset.

KedaAauo 5.
JUMIEPACHOTO

IV Tapovoa epyacia £ywve HA €l0AYwYn OTIS BAOLKEG TNG EVVOLES,
aAVA@OPA  OTOUG OTOXOUG, Ta oTASIA, TIG KATNYopleg kal TIG peBodoug ng

TEYXVNTIG VOILOGVVG KAL TNG UNXAVIKNG LABNoNG.
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H epyacia ompixbnke otnv €£0puing yvwong olkovouKwy SeSoUEvmV.
‘Ooa ava@épBnkav Lo TAVW Kabws Kat oL aAyoplOpol Hmopovv va @apuocTtolV
o€ o€ omolodnTmoTe cUVoAo Sedopévwy (dataset) Toug Sobel, eite eival amd tov
KAGS0 NG LATPLKNG, ELTE TOV EMIYEPNOEWV HEXPL AKOUA KL TOV KAGSO TG

ekmaidevong.

Kata v Suapkela ovyypa@ng G TTUXLHKNG QUTHG €pyaciag €ylve
Snuooievon apBpov pe titho «Performance evaluation of a SSL algorithm for
forecasting the Dow Jones index» [19]. Ztnv €pevva pag avti, a§loAOYOUUE TNV
amodoon evog semi-supervised adyopiBupov, CST-Voting, yiax tnv tpoBAeym tng
klvnong tov Seiktn Dow Jones. Ta TTEPAUATIKA XS ATIOTEAEGUATA VTTOSAWVOLV
OTL 0 TPOTEWOUEVOG aAyoplOpog vmepetel €vatt GAAwv  semi-supervised
aAyoplBuwy, mou Selyvel 0tL Ba pumopovoav va avamtuxBolv ofloToTa Kot
a&lOToTa HOVTEAQ TIPOBAEYNG XPNOLUOTIOIWVTAG HEPIKA ETIKETA KOl TIOAAQ U
emonuaopéva dedopeva, mouv Seiyvel 60Tl B pumopovoav va avamtuxBovv
a&lomiota povtéda poPAeYmg, Baclopéva 0E QUTOV, XPTCLULOTIOLWVTAG HEPIKA

labeled kat ToAAG unlabeled data.

TéAog, yia 6o peAemOnkav oty gpyacia, Eyvav HECH Ao TNV EPEVVA
VALKOU TIAVW O€ EAANVIKE, $Eval CUYYPAUUATA EVW VTNPEAV POPEG IOV 1) XP1oN

TOU SLSIKTUOU NTAV ATTHPALTI TN,

50



BiAloypadia

[1]
(2]
3]
[4]
[5]

N. Nilsson, Artificial Intelligence: A New Synthesis, 1998.

Council kat NRC, Developments in Artificial Intelligence, 1999.

S. J. Russell kat P. Norvig, Artificial Intelligence: A Modern Approach, 2003.
R. Kurzweil, The Singularity is Near, 2005.

P. Domingos kat M. Pazzani, «On the optimality of the simple Bayesian classifier under
zero-one loss,» Machine Learning 29, pp. 103-130, 1997.

51



[6] P. Churchland, «Neurophilosophy: Toward a Unified Science of the Mind/Brain, MIT
Press,» Synapse 1, pp. 221-222, 1986.

[7]1 J. Platt, «Using sparseness and analytic QP to speed training of support vector
machines,» Proceedings of the 1998 conference on Advances in neural information
processing systems Il, pp. 557-563, 1999.

[8] D. Aha, «Lazy Learning,» 1997.
[9] S.L.Salzberg, C4.5: Programs for Machine Learning, 1993.

[10] N. Landwehr, M. Hall kat E. Frank, «Logistic model trees,» Machine Learning, Top. 50,
ap. 1-2, pp. 161-205, 2005.

[11] D. Yarowsky, «Unsupervised word sense disambiguation rivaling supervised methods,»
ACL '95 Proceedings of the 33rd annual meeting on Association for Computational
Linguistics, pp. 189-196 , 1995.

[12] A. Blum kat T. Mitchell, «Combining labeled and unlabeled data with co-training.,»
COLT' 98 Proceedings of the eleventh annual conference on Computational learning
theory, pp. 92-100, 1998.

[13] Z. Zhou kal M. Li, «Tri-training: Exploiting unlabeled data using three classifiers,» IEEE
Transactions on Knowledge and Data Engineering, Tou. 17, ap. 11, pp. 1529 - 1541,
2005.

[14] Y. Zhou kal S. Goldman, «Democratic co-learning,» ICTAI '04 Proceedings of the 16th
IEEE International Conference on Tools with Artificial Intelligence, pp. 594-202 , 2004.

[15] M. Li kat Z. Zhou, «Improve computer-aided diagnosis with machine learning
techniques using undiagnosed samples,» IEEE Transactions on Systems, Man, and
Cybernetics - Part A: Systems and Humans, top. 37, ap. 6, pp. 1088 - 1098, 2007.

[16] M. Li kat Z. Zhou, «SETRED: Self-training with editing,» PAKDD 2005: Advances in
Knowledge Discovery and Data Mining , pp. 611-621, 2005.

[17] M. F. A. Hady kat F. Schwenker, «Combining Committee-Based Semi-Supervised
Learning and Active Learning,» Journal of Computer Science and Technology, to. 25,
ap. 4, p. 681-698, 2010.

[18] I. E. Livieris, N. Kiriakidou, A. Kanavos, V. Tampakas kat P. Pintelas, «On Ensemble SLL
Algorithms for Credit Scoring Problem,» Informatics, pp. 1-16, 2018.

[19] I. Livieris, A. Kanavos, G. Vonitsanos, N. Kiriakidou, A. Vikatos, K. Giotopoulos kat V.
Tampakas, «Performance evaluation of a SSL algorithm for forecasting the Dow Jones
index,» IEEE 9th International Conference on Information, Intelligence, Systems and
Applications (lISA 2018), pp. 1-8, 2018.

52



[20] E. Hajizadeh, H. D. Ardakani kat J. Shahrabi, «Application of data mining techniques in
stock markets: A survey,» Journal of Economics and International Finance, Top. 2, pp.
109-118, 2010.

[21] S. Thawornwong kat D. Enke, «The use of data mining and neural networks for
forecasting stock market returns,» Expert Systems with Applications: An International
Journal, top. 29, ap. 4, pp. 927-940, 2005.

[22] K. S. Kannan, P. S. Sekar, M. M. Sathik kat P. Arumugam, «Financial stock market
forecast using data mining techniques.,» International MultiConference of Engineers
and Computer Scientists, Tou. |, pp. 1-5, 2010.

[23] S. R. Nanda, B. Mahanty kot a. M. Tiwari, «Clustering indian stock market data for
portfolio management,» Expert Systems with Applications, top. 37, p. 8793-8798,
2010.

[24] J. Patel, S. Shah, P. Thakkar kat a. K. Kotecha, «Predicting stock and stock price index
movement using trend deterministic data preparation and machine learning
techniques,» Expert Systems with Applications, top. 42, ap. 1, pp. 259-268, 2015.

[25] K. Khor kat K. H. Ng, «StockProF: A stock profiling framework using data mining
approaches,» Information Systems and e-Business Management, toy. 15, ap. 1, p.
139-158, 2016.

[26] A. N. Kia, S. Haratizadeh kat S. B. Shouraki, «A hybrid supervised semi-supervised
graph-based model to predict one-day ahead movement of global stock markets and
commodity prices,» Expert Systems with Applications, top. 105, pp. 159-173, 2018.

[27] F. Louzada, A. Ara kat G. Fernandes, «Classification methods applied to credit scoring:
Systematic review and overall comparison,» Surveys in Operations Research and
Management Science, TOu. 21, ap. 2, pp. 117-134, 2016.

[28] K. Kennedy, B. Namee kat S. Delany, «Using semi-supervised classifiers for credit
scoring,» Dublin Institute of Technology ARROW®@DIT, pp. 1-20, 2013.

[29] M. Alaraj katw M. Abbod, «A new hybrid ensemble credit scoring model based on
classifiers consensus system,» Expert Systems with Applications, top. 64, pp. 36-55,
2016.

[30] J. Abellan kai J. Castellano, «A comparative study on base classifiers in ensemble
methods for credit scoring,» Expert Systems with Applications, Téu. 73, pp. 1-10, 2017.

[31] D. Tripathi, D. Edla kat R. Cheruku, «Hybrid credit scoring model using neighborhood
rough set and multi-layer ensemble classification,» Journal of Intelligent & Fuzzy
Systems, TOU. 34, ap. 3, pp. 1543-1549, 2018.

[32] H. Zhang, H. He kat W. Zhang, «Classifier selection and clustering with fuzzy
assignment in ensemble model for credit scoring,» Neurocomputing, Tou. 316, pp. 210-
221, 2018.

53



[33] J. Levatié, M. Ceci, D. Kocev kat S. Dzeroski, «Self-training for multi-target regression
with tree ensembles,» Knowledge-Based Systems, Tou. 123, pp. 41-60, 2017.

[34] J. Levati¢, D. Kocev, M. Ceci kal S. DZeroski, «Semi-supervised trees for multi-target
regression,» Information Sciences, TOu. 450, pp. 109-127, 2018.

[35] D. M. W. Powers, « Evaluation: from Precision, Recall and F-measure to ROC,
Informedness, Markedness and Correlation,» Bioinfo Publications, 2011.

[36] E. Napacupn, «EEOpUEN yvwong Katl SeSouévwy ot emixelpnoelg,» 2014.
[37] P. Murphy kat D. Aha, «UCI repository of machine learning databases.,» 1994.

[38] I. E. Livieris, «A new ensemble semi-supervised self-labeled algorithm,» Informatica,
ap. 49, pp. 1-14, 2018.

[39] F. S. Mohamed Farouk Abdel Hady, «Co-Training by Committee: A New Semi-
Supervised Learning Framework,» 2008 IEEE International Conference on Data Mining
Workshops, pp. 563-572, 2008.

54



