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1 EIZArQrH

Ta avaAuTiké epyaleia emyelpnpotikov ono@docwv  (Business Analytics — BA) kot n
emyelpnuatikn eveuia (Business Inteligence-BI) amoteAolv onpeio Tov KAp@v, 180G o€ pla emoyn
TIOL 0 OYKOG Oedopévav €xel odnynoel oy avantuén touv kAGdov big data analytics. Baowkn
nmpokAnon va eéaxBel adlomomr|olun MANPOEOPIX KOl YyVAOOT EYKOIp®G Y@ TNV LTOOTNPLEN
OTPATNYIK®V OMOQPACE®V NG €KAOTOTE emyeipnong. LOHQPwVA He PeAETN NG etopeiog Gartner,
anoteAel MPpOTAPYIKT AelTovpyia NG emyeipnong yioo vooTPIEN 0T AN OMOPACEWV YIX TOUG
evikovg AtevBuvteg Owovopikav Kat I'evikovg AtevBuvtég Ynnpeoiov ITAnpogopikrg [1].

H nopovoa epyooia eéetalel v MPOPAEYn amoxmpnong MEAATOV OO TNV OMTIKI HING €K TV
daotacewv oL BA, customer analytics. Xpnolpomoteitol wg epyoAeio ywx v vmootnpién
OTPATNYIK®V AMOPACERDV O0TO THNHA Stxxeipiong meAatelok®v oxéoewv (CRM). Koplo mpofAnpa
OTO OLYKEKPIHEVO TUNHA, HE GOBOPO KOGTOG Y& TNV EMIXEIpNOT, amMoTeAEL I anwAglo TEAAT®V [2].

Zta mAaiow avamtuéng oTpatnykev daxeiplong anwAeing neAatov (churn management), €youv
avamntuyBel peBodoroyieg mpofAeymg anoxwpnong neAatav (churn prediction). Baowko {ntovpevo
gival N 0wOoTH TaEIVOUNOT] TOL TEAXTN GE €V SUVALEL I PN AMOXWPNOAVIX HECK OO TNV AVATTUEN
KOXTAAANA®V HOVTEAGVY, PE TN Xpron KAataAANAwv aAyopiBpwv. To pHOVTEAN avomTOOCOVTOL HE TN
xprion predictive analytics pe otoxo v ta&vopnon (classification), epyacia (task) tng e&opuvéng
dedopévov (data mining). Ot aAyopiBpot mov vAoMoVVTAL AVIKOLY OTNV KaTnyopio aAyopiBuwv
HNXovikng ekpabnong (machine learning algorithms).

Onote, pe ) Xpnon oAyopiBpev pnxavikng ekpadnong kot NToueVo TNV TaEIVOUNGCT] TOL TIEANTH
avVOMTOOOoOVTaL HOVTEAX TPOPAEYNG amoxwpnong meAatwv. Me tn xprnon KATtGAANA®V SEIKT®V
a&loAGYNONG TOV OMOTEAECHATMOV, TPAYHLOTOTOLEITAL CUYKPITIKY] a&loAdynon Twv oAyopiBpowv.
Emniong, e&etalovial ta xapakInploTIKA k¢ mpog To TANB0g Toug Kot To €160 Tovg. XT0X0G €ival, va
e&oxBel ovpmépaopa ya To av Ko ylati ot cAyopiBpol Tou €xouv €MAEYEL OTNV TTApoOLoa epyacia
S0VAEDOVY KMOTEAEGHATIKG O€ TETOL0V €160VG OCVVOAN SeSOPEVMV.


http://practicalanalytics.co/2011/04/24/gartner-says-bi-and-analytics-a-10-5-bln-market/

2 BUSINESS ANALYTICS (BA) KAI BIG DATA
ANALYTICS

To BA ava@épetal 0To KOPpATL TOL analytics, omov émelta anmd KatdAAnAn eneepyaoia kot
avéAvon evog Oykov Oedopévav  e€ayel  xpnolun  TANpo@opiac Tov  odnyel o€ Ypnolpa
ovpnepaopata. [IpoocavaToANOHOG TV CUUTIEPACHAT®Y, | LITOOTHPLEN ANUNG OTPATNYIK®V KOl 1N
amopacewv TG emyeipnonc.[3] Ma va 10 emrtdxel ouTd OLVELALOVTOL EMOTHHEG QMO
S10POPETIKOVG XMPOLE, EVOTIOLOVIOG TNV XPron TNG TeXvoAoyiag pe T ANYM onmo@doewv Kol
TIOOOTIKEG/OTATIOTIKEG peBoSoAoyiec.[4] Ao v mapaAafr) Tov dedopévav PEXPL KAl TNV §aymyn
KOl avAALGT] TNG TTANPOQOPING, LIIOKELITAL GTO KOPHATL TNG EMYEIPTHATIKIG EVQLING.

H xpnotukomta mpoKONTEL TOGO Ao TNV TANPOPOPNOT KA1 yVAOOT) oL Tapexel To BA, 600 kot amod
TO XpovIKO opilovia mov moapéxetal. Eiwoaydyete n moapdpetpog evonoBnoiag ypovouv (time —
sensitivity), kaBog n yvoon éxel adia otav givor aglomoinonpun oTo Tapov, OOTE VA UTOPETEL N
gmyeipnon va mpoxwpnoel oTig avdAoyeg Spdoelg, xwplg va elvor mAov Eemepacpéveg. Xe
S10QOPETIKN TepinTwon odnyeitol e AavBaopéveg amo@aoelg kot (nuia. Xt mAaiolr avtod
avantvooetal kot To Operational BA, yio Tnv Aym kaBnpepivov emyepnoiokoy ano@aoewmy. o
VX TO €MTUXEL OLTO AVOMTUOOEL PeBOSOAOYiEC TIOV HEIOVOLV TNV OVOTOTEAECHATIKOTNTO TWOV
avTIOTOLXWV SIASIKOO1®OV 0T AfPN GLTOV TOV AMoPACE®V.[5]

To BA mpo0mmpxe epyaolokd Kol akadNHATKG, aAAd Sev HeAETIOOVTAV WG EEX®PLOTOG KAKSOG EXPL
MPOoPAT®G. Ot pifeg TOL TPOEPXOVTAL QTIO TNV EMKEIPNOLNKT] EPELVA KL TNV EMOTAUN S10iknong.
Eekivnoe omnv dekaetio To 1920 amod 10 kKAGS0 G emoTtung Stoiknong, e&eAixbnke og THAHX TV
OLOTNHATOV LTOCTHPLENG amoPdce®V T0 1970, yix va TACEL V& €lvot KOPHATL TNG EMYELPNHOTIKTG
eveuiag amo to 1980. Ano to 2000 Kot EMEITH APYIOE VO XVATITOCOETHL TO KOPKATL Twv analytics
Ko va yivetat ava@opd 0to BA wg dtokpitog kAadog. [4]

Me mv paydaia avamtuén Tov epyaleinv NG EMXEPNHATIKNG €LELIOG Kol NG SLVATOTNTOG
oLAAoyNG dedopévav, mapatnprBnke ocuAAoyn peydAou Oykov dedopévou Tpog eneepyaoia. AVTo
dnuovpynoe emnpocbeteg avaykeg kKal TPOBANpaTa TIPOG €MiALOT Yyl TNV €6QYWYN XOQPOADV
OLUTIEPAOHATOV HEC® TOL BA. Q¢ anoteAeopa avtoL, avantuyxdnke évag Stakpltog kAddog, to Big
Data Analytics. I[Tapavta ouveyilel va amoteAel Tupa tov BA Kot 0pKETEG POPEG PEAETATAL OTA
mAciowx avTov[6].

To BA, mépav touv o1l mepthapfdvel ta media Tov Big Data Analytics kot TnNg emyelpnpaTiKig
evpuiag, pmopel va SakprronoinBel oe katnyopieg wg mpog ta media dedopevwv MPog avaivon
(TTivakag  1). Emiong, xowpileton o€ OOTAOEG, ©G TPOG TOV  TIPOCAVATOAMOHO TV
ovpnepaopdtwv[3]. Avadoya TG oxéoelg mov Behovpe va €§ayqyOUHE,  XPMOHOTIOLOVVTAL
neBodoloyieg avaroya v Sotdoelg, mov PBacilovion oe pobnpatikd epyaeio kot aAyopiBpoug
HNXOVIKNG EKMAIOELOTG. 26 AMOTEAETHA 01 SIHOTACELG QVTEG IAPEXOLV ELTE TEPLYPAPT/TVVOYN TV
dedopevov, wote va efaybel mAnpogopia, (descriptive analytics) eite mpofAeyelg (predictive
analytics). M evaAAakTiKi] amoym oxetikd pe ta predictive analytics, oOpewva pe 10 dpBpo
“Smarter Data”[7] tov Dr Michael Wu an6 v Lithium Technologies, eivat 0Tt pe ta dedopeva mov
non €xovv ovAAexBel e&ayetan ovpmépaopa yio dedopéva mov vroAeimovial. Emiong, pua tpit


http://www.lithium.com/pdfs/documents/Lithium_AdMap_Smarter_Data.pdf

dotaon, onwg mepypagetal ond tov Bill Vorhies, IIpoedpo kot AtevBivav Emotpova
Aedopevwv g Data-Magnum, eivon n feAtioon g npoPAeymg pe epyodeia BeATioTonoinong wote
avti tov Tt B ovpPet (predictive analytics) va mepiypapel T Ba enpene va cupPetl (prescriptive
analytics)[8]. Xt mapovoa epyaoia, N avdAvon SeSopevev TpooavaTtoAileTal OTnNV avamtuén

HovtéAou mpoPAedmg (Sieotaon predictive analytics) wg mpog T ovpTEPLPOPK TV TEAAT®V (Tedio

customer analytics).

Mivakag 1: ITeprypaer) nediowv Business Analytics

ITEAIO ANALYTICS

ITIEPIT'PAOH

Web analytics

TTapéxel SuUVATOTNTA VA& KATAYPAPEL T KIVTIKOTNTH Ml 10TOCEAISOG Kol €vog
ouvééopov. Emiong, xotaypdgetal amd o0 “KavaA” mpombnong Hix evépyelag
(Sradpopn) xatéAnge oV eKAoTOTE 10T00EAISO/TaVUVSETO0 0 Xpriotng. Eummpetel o
HETPT|OT) -TTOCOTIKOTIONNOT| TV KMOTEAEGHATMOV GTPATNYIKAOV TTpodBnonc.[9]

Google analytics

Koataypagny S1ad1KTuakng xprong 10ToceAibag, 010 TEAOG TOL KOKAOL XpHong Tng
EKAOTOTE 10TOCEAISOG. AOyw Kataypaeng and v Google, Bewpeital 6TL TapEYEL MO
a&l0moTN KATAypaQr] TG CLUUTEPLPOPAS Tov Xpriotn.[10]

Software analytics

Yuvééel moAamAd mapadotéa (artifacts) Aoyiopikob mov €xouv vrootel e§6puEn
Sebopévav, pe atdyo T AP anoPAcE®V 0€ SIAPOPEG PATELG TOL KUKAOUL (WG TOVL
Aoylopikov.[11]

Learning &Knowledge analytics

H o&ia tov mpokULMTEL OMO TO YeEyovog OTL PTOPEl VO TIKPEXEL OTOV EKMAIGEVOHEVO
€EATOHIKEVHEVEG TIPOTAOELG YO KOALYT YVOOTIKOV KEVQV 010 TeSio avalitnong
-eVSL(EPOVTOG TOV, HEC® EPYOAEIOV TIOL TIPEXOVTAL MO TO KOHHATL TV analytics.
[12]

Marketing analytics

Tiveton xprjon Tov customer analytics pie TpocavatoAlGpHO OTIG OTpOTNYIKEG marketing
™G emyeipnong.[13]

Customer (CRM) analytics

AVOQEPETOL 0TI CLUHTIEPLPOPIKT] AVAALOT] TOV TTEAATAOV YIX TNV KATIYOPLOTOINGT) TOUG
N v npofAeym Spdong toug.[14]

Service analytics

XpNOHOTOLEITO G EPYAAEID Y10 TT TTOCOTIKOTIONON-HETPNOT] XAPAKTIPLOTIK®V, OTIWG
oLVOLAGHO YVAOTG avBpOTIVEOV TIOp®V, AP OMOQPACEDY OXETIK& HE CUOTHHATO
UTINPECLIAOV KAl TOV DTIOAOYLOHO TOL AVTIOTOLKOL AOYIOTIKOD KOOTOUG.[15]

Human resource analytics

Y0véeon g andS00T g TOL TIPOTKOTIKOD KAl TV §e§10TNTWV TOVG, péoa amd dedopévy,
HE OTOXO TN MHETPNON TG EMOPUONG TIOL €xeL 0NV amodoon ¢ etonpeing. Emiong,
XPT|OHOTIOLEITOL KOl G TINyT] TANPOQOPNONG VX TN AN aVTIOTOL(®V OTPATHYIKOV
AMOPAOEWV Y1 TO TUNHA avBpamivou Suvapikoo. [16]

Talent analytics

OewpPOVEVO OO KAMOOLG ®G vmokatnyopi tov HR Analytics, eomidlelr ot
Soeiplon TaAéviv g emyeipnong, e OTOXO TNV KMOTEAEGHATIKT] TIPOCEAKLOT] KOl
Sayeipion toug kot ) AYm avtioToywv ano@doewy.[17]

Process analytics

IMapdoyel oOTOLG ISIOKTNATEG, TOUG EUTIAEKOHEVOLG HE TOV  KoBoplopd Twv
EMYEPNOIOKAOV S10SIKAOIOV KOl 0€ O00UG BpioKOVIOL 0€ avTioToLX KEVIpA ANWNG
OMOPACEWV , TTAT|POPOPIEG Y10 TNV EMAPKELA KOl AMOTEAETHATIKOTITA TOV S10SIKACIOV
TOU EKAOTOTE OpyaviopoL.[18]

Sypply chain analytics

Yuvléel amoTeEAECHATIKG , HEG® analytics, TNV Tpoo@opa pe T {\TNnor, cLVOPTHOEL
MG €QOSoTIKNG aALoidaG.[19]

Risk analytics

Avagépetor 1000 0T SlOKEIPLON TOL XPNHATOOIKOVOHIKOD PioKOL , 600 KOl TOL
PlOKOL OUOYETIOHEVOU |IE TIG ETIXELPT|OIOKEG AELTOVPYIEG, TIG AVTIOTOLKEG OTPUTNYIKEG
QTMOPACEIS KAl TIG TACEIG TNG AYOP&G. XPTOILOTOLEITAL EMONG WG EPYOAEio Y TNV
nipofAeym, Saxeiplon Kal anmo@uyn HEAAOVTIK®OV Kpioewv (crisis management)[20]

Financial analytics

Xpnowonoteitar yix v Afymn XpNHOTOOIKOVOHIKOV OMOQACEDY KOl OXETIKOV HE
eneviLOELg KABME KL TNV EKTIPNOT KoL EAEYX0 TOL avTioToLK0UL piokov.[21]



http://data-magnum.com/prescriptive-versus-predictive-analytics-a-distinction-without-a-diffrence/
http://data-magnum.com/prescriptive-versus-predictive-analytics-a-distinction-without-a-diffrence/

2.1 ENIXEIPHMATIKH EY®YIA (BUSINESS INTELIGENCE- Bl)

H emyeipnuotikn evpuia g epyaieio tov BA, ypnolpomnotel 10topika dedopéva yia v e€aywyn
TIANPOQOPLNG Kal yveong, mov propel va aglomonBel anod v emniyeipnon otnv vnootmpién AYng
QMOPACEWV, HE Xpron TG emotnpng 6edopévav (data science)[22]. Ta va emtevyBel avto, n
Sadikaoia e@appoyng g ekvdiel amod T cLAAOYN Kol enegepyaoia KAAGV TOOTIKG SeSopEVQV.
[TpokelpeEvoy va XapoKTNPloTovv 'KaAd', n emifAeyn ko eneepyacia toug &ekvdael amo tnv
napaAafn péxpt Ko to onpeio mov Ba xpnoipononBoldv wg €icodo yia v e€aywyn TANpopopiag.
[23]

Mo va e&axBel mAnpopopia mpaypatonoteitar e§opuén dedopévav (data mining). tnv ovoia
XPTOHOTIO00VTOL XAYOpIBHOL TIOL €X0LV WG €10060 GUVOAX 'KOA®VY' Sedopevwv Kat divouy, avaAoya
10 (nTovpevo, w¢ €€obo TNV avrtiotolyn mAnpogopia. H mAnpogopia peTéMeITar pe KATAAANAN
eneepyacio Kol eppunveia HOpel va 00Ny oeL O€ YVQOOT Kol CUPTEPATHATA. [24] T CUYKEKPLHEVN
epyaoia {ntovpevo eivar n tagvopnon pe xpron predictive analytics péow aAyopiBpwy pnyaviking
eKPGONoNG yo v €§6puén tv dedopévomy.

2.1.1 ANO THN NAPAAABH MEXPI THN NMAPAAOzH TQN AEAOMENQN

v evotnta avt Ba yivel avdAvon twv otadieov ano ta omoia mepvave Ta SedopEva MOTE va
KOTOANEO0LV va eivar eneepyaocipa otn @aon g e§0puéng dedopévamv. Ta kKupla otadx givon dvo,
TO MPWTO GLAAOYN Kol avAKANon ko To devtepo eme&epyaoia. Onwg B Samotwbel, givon éva
QUTONTNTIKO KOPPATL IOV Tilel KaBoploTikd poAo oTo av Kot Tt mAnpogopia O e§oxBel teAkd pe ™

Xprion ¢ e§6puéng dedopevav.[25]
2.1.1.1 AIAAPOMH AEAOMENQN

Ta Sedopéva apyIKA KATOTAOOOVIQL, O€ E0MTEPIKA 1 €EWTEPIKA , WG TPOG TN TNy TPOEAEVOTG
tou¢. Ta ecwtepikd dedopéva (internal data) mpoépyoviatl amd cLOTHHATH SlAXXEIPLIONG TNG ETAPEING
Kol evOoemiyelpnolakég mmyeg dedopévay. EveelkTikd cvotnpata eivanl o1 epappoyég diayeipiong
neAatelakwv oxéoewv (CRM software) KaB@dg Kol T CLOTHHATO EVOOETIIXEIPTOIOKOD OXESIAGHOV
(ERP). Ta elwtepikd mpo€pyovial omd TNYEG TEPAV NG €Tapeiag Kol ywpiloviolr oe SVO
Kotnyopieg, mpwtevovta Kol devtepevovia. Ta TPOTELOVTH GLAAEYOVTOL QMO TNV ETAIPEIN AHECH
TINYEG OUVOEOHEVEG HE TNV EMIXEIPNOT, €VOEIKTIKK QMO €PELVA  IKAVOTIOINONG TEAATOV TNG
emyeipnong. Ta devtepevovta eival 116N oLyKeVIpwPEVA 1 Snpootevpéva dedopéva and Tpitoug,
ONw¢ 16N SNHOCIELHEVEG EpeLVeG ayopdc. TIpOKANOT amoTeAEl N AMOTEAECHATIKY] EvOTIOINOT TV
dedopévav and OAeg Tig inyeq.[26]

[Tépav NG MPOEAELONG TOVG, HIX GAAN KOTNYOPlOTIOiNON EYKELTAl OTNn HOPQT| TOLG. APXIKA, T
QIEIKOVIOT] TOWV TIHOV TV XOPOKTNPLOTIKOV/HETABANTOV, Yo T omoia €xouv oLAAexBel ta
dedopéva,  pmopel va givor  aA@oaplBunTikn 1 aplBpunukn. Me kotdAAnAn tumonoinon o
aAeopBpunTikd nedia avrikabiotavral and aplOUnTIKEG TIHEG. AvEAAoya TNV HOVTIEAOTOINON QLTOV
TOV TIH®V, HTOPEL va amelkovi(ouy TIOIOTIKEG 1) TOOOTIKEG PeTAfANTEG. Ol TOGOTIKEG elvan dpeoa
HETPNOIHEG KOl EKQPALOLV TIOOOTIKA Heyedn, elvon eite ocuveyeig eite Sakpirég. Ol MOOTIKEC



EKQPPALOLV OVOPUOTIKG 6edopEva, IOV TOug Exouv amodobel aplBuntuikeg Tipeg. Mnopet va eivan eite
KOTNYOPIKEG 1 1N, AVOAOY®G av eKQOPAloLV opadomoinomn 1 av 1lEpAPXOLVTAL Ol TIHEG TOVG, KOTK
avtiotolyio.[27]

H @VOAa&n tov ecntepikav dedopévav yiveton o Baoelg dedopevav. TTaaotepa n OpT®ON TOV
dedopEVmV Ka Ta avTioToa epeTnpata (queries), yivoviav anevbeiag ano tig fdoelg dedopévay.
Me v anaitnon Oopmg yux 6eSopéva TPAYHATIKOD XpOVOL, OTOL 0 LTTOAOYIOTIKOG POpTOG Sev
EMETPETE, TNV AVENON TNG TOALTTAOKOTNTOG TOUG KOl TwV adopntav Sedopevav, ol Pdoelg
dedopevwv dev NTav ma amoTeEAEOUATIKEG. TTAPOLOIACTNKE N AVAYKN YlX EMALOT] TOV TXPATIAVR
KOl QITOTEAECHATIKI] EVOTIOINOT) E0WTEPIKOV KAl EETEPIKWV deSopévav [28]

Zta mAaiol autoL avartoxBnkav ot amobnkeg dedopévwv (data warehouses), omov tpafave
dedopéva amo TG Paoelg OeSOHEVAOV KOl EVOMOOUV €0WTEPIKA HE €EDTEPIKA Sedopeva.
OpyavevovTal e TETOW0 TPOTIO MOTE VX HTOPOVV Vi ta StaxxelploBolv peténetta ot avaivteg. H
npoofaon ota Sedopéva KOl QOPTMON TOV AMAPAITNTOV Y& avAALOT], HECK TOALSIAOTAT®V
EPOTNHATWY, Yivetal peow g anevbeiag avaivtikng dadikaciag (OLAP).[29] Ta deSopéva tng
amoBnkng dedopévmv pmopovv va avakatavenBovv kot va StacuvéeBovy e pIKpOTEPEG amobnKeg
(data marts) pe avaBeomn KaBepaGg O€ eva THNHA TNG EMLXELPNONG, TTPOCAPHOCHEVNG |LE TIEPLEXOLEVO
OXETIKO € TIC AVAYKEG TOL avTioTolou TUNpatog.[30]

Ta mapomdve TPOAYHATOTOOVVIOL HE TN XPNON €PYOAEi®V AOYIOHIKOU TIOU QUTOHKTOTOLOLV TIG
Baowkég Aettovpyieg eaymyng, HETAOXNHUATIOHOV Kol opTwong dedopévav (ETL). Eekivavtag and
v eaynyr TV 6e00HEVOV OMO TIG AVTIOTOLYEG TINYEG, LETATPEMOVINL OE KATXAANAN HOpON HEC®
TOV SIKOIKAGIOV TIOL TIEPYPAPNKAY, MOTE va opTwbolv oTig anmobnkeg dedopévav.[31] Ao to
onpeio autd, Kol €melta pPmopel va yivel KatdAANAn mpoetolpacio tov deSopévav Kol emioyn
HeTaBANTOV yio va ipaypatonown Bt e§opuén dedopévav kot va e&ayBel mAnpopopia.



2.1.1.2 FMPOETOIMAZIA AEAOMENSQN KAI EMNMIAOMH METABAHTQN

Ano mv eaywyn twv dedopévav amd Ty amobnkn péEXpL Kol TNV €l0080 TOUG GTOV AVTIOTOLKO
aAyoplBpo 1 epappoyn, anotteiton neportepw eneepyacio toug. Mapaiappavoviag ta dedopeva
arno Vv anobnkn dedopévav, yivetar mpoenegepyacia pe S10pOmOTN TV AVEMXPKOV Se50HEVROV KAl
emAoyn KatdAANAwv petafAntav, pe xpnon avtiotoywv pebodoroyiov. ‘Emetta yiveton
HETHOXNHATIOROG TV SeS0HEVEOV OTIOL OMALTEITAL, YIX VO TIEPOLV TNV KATGAANAN HOpOn Yl
XPT|OT TOUG QIO TOV avTioTolXo aAyopiBpo. Qotdoo, €xouv dnuiovpyndei Vo cvuvoAa dedopévavy,
TIOL TEPLEXOLV TIG 1816¢ peTafAnTég Kat €xovv LoaTel TV 161a ene&epyaoia, T0 oVOAO ekmaidevong
KOl TO 0UVOAO eAéyyovu.[32]

H &wdwkaoia Eexivael pe Ttov eviomopd twv SeSopévwv Tov vMoAsimovial. Mmopel va
vmoAeimovtol eite yati mapapeAndnke va cupnAnpwBel eite yati dev vmpye €mAOyr TOL VX
TIEPLYPAPEL TNV TIUN TIOL AVTIOTOLXOVOE 0€ oUTO Tedio. Xe auTd To onpeio G eneéepyaociag eivat
SVOKOAO VU €VTOMIOTEL Gg TOwK KATnyopia avikel, ondte avipetonidoval OAa ta Keva media wg
dedopéva ov mapaAn@Bnke va cupmAnpwBovv. Katd mepintwon, emAéyetan eite va cupMANpwOel
avtd to medio peccd kamowag pebBodoroyiag eite va vmdpéel Saypaen Tov amo@acilovia 1 g
HETAPBANTNG, LTIO KATOlEG TTpolNO0ETES.[33]

H Sxypaor] petafAnTav, yevikd amo@evyetal, KaBadg Hmopel va aAAOIDOEL T AMOTEAECHATA TIOV
B mpoékuntav amd To ekdotote oLVOAO Oedopévav. Tlapavta, OTavV pHE XPronN KATAAANAwV
pebodoroylav 1 BiBAOypa@IKd, dev TPOKOMTEL OTUAVTIKT] OLOYETION NG EKAOTOTE PETABANTNG He
TO OMOTEAECHA TOL OEVAPIOL LG PEAETN Ko LTTEPYXOLY KeVA Tedia KAT® KATO0L opiov mov €xel
npokaBopiotel, Siaypdoetan. Emiong, o€ mePUTTOOELG IOV 01 KEVEG TIPEG oTa TeSiar IOV avaAOyoLV
oe éva amo@aoilovia Eemepvave KAMOO TPOKKBOPIOHEVO Oplo, TOTE a@alpeitol amd 10 GUVOAO
dedopévav.[34]

1N ouvéxela Ta evamopeivavTa kKeva media yepidovtan pe TIHEG IOV TIPOKVTITOLY OO GLYKEKPIHEVEG
nebodoloyieg. Exetl aia va vrapyel amobnkevpévn n mAnpogopia yior Ty EAAEWT] CLUUTIANP®ONG
nediav, KaBmg pmopel 0Ta AMOTEAECHATA VO TIPOCPEPEL XPNOILA CLUUTEPACHATA. APYIKA HETPATAL T
OULOYETION TV HETABANTAV, KOG TIPOG TO TEAIKO NMOTEAECHN KOl TOV XMOQaoilovTa, Yyl va eKTiunOel
n enidépaon mg Tpng mov B amodobel oto kevo medio,. Enerta, pe Bfdon ta anoteAéopata TG
OLOYETIONG EMAEYETHL TIOI0 HETPO EKTIPNONG TNG HETABANTOTNTHG TV TIHAOV (S1avOOPATOG) TNG
petafAnNTG, B xpnowomomnBel yior va pnv v ennpedoel (0¢ TPOG TNV oVTiOTOKO HETPO
HeTaBAnTOTNTOC).[32]

Ev ouvéyela, ota mAaiola Tov SuvaTov, HEIOVETOL 0 OYKOG OeS0HEVMV, HE OTOXO TNV HElwON TG
TIOALVTTAOKOTNTOG, TOL LTIOAOYLOTIKOU @OPTOL Kol Tov BopLPov. Eival TOKTIKTY TIOU €MAEYETOL OTOV
kA&do Tov big data analytics, pe otoyo TNV PeAtioTomoinon TNG YVWONG OULVOPTIOEL TOU
vmoAoyloTikol @optov. O Gykog Sedopévav apyika pelovetal pe v opadomoinon (clustering)
HETABANTQOV oL Tapovola(ovy opoloTNTeG (similarity) péow twv avtiotowv aiyopiBpwv. Omov
EKTIHATAL OTL HMOPOULV VA CUHYNPLOTOLV HETAPANTEG xwpig emidpaon OTO TENKO OMOTEAECHA,
dnpovpyeitan pia véa petaBAnT mov g epmepiexel. Emiong, pmopel va xpelaotel kavovikonoinon
N ene&epyacio TG ameIKOVIONG TV TIHAV Yl va PelwBel o dykog dedopévav. .[35]



MeTENETA, TIPAYHATOTOIOVVTOL TIEPALTEP® OTATIOTIKOL EAEYXOL, Yl TNV EKTIUNOT TNG CLOXETIONG
TOV PETABANTQOV HE TO {NTOVHEVO, OTNV TIEPIMT®ON TNG MAPOVONG £PYNOinG, TNG TAEIVOUNONG 0N
KAGoN. EVOelKTIKG KATIO101 OTATIOTIKOL €EAEYXOL IOV XPTOHOTOOVVTAL TAPOLOLALOVIAL TTAPAKAT®,
ormov avaeepovial ¢ peBodoAoyieg emAoyng petafAntev. Ot moapovieg eival ovtoi TOL
emAgxONKav va xpnotpononfolv ota MAKior QLTAG TG £pYRTiag.

Ov peBodoloyieg Swxhoyng petafAntav ywpilovior ce SO Koatnyopieg, oTig peBoSoug oL
ava@epovial oG wrapper kot TG peBodoug @uatpapiopatog (filter).[36] Ouv peBodoroyieg mou
EVIACOOVTAL 0TI Wrapper, 0T TAaiola LAOTIOINGTG TOLG TAEWVOHOVY TIG HETABANTEG O€ OTHAVTIKES
N pn. H ta&§wvopnon (classification) yiveton pe m xprion tov aAyopiBpov mov Ba xprnoipomnown et
petenetta ywx v €§opuén mAnpogopiag omd ta dedopeva.[37] TTapdTt OMOTEAECHATIKEG Ol
pebodoloyieg wrapper, kaBmg T0 oUVOAO SeSopévav TOL €EAYETAL €lval TIPOCAPHUOCHEVO OTIG
OVAYKEG TOU EKAOTOTE OAYOPLOHOL, EXEl OMUAVIIKO ULMOAOYIOTIKO KOOTOG. XTOUG YEVETIKOUG
aAyopiBpoug autn 1 Stadikaoia TPayHATOMOLEITA E0OTEPIKA.

Amo v &AAn, ot peBodoroyieg MIATPAPIOHATOG XPNOHOTOIOVV OTATIOTIKEG pHEBOSOLG Y TNV
a&loAdynomn TG OULOXETIONG TV HETABANTOV HE TV KAGoN Tov emAéyel va eviayxBel o
arno@aoi(oviag. Ot mepLocOTEPEG MAPEXOLY WG 6080 OMAG TASIVOUNOT TV HETAPANT®V, OMOTE
ovvévalovtol pe kamoleg peBodovg avaldnmong ( search methods) ywx v emAoyn twv
petafAnt@v. AvtifBeta pe Tig wrapper , To oUvoAo Sedopévmy mov e&dyetan ivatl aveE&ptnTo TOUL
™G peBdSoL Ta&vopunong, omote LAOTIOLEITON HIX POPA, TPV EEKIVIGEL 1] XPT|ON TWV AVTIOTOLK®V
aAyopiBpwv.[36]

Ot otaTioTikoi éAeyyol o Tpaypatonomfnkay givar o X? , o gain ratio kon o information gain. Xto
mAaiowx tov eAéyyov, eetalouv v mBavotnTa va cupfetl éva yeyovog A vmo v npotndbeon ot
éxel oupPel to yeyovog B, SnAadn v e&dptnomn toug. Xy nepintwon pog vmd my npodnobeon ot
ovpPaivel 1 €xel AdPel ocuykekpévn TN N HETAPBANTA VIO €&€TaoT, eKTIPdTAL 1| TMOAVOTNTH V&
AdBel ovuykekpipévn Tipn n kAdon. Eniong, xpnolponoteiton n eKtipnon g evipomiag o€ KAMOoe
ano g pedodovg. H evipormia ek@pdlel oV MEPIMTOOT HOG TNV TANPOQOPiar TTOL TEPLEXEL N
TIPAYHATONoinomng evdg yeyovatog vmd v npodnobeon “6tt ouvéPn éva dAro. Oco Atyotepn yvoon
1l TPOPAVIG GLOYETIOT LTIAPXEL YUPW QMO €VA YEYOVOG, TOOO HEYOADTEPT T TIUN TNG EVIPOTINC,
KOG POG TIHPEYEL TTEPLOGOTEPT| OXETIKT| TANPOPOPIN KAl EKQPACETAL OO TOLG TIAPAKAT® TUTIOVG.
[38]

H(B)=E(-In(P(B))) (1) et H(A/B>=Zp<ai,bi>log<%> o)

O €Aeyyog X? test, XprOHOTOLEITAL YA V& EKQPGOeL Tov Pabpd aveaptnoiag §00 yeyovotwv, HEcwm
gpyadeiov g X? Katavopnc. YToAoyiletal 1 avTioTolyn OTATIOTIKY Yo TI¢ 600 peTaBANTEG KOt
énelta vroAoyilovton ot avtiotoyol Pabpol eAevBepiag. EmAéyetar Tipn yi ) eKTignon tou
Saotnpatog epmotooLvng (confidence ), pe emAoyn 10 avtiotoov epyaAeiov pETpnONG, Kot
vrmoAoyideTon ylor TI¢ TIHEG TIOL ava@EPONKaV TapOmave, HE Xpnon OmANG KatevBuvoemg otnv
nepintwon pag. Me Bdon v Tipr mov €xel tpokaboploTel, agaipovvTal arnd T0 GUVOAO SESOHEV®V
Ol HETAPANTEG TTIOL PALVETAL VA NV CUHHETEXOLY OTNV TEAIKT arO@aaoT Tov meAdT.[39]

10



H peBodoroyia information gain xpnoiponolel wg epyoAeio tn eKTiHNON TNG OQEAUNG TANPOQOPING
mov Oivel 1 avtiotoyn MHeTafAnT) ywr ™ AMYN amo@acng Tov meEAXTN. Mabnpatikd outo
EKQPALETAL HE TN XPNOT TNG EVIPOTILNG, ATIO TOV TUTO:

IG(A,B)=H(A)-H(A/B) (3)
Me yprion g ta&lvOpUnong mov TPOKVMTEL Kol XproT €ite KAmolag peBddov evpeong, €ite oplopon
oplov WEEMUNG TANPOQOPIRG 1| CLYKEKPIHEVN emAoyn TANB0g petafAnT®v, mov vrootnpiletot
BiBAoypa@ikd, anmopaciletal moleg petafAnTtég Ba xprolponoinBoiy napakate. [40]
Baokd pelovéktnpua outng g peboddou eivan 0tL pmopel va o8nynoel o€ emAoyn HETABANTOV Tov
HOONUOTIKG TTapEYouV TANpo@opia aAA& AoyiK& 8ev mapéxouvv xpnoipn mAnpogopia.[36] INa va
emAvBel auto, elonyOn n peBodoAoyia information gain ratio, 6rov vrtoAoyietan amo Tov TOMO:

H(A)-H(A/B)
H(B)

IGR(A,B)= 4)

H teAwn) emAoyn twv petafAntaov mpog xprion yivetat onwg kat otn pebodoroyia information gain.

Ta Sedopéva énerta ywpidovion oe oOVOAO ekmaidevong Kot oUVOAo eAéyxov. Kamoleg @opég
amoteiton Kat 1 dnpovpyia evog tpitov cuvoAou (validation set), yia tov €éAeyyo otn dadikaoia
EKTIOLSELOTG KATA TNV €KTEAEOT) TOL aAyopiBpov. To péyeBog Toug kKaBopiletal TOGO ePTEIPIKG OGO
Kot BifAloypagika. Xe meputtooelg big data dnpiovpyeitor eva vmooLvoAo dedopévav (sample
size) , yla ) Snpovpyia TOL CLVOAOL EKTIAISELOTG KOl EAEYXOV, YO TN HEI®OTN TOL LITOAOYIOTIKOD
@OpTOoL Kot Tou BopvPou. H emAoyn tov Seiypatog yivetal péom ouykekpipévav pebodoroylov yia
VO PNV TPOKLYPOLY TIPOBANHATA KATK TNV €KMaidevon amd Tov avTioTolo aAYOplOpHo PNYOVIKIG
eKpABnong, mov oényovv oe AavBaopéva anoteAéopata.[41]

[TpoBAnpata mov propei va mMpoKLYOLV KATK TNV €mAoyn TV dedopévmv yla ) dnpiovpyia Tov
ouvoAoL ekmaidevong, eivon to overfitting ko to underfitting. Ta mpofAHATA QLTE TTPOKVTITOLY
otav 1o Selypa/obvoro ekmaidevong Sev mePIEXEL 1OOPPOMNEVO TIOCOOTO TV AVTIOTOLXWV TIHAV
oT1g KAGoelg. TTapatnpeitat eite vepmpocappoyn €ite 1o avtiBeTo, ¢ TPOG TNV avtioToyn KAGON
omov rapatnpeital avicoppormia. I'a to Adyo auto emAéyetal ouyvd va dnpiovpyndel To Aeyopevo
obvoAo ekmaidevong 50-50 wg TPog TIg KAGoelg, otav vrdpyxovy V0. OvolaoTikd emAéyetan 50%
TOU SelypHoTog VA  QVTUIPOOWTEVEL, OTN TEPIMTWON TPOBAEYNG AMOXDPNONG TEAXTAV,
QIMOYWPNOAVTEG KAl TO LTTOAOTO 50% HN AMOXWPNOAVTEG. AVTH €lval T O ATAT] TTPOCEYYION T
omoiot pe T oepa NG pmopel va Snpovpynoel mpofAnpata, 18iwg oe Selypata mov n
TIPAYHATIKOTNTA €V AVTITPOOWTEVETAL ATIO 100ppOTNHEVA Setypata.[42]

TéAog, pmopel va amontnBel pETAOKNUOTIOHOG SeSOpEVOV YA TNV KAXTAAANAN €i0odo Toug OTO
avtiototyo aAyoplBpo 1 epappoyn. Q¢ mapdadelypoa pmopei va xpnolgononfel n elcaywyn twv
OLVOA®V 0TO TIpOYpappa vAomoinong aAyopiBpwv Weka. Ta oUvAa ntav Sabéopa oe popon
ovpPatn pe to mpdypappa eneéepyaaiog excel. Metatpannkav e apyeio csv yla va elcayBovv oto
npoypappa Weka. Enerta petatpdmnkayv, oe apyeio arrf, péow tov Weka, yia va pmopovv va
@opT®OOLY amd Toug avTtioToovg aAyopiBpovg. TTapott giye yivel KATGAANAN Tpomomoinon Twv
dedopEvav, XpeldoTnke va SnAwBel moleg PeTAfANTEG NTAV TIOIOTIKEG Kol Vo LIAPEEL KATAAANAOG
HETHOXNHATIOHOG TV TIHOV TOLG. AuTh 1 Sladikaoia akoAovBnBnke 1000 0TO0 CUVOAO eKTIAISELOTG
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000 KOl 0TO GUVOAO EAEYXOL Yl VO EEKIVIOEL T) LAOTIOINGT TV 0AyopiBpwv pnxavikng ekpadnong
010 avtiotolyo mepBaAiov vAonoinong.

2.1.2 AT10 TA AEAOMENA =TH NMAHPO®OPIA

'Exovtag, mAéov povieAonooel KatdAANAa ta Sedopéva ko Snpovpynoel 500 oOVOAa deSOpEVDY,
0T0Y0G €lval v xpnolpomomnBovv 1 KaTtdAANAa epyadeia wote va eaxBel mAnpogopia. H
mAnpoeopia outr) pmopet va e&ayBel pe n xprion e&opvéng dedopévmv (data mining). H e&dpuén
dedopévv amoteAel evomoinon 600 KAGS®V, TNG TOAVKPLTHPLA KAl VTTOAOYLOTIKTG OTOTIOTIKIG KOt
G HNXavikng ekpaOnong (machine learning). Xtoxog, eivor va mpaypatonoinfel avaivon twv
dedopevav, va avakaAv@Bovv oyéaelg kon va e§oyBel yvaorn.[43]

OvoloTika N €€6puén dedopevav, ONwg ieptypagetal ano tov Paolo Giudici oto avtiototyo fifAio
TOUL, €ivon 1 Stadikaoio TNG eMAOYNG, avaTnong Kot HovteAomoinong peydAov oykov SeSopevay,
®OTE va TNV avakaAv@BoLv cuotnpatonooelg (regularities) 1 cvoyetioelg mov apylK& NTOV
AYVOOTEG |IE GTOXO TNV QMOKTNOT EKABAPOV Kol XPNOIH®V AMOTEAECHAT®V YA TOV KATOXO TG
Baong dedopévav. Ynapyxovv Svo peBodoloyieg wG TPOG TOV MPOCAVATOAIGHO TOL aVOALTH, T
TIPOBAENTIKY Kol 1| TEPLypa@IkT). H Tepypa@ikr], Tpoo@Epel MePypoPn TV SESOHEVOV |E OTOXO
TV Yevikevon, pe Aetovpyieg Omwg v opadomoinon touvg (clustering). H mpofAentikn
Xpnolponolel 10 oOvoro SedopeEvwv ®OTE v TIPOPAEPEL TIHEG IOV UTIOAEITOVTOL Ol HEAAOVTIKEG
TIHEG Yy petafAntéc.[44] H Suvatomia outr TMOPEXETHl HECW® TV OAYOPIOH®V UNYAVIKAG
EKHAONONG HE TPOTAVATOAIOHO OTNV THPOVOX Epyaaia TNV TPOPAeYT.

O Ttopéng TV HNYOVIKNG €KPABNoNG eivor KAGSOG TNG €MOTAUNG LTTOAOYIOT®V, HE OTOXO TNV
eKHAONoN amo T deSopEva Kt TNV eaywyn MPoPAEYewv kG Tpog autd. O ekdotote aAyopiBpog
EKTIONOEVETE WG TIPOG TNV TIPOPAEMTIKI] TOL KAVOTNTH HE PAoT TO GUVOAO €KMAideLONG TTIOL TOL
TIPEXETAL KAL AMOKTAOVTAG “epmelpia” e&ayel mpoPAcyelg. Aedopévon OTL | MAPATAVE SlSIKaoia
€lvol OTOXAOTIKI] 6eV PTIOPOLV VO LTTAPEEL VIETEPUIVIOHOG WG TIPOG To amoTtéAeopa. Eibotal va
EKTIHATOL T OTMOTEAECHATIKOTNTH TOV HECH amO SeiKTeg a§lOAOYNONG TOV OMOTEAECHAT®Y, HE TN
XPT|0M TOL GLVOAOL €AEYXOL KAXBMG KAl HE OPOLG LITOAOYLOTIKOD QOPTOL.[45]

Ot aAyopiBpot pnxavikng xapoktnpilovial ond to potifo vAomoinong Kot 6TLVA ekpddnong mov
XPT|O1HOTIO00V. XTO TIAPOV KEPAAXLO €xel EMAEYEL va avaAvBolv auTol TTov ¥pnoilponofnkay yi
TN OLYKPLTIKY o§l0AGYNON, HE TIPOCAVATOAOHG TNV TPOPAeYn kot otdxo TNV TaSvopnon
( classification) ywx xprjon oto customer analytics. 1o Ke@aAoio NG TPOBAEYNC amoxwpnong
neAat®v vrnootnpileton BiAoypa@ika 1 emAoyn toug. ITpotod meptypa@oiv Ba yivel avapopd oto
otoyo-epyaocia (task) g e&6puvéng Sedopévav Kal tov avtiotolyov oAyopiBpov, w¢ TPOg TO
(nTovpEvo amd Tov avaALTH.
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2.1.2.1 2TOXOZ MONTEAOY-EPrAZIEZ (TASKS)

Onwg mpoavagépbnke o TPOoAVATOMGOHOE TOL OVOALTH) pmopel va eival 1 TPOPAeYm Hiag
KOTAOTOONG N N TEPLypagr] Twv 6edopévev. AuTéG ot §V0 Aettovpyieg pmopovv va avaivBovv
TIEPAITEP® MG TPOG TO OTOXO TOL HOVTEAOL Tov Ba avamrtuyBel pe ™ xprion tov aAyopibuov
HNXOVIKNG eKpaBnong. Ot vmokatnyopieg yapaktnpilovion wg epyaoieg (task) kot cLPPETEXOLY WG
TIAPAUETPO OTNV €MAOYN TOU KATAAANAOL aAyopiBpov. TTapovoidlovial oTov TOPOKAT® VoKX
(TTivakag 2) pe Tig ayyAikég ovopatobeaieg. [46]

Hivakag 2: Tleptypaon epyaciwv (Tasks) aAypiBuwy punyavikngs ekpadnong

Epyaoia Agrtovpyla | Ileprypaon)

Classification [TpoBAentikny | Ta&vopnon tewv ano@aol{OVIiny o KAAGELG

Clustering [Teprypagikny | Opadonoinon twv amo@aci{oviwy pe Porn Kowd
XOPOKTNPLOTIKA.

Association Rule Discovery | TTeptypa@ikiy | AvaOKGAUYT GUOYETICE®V TV PETABANT®V.

Sequential Pattern Discovery |Ilepiypagikr] | AvakdAvym emavaAapavopevav Hotifawyv,
OULUTIEPLPOPQIV.

Forecasting [TpoPAentikny |IIpdBAeYn TIH@V o€ Keva media- amd@aong meAdTn
Yl KQmotor HETaPANTH.

Regression [MpofAentikny |EvaAAoktiky touv  forecasting.  AwxQopetikn
pebodoAoyia.

v moapoloa SIMAWUOTIKY 0TOX0¢ €ivar 10 amoteAeopotikd classification peow oaAyopiBpwv
HNXaVIKNG eKpaBnong. Agdopévou 0Tt 0 TPooavatoMapdg eivor n poPAeym, ot aAyopiBpot mov Ba
emAeyovv Ba xpnopomolovv paBnon pe emifAeym (supervised learning). Xtoug oAyopiBpouvg
HNXAVIKNG EKPEONONG avTioToLXoLV Tpia GTUA avAoyd TO TPOTIO LE TOV 0TI010 XAANAETIOPOVV KATA
v eknaidevon. Avto kabBopilel v Sadikaoia ene§epyaoiog TV SeS0HEVOV KA1 XAXPAKTNPLOTIKA
dnpovpyiag TV avtiotolwv cuvodwv dedopévav mov Ba eloayxBolv otov aiyopiBpo. Ynapyel n
pabnon vnd enifAeyn, yopic emifAeym (unsupervised learning)kon pe nui-emifAeym (semi —
supervised). Xtnv mpaOTN TEPIMTOOT], LIAPXOLYV Ol TIHEG TV KAKCE®V KAT& TNV eKMaidevon eve
oTnVv devTEPT AMOLOIA{OLY Kot (NTOVHEVO €ival dnpiovpyia yevik®v Kavovav. H tpitn amotelel éva
oLVOLAOHO TV TTAPATIAVK §V0.[47]
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2.1.2.2 AATOPIOMOI ANATTY=HZ MONTEASQN

'Exovtag ava@epBel 1000 0TO OTUA EKTIAISELOTG, OTIG AELTOVPYIEG KA OTIG EPYATIEC, AMOMEVEL VX
YIVEL ava@opd oTNV KATnyoplonoinomn twv aAyopiBpwv pe Bdon Tig opolotnTeg mov mopouvcldlouvy
0TOV TPOTO LAOTOINOoNG ToLg. O1 OpAdeg aAyopiBpwy oL TEPLYpAPOVTAL, XPTOHOTOI0LY H&bnon
Lo emiPAePn pe TPOCAVATOAMGHO TNV TIPOBAeYM Kot otdxo Vv tagivounon. A&ilel va onpeindel
ott ouvnBwg ot amhol oAydplBpol SOLAEVOLY 1KAVOTIOINTIKK KOl 1| OMOTEAECUOTIKOTNTO MG
HeBOdovL €xel peon oLoXETION HeE To eSio 0TO 0Moio ePappOLeTAL.

BAYESIAN AATOPIGMOI

Xpnowpornotel 1o Beddpnua tov Bayes, omov ek@pdadel v mBavotnTa va oupfel to yeyovog A vmo
mv mpodmobeon oOtL ouvéPn To yeyovog B, yia mpofAnpata tadivopnong (classification) ko
naAvépopnong (regression).

P(A)xP(B/A)

@empnua Bayes P(A/B)= P(B)

()

O1 mo Sadedopevol ahyopiBpon eivar:

* Naive Bayes

* (Gaussian Naive Bayes

* Multinomial Naive Bayes

* Averaged One-Dependence Estimators (AODE)
* Bayesian Belief Network (BBN)

* Bayesian Network (BN)

Oa avaAvBolv o Naive Bayes apyikd, 6mov amoteAel v anmAolLoTepo aAyoplBpo g Katnyopiog
avTng Kot 1 Aoroinon tov Bayesian Network, kaBmg xpnotpomnoteiton oTnv cLYKPLTIKN peAET. O
Naive Bayes , ovopaleton Naive kabBwog kdvel v moapadoyny 0Tl OAeg ot petafAnTég eivon
ave&aptnteg petady toug. I'a va cupmeptAn@Bolv OAa T EVEEXOHEVH TIOL KIVI)KOLV GTO GUVOAO TNG
EKAOTOTE PETAPBANTIG O TUTIOG EKPPALETAL WG EENG:

P(A)*ﬁ P(B/A)

P(A/B)= ;(18) (6)

onov A n kAdon kot B avagepeton otn petafAntn. Eloayovtoag kot eva kavova anogaong (decision
rule), yla v TeEAK amo@aon KoataArnyovpe otnv tavopnon. O Kavovag OTnV TPOKEIHEVT
nepINT®OoN €ivat N emAoyn g mMBavoTNTag e TNV PHEYOAVTEPT TIUT (argmax) Kot n KAKGOT Tov TiG
OVTIOTOLYEL.

y:argmaxP(A)*ﬁP(Bi/A) (7)

i=1

O aAyopiBpog Bayesian Net avtipetomnilel v aduvapia tov Naive Bayes va xpnoiponomnBei oe
deSopéva mov bev ek@pdlovtal amd AMAEG KATAVOHEG KAl TNV aSLUVOHIx TV SEVIpaV andeaong,
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Omov avaAveTal THPaKATw. Ex@padel ypa@ka Tig Katavopég mbavotnTmv Kol TG avtioTolKeg
OVLOYETIOEIG HE TNV armo@uyn SnpoLPYING KUKA®Y, ®G TPOG TIG GUOYETIOEL TV HETAPANTQOV. X
kaBe petafAntn avtiotoiykel evag kKOpPog. Q¢ eloodo o kabBe KOPPoG Tpafdel Eva cUVOAO aTO TOLG
TIPOYOVOLG-YoVveig Kot oav €060 Sivel v avtioTtolyn mMBavoTNTA 1 TNV KATAVOHN TNG HETABANTAG.
[48]

Mivakag 3: Tleptypagn MAEOVEKTNUATWY KAl HEIOVEKTNUATWV Bayesian aiyopiBuwv

I[IANAEONEKTHMATA MEIONEKTHMATA

Apecog vmoloylopog twv mbavot|tiewv Ttwv | Anottet TOUTOXPOVO UTIOAOYLOHO/YVAOT)
vnoBéoewv OPKETOV THAVOTT®V

Mrmopel va xpnopomonfel yix ekpabnon Bdoel| Mnopelt va  eivor  acOp@opo  amd  amoym
OTOTIOTIKT|G UTTOAOYLOTIKOD KOGTOUG,.

Y& OULYKEKPIIEVEG TEPIMTWOELG OSOLAEVEL TIOAD
KaAOTEPA artd GAAOLG aXAYOP1OpI0VG

Mrmopel va oUVELAOEL OMOTEAECHATIKA VEX €
TaAOLd yveOoN Yo va ) feATiotonomoel

Mrmopel va KAVEL 0TOXAOTIKEG TPOPAEYELG
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NAOTIZTIKH MNMAAINAPOMHZH

Ao Ttoug TAEOV S1dedOpEVOLG OAYyOpiBOLG TIOL AVIAKOUV OTNV KOTNyopiot Tewv aAyopiBpwv
naAvdpopnong. Movtedomotel kot emavampoadlopidel EMAVOANTTIKA T CGUOYETION HETASD TV
HETOPANTAOV 1| HETAPANTAOV KOl KAGONG HE TN HETPNOT TOL AGBOUG OTIG EKTIPNOELG TOL HOVTEAOL.
X PNOHOTIOEITON OE TIEPITTWOELG KATIYOPIKWV KAXCEWV.

H eloodog oty cuvdptnon mbavotnTag, TOL TPOKVTTEL WG GXEOT| TNG AOYLOTIKNG TIOHALVEpOUNONG,

givan i YPOHIKN oLVAPTNON ™¢ HOPOTG
Y (X)=d*x,omovd=[a,a,....a,|x=[xyX;.... X,], Xo=0 (8)

ormov amodidovtan Bapn (a) oe kK&Be XapoKTNPLOTIKO/ HeTafANT amogaong (x) avaioya Tnv
OLHETOXT O0TO TeAkd amotéAeopa tov. H €§080g Y eivan €vag Selking €kppaong Tov TeAKoL
QMOTEAECPATOG CLVAPTNOEL TNG KAKOTG. [l TNV TpOsappoyn TNG GLVAPTNONG AVTNG 0T SESOUEVQ,
He 0TOY0 TNV PBeAtinon tov amoteAéopatog, SnAadn KaAVTEPN €MAOYT TIHOV OT& BApn ®OTE O
arnogaoifoviag va taglvopnbel oty o0wot KAAGOT, XPNOHOTOLEITOL 1| CUVAPTNON HEYLOTNG
mBavoeavelng wg ouvaptnomn anwAelng (loss function)[49]

H napoakdtw oxeon g AoyloTikn moaAvépopnong ekepadel Ty mbavotnTa v avijKeL TIPOYHOTIKK
oTnNV KAGon mou tou anodidetan pHEow NG TIHNAG Y KATO10G HE TA XAPAKTNPOTIKA X. H oxéon mov
TEPLYPAPEL TNV AOYLOTIKT] TAALVSpOUNON:

=Y

P(Y=1)=

Tk Q(Y=0) =1—P(Y=1)=%,0’novéov)\éuovys pe autéTov Tmo.  (9)
—e +e

Zntovpevo givar n feATIOTONOINOT TWV TIHAOV TOL SIAVOGHATOG .

Mivakag 4: Teptypa@n MAEOVEKTNUATWY KA1 HELOVEKTNUATWVY AOYIOTIKIG TAAIVEPOUNONG

ITAEONEKTHMATA MEIONEKTHMATA

['pryopog kat armAog aAyoplBpog Xpewxlovion peyaALTEPO OYKO OeSOPEVOV Y
VO TIPOCPEPEL KAAX ATMOTEAETPATA

Xepiletan un YpopHHIKEG EKQPATCELG

Agv  UTOBETEL KAVOVIKI] KOTOVOPT  Yl& TIG
ave&aptnreg petafAntég

AovAgLEL KOAG 0€ TTEPITTOOELG VO KAATE®V
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AENTPA AMNMO®PAZHX

Avagépetar otig peBodoroyieg mov ypnolpomolotv  SEvipa amo@acng otn  Sdikacia TG
ekmaidevong, Omov xpnolgomolovv kavoveg {if.. then} ywx 1 OSnuovpyla ocuvoyeticewv.
XpNOHOomolovvVTaL TO00 Yyl Ta§IVOUNOoN 000 KOl Yl arOS00T] CLUVEXQOV TIH®OV OTNV €§apTNHEVN
petoafAn. Ta Sévipa amogaong Pacilovion oty apyxn “Saipe-facideve” kot pmopolv va
avamapaotaBoly ypa@eikd, Omov anoteAodvial and KOpPoug KAadx kat @UAAa. Ta @UAAX ®G O
TEPHATIKOG KOUBOG avamaploTovy T mBavoTnTa [E TNV omoia Evag anmo@aoil{ov e GUYKEKPLIHEVA
XOPOKTNPLOTIKA OVIIKEL O€ H1X OUYKEKPIHEVT KAGoT. Ol KOpPOol avamaploTolV TOV €AEYXO HIOG
untoBeong ya TV peTAfANT Kol T KAASIX TO amOTEAECHA e TNV avTioToyn mlavotnTa TMov T™
ouvodetel. Ta kKAaS1& ovvdEovtanl e AOYIKEG OYECELG HE TO EMOUEVO XOPOKTNPLOTIKO/PETABANTA
TIPOG SLEPEVVINOT| TIPOKELHEVOL VA KATAANEEL, PLE TNV OVATITLEN TOL GEVTPOV, OTA AVTIOTOLKA QUAAQ.
Eva 6évtpo pmopel va avoantuyBel e§avtAnmikd aAAd av&Avel ONHAVTIKA TO LDTIOAOYIOTIKO KOOTOG,.
Me v avantoén tov §évipov, pmopovv va e§axBolv OTATIOTIKEG OYEOELG oL amodibovv TNV
mOAVOTNTA VA EVIACOETAL KATIO10G O€ P10t KAKGT] GLVAPTIOEL TOV AVTIOTOLXOV XXPAKTNPLOTIKGDV.

Body

Temperature /- Root

node

Internal Warm Cold
node

Gives Birth mammals
A

Yes mmmmmmaa f

- i “.”r
. % Leaf

on-
Mammals nodes
mammals

Figure 4.4. A decision tree for the mammal classification problem.

Ewova 1: Tleptypagn ypagikng avamapdotaons SEVIpwV amopaons
(Tan,Steinbach, Kumar, Introduction to Data Mining )

AmnoteAeitan anod dVo otddia i vAOTOINOT ToL GEVIPOL AMOPAONG TNV AVATITLEN, KOl TO KAXSEPA
(pruning) . KA&Sepa mpaypatomnoleitor 0tav LIAPYOLV TAEOVALOVOEG GLYKPIoEelg I} TiBeton (Tnpa
BeAtiwong g oamodoong kou a@aipeon vmodévipa. H vAomoinon evog aAyopiBpov mov
xprolponolel 6évipa amogaong efaptdtal omd TNV E€MAOYT TOV KPutnpiov Sidonaong kot
Teppatiopov. To kpitplo Stkomaong agopa otn PEATIOTN emA0yn TNG HETAPANTAG Yo T SidoTiaon
€vOg oLUVOAOL o€ vMooLVoAd. To KPITNPLO TEPHATIOHOV TEPHATI(EL TNV avATTLEN TOL SEVTIPOL N
THNHOTOG OTav TapatnpnBoly TpoBANpaTa OTIMG LIIEPTIPOCUPHOY, OTAV €xouV avaAvBel OAa Ta
XOPOKTNPOTIKA 1 OTav Tebel kamolo 6plo ouvoAlayrg peTadld akpifelag Kol LMTOAOYIOTIKIG
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moAvmAokoTNTaG.[50]

Me Baomn v €mAoyn oLTOV TOV KPLtnpiev dnpiovpyodvton S1a@opetikol gidoug aiyopiBpotl. Ot
A€oV kAaowkol aiyopiBpot eivonr ot ID3 kou C4.5. TTdpavta yia mepypaen emiexbnke o CART

(Classification and Regression Tree), mov ypnoipomnoiel kot Tig SU0 TPOCEYYIOEI TV SEVIPWV

anmoYaong, TaSvopnon kot maAvdpopnon. Avanmtvooeton e§avIANTIKG (gridy) kot Suadika

e&etdlovtog pio HeTaANTA TN opd. ¢ KPLTNPLO SIACTINCTG XPNOIHOTIOLEL TNV TIpT Tov deiktn gini,

OV QVOAVETAL OTNV evOTNTA TV SeKT®V. Kata mepimtwon, HMopel va  xprnolpono|oel

eVOAAOKTIKOVUG Seikteg Onw¢ information gain , omov meprypdgeton otig pebodoAoyieg SitxAoyng

petafAntov. Emiong, xpnoipomnolel kpitiplo KAASEHATOG, a@ol OAOKANP®OEL TNV avamtuén Tov

dévipov. E&etadel av dnpiovpyeitar vnmepmpooappoyn ota Sedopéva Kot aalpel Ta avtioToya

TUAHOTH. EEKWVAEL amd TOUG MIKPOUG KOHPOLG Kol EMELTA TIPOXWPAEL OTOUG HEYRAVTEPOLC,

e&etadovtag 0Ao TO OEVTIPO. ApYIKA, SLaypa@EeL TA THIHATA TIOL TIXPEXOLV TN AlYyOTEPT TTANpOYOpix

HE OpoLG KEPSOLE WG TTPOg TNV akpifela. Alatnpel OAa Ta SEVTIPAU Kl Tor CLYKPIVEL Y1 var emAeyel T0

BEATIOTO 8€VTPO WG TIPOG TNV AKPIPEIX KA1 TOV AVTIOTOLKO LTTIOAOYLIOTIKO (POPTO, HIE TIPOCTAVATOAMTHO

™ pelwon tov koaToug. [51]

O aAyopiBpog mov xpnolponoleital anod TV Katnyopia auTh ylx T CULYKPLTIKN HEAETN elval o

SimpleCart. Mia vAomoinon tov CART mov ouo100TIK& TO POVO KOO TIOL €X0LV €ival 1| Xprion

OTPUTNYIKNG KAASEHATOG (HETG TNV AVATITLEN TOL SEVTPOL) HE TO EAGYIOTO KOGTOG IOV TIPOKVTITEL

arno v moAvnAokotnta. ITapéxel Suvatotnteg mapapetponoinong, ev aviiBéoel pe tov CART.

Mrnopei va mpokaBopiotel 10 eAdyloto mANBoGg mepT@oewv KaBe @OUAAOL, TO TOCOOTO TOL B

xprotponoinBei and 10 ovvoro dedopévmv wg abvoAo ekmaidevong ylo TV avamtuén tov 6évipou

kot 10 mANBog (folds) twv voocuvoAwv Sedopévav mov Ba xprnoipononBovy ot Sadikaoia Tov

KAadépatog ylo Staotavpwor (cross-validation) twv anoteAeopatoy.[52]

ITivakag 5: TIeptypagr MAEOVEKTNUATWY KAl HELOVEKTNHATWV SEVIPWV amo@aong[53]

ITAEONEKTHMATA MEIONEKTHMATA

EOkoAn xotavonon kot eppnveia tv | Mmopel va  oOnynoel o€ UEPTIPOCUPHOYT  TWV
OMOTEAEOHAT®V dedopévav.

Amoatel  eAdylotn  mpoetolpacion TV | Mikpég aAlayég ota Sedopéva pmopel va odnynoouy
dedopévav 0€ HEYAAEG S1O(QOPOTIOTELG OTO HOVTEAD

EVkoAo oty eppnveia 1o povtéAo Kol ot
avtioTtolyeg Kataotaoelg (white box).

Enedn péow eupetk@v aAyopiBpwv evromilel TOmKa
OKPOTATA, OTNV TPAKTIKT] TOL LAOTOINOT), 8V LIIAPXEL
eyyonon ott Ba emavéABeL 0TO OAIKO OKPOTATO.

AOVLAgVEL [IE TIOOOTIKEG KOl TIOLOTIKEG

petafAnTEC.

AvtipetomniCet  SvokoAia  ekpdOnong  kamolwv

EKQPACENV.

Mrmnopet va petpnbet n adlomotia tov
HOVTEAOUL HECH OTO OTATIOTIKOVG EAEYXOUG.

Anouteiton €§100ppoOmNon TOL GLVOAOL eKTaiSELOT|G
®G TPOG TIG KAACELG, Yyt PNV OONYNOEL HEPOANTTIKA
QMOTEAETPATA WG TIPOG M1 KAKON.

AovAglel KOAG oKOpO Kol av Topafiaoet
Kamoleg vmoBéoelg amd TO  TPAYHATIKO
HOVTEAO amo Gmov mpogkvPav Ta SeSopEva.

Abvvapia  va  kavelt xprion Vvéwv  dedopévav
eknaidevong ywx PeAtioon Ttov 1NN vrdpxovTog
povtélov (on-line learning)
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MHXANEZ AIANYZMATQN YTTOZTHPI=ZHZ

AmoteAolv aAyoplBpoug TTov EMTLYXAVOLV EKPAONON YPOUHUIKQOV TAEIVOUNTOV. XPNO1HOTOI00V TO
uniepeminedo péylotov meplBwpiov (maximum margin hyperplane), epyaAeio to omoio emtuyydvel
TO HEYLOTO SLXWPLOHO TV Ta&ewv Xwpig AdBog oto vnepeninedo. [a ) Snpovpyia tnepemmnédwy,
xpnotponoteitar ovvaptroelg kernel. Ta vmodeiypota pe ) HIKPOTEPN AMOCTOOT QMO XUTO TO
eninedo amokaAovvtal S1AVOCHATH LIOCTNPLENG. XTOXOG N HEYIOTOMOINOT TNG OMOCTOOT TWV
S1VLOHATOV LTOCTNPIENG. MabnuaTIKG aLTO emTLYXAVETAL HE TNV emiAvon evog MpoPAHaTOg
TETPAYWVIKOD  TIPOYPAHHOTIOHOD Kol TNV PBEATIOTONOINCT TG OVTIOTOIXNG  OVTIKELHEVIKNG
ovvaptnons. Méoa amo v enavaAnmuikn Sadikaoia ekmaidevong moapayovial SvOOHOTX
LTTOOTNPLENG TTOL EKPPALOLY TO HEYIOTO SIHXWPIOPO TOV KAKCEWV.

Ewova 2: Tpa@ikn ameikovian
VTTEPETTITIESOV.
(en.wikipedia.org/wiki/Support_vector machine)

To vnepémnedo avamapiotatal and tm oxéon w.x-b, 6mov 1o Oplo Saywplopov Siver Tipn 0 yx
QLT TN OX€0T KOl Yl TIG KAQOELG TIov eK@padovTal and g Tipég 1 kot -1, divel Tig avtiotoyeg
TIHEG. XTOXOG N PEYIOTOMOINGT TNG AMOCGTHONG, IOV eKPPAleTal w¢ 2/||w|| peTaéd Twv §V0 KAGTEDY
®G TPOG TO LTIEPEMINES0. OMOTE N AVIIKEIHEVIKI IOV TIPOKUVTITEL EXEL WG GTOXO EAXYIOTOMOINGT TNG
TIUNG W Kat ipodnoBeon va pnv vrepkaAv@Bovv ta media mov ek@pdovy Tig 600 KAGoEeLG.[54]

'Evag aAyopiBpog mov emAvel ta MPoBANHATX OV PTOPOVV VA aVOKOUYOLV AOY® TETPOY®VIKOD
TIPOYPAUHOTIOHOD, €lval 0 oAyOplOHOC TPOCEYYIOTIKGOV HNXAVAOV SIAVUOHATOV LTOCTHPENG
(PSVM). Avti evog Sayxwpiolpov vnepemnedov, xpnoiponolel dvo moapdAAnAa emineda. Kabe
eminedo avTIoTOXEL 0€ Pl KAGOT) Kal Ta emineda apyikd Tomofetovviat Kovid. XTox0G , 1| KATd 1o
SLUVOTOV HEYLOTN OMOHAKPLVOT| TOUG. ATIO QUTI] TNV LAOTIOINOT] TIPOKUTTEL HIK OVTIKELUEVIKN
OULVOPTINOT TOL EMAVETAL HE YPOAMHIKY] TIPOCEYYLOT. QG QMOTEAECHA HEI®VETAL O LTTOAOYIOTIKOG
(QOPTOG KOl T TIOAVTAOKOTNTX TIOL TIPOEKLTITE MO TNV ONMAN LAoToinon Tov, SatnpeVIag TNV
QMOTEAECHATIKOTNTA TOV.[55]
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https://en.wikipedia.org/wiki/File:Svm_max_sep_hyperplane_with_margin.png

IMivakag 6: Teptypa@r] TAEOVEKTNUATWV Kl HELOVEKTNUATWV UNXAVAV SLAVUOUATWY LITOOTHPLENG[56]

I[IAEONEKTHMATA

MEIONEKTHMATA

AvBeKTIKOL 0TV LTTEPTIPOTAPOYT|

AvokoAa oty diepevvnon oe Pabog TtV
QMOTEAEOPAT®V

XaUNAG UTOAOYIOTIKO KOOTOG OKOMPX KOl O€

TIEPUTTOOCELG [T YPAHHIKOTNTOG

H xatdAAnAn emioyr| g ovvaptnong kernel

AovAgLEL YpIIyOpa 0T AP SESOHEVA

Mrmopolv va €QAPHOCTOVV QMOTEAECHATIKK OF

dedopéva pe B6pufo
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TEXNHTA NEYPQNIKA AIKTYA

Ta texvntd vevpwvikd Siktua avamtyxOnkav ota mAaicla mpoonabelag g pipnong Aettovpyiog
TOV VELPOVAOV TOL OVOPOMIVOL €YKEPAAOL. AvOAoylkd, av ol Vveupaveg BewpnBolv omAd
UTTIOAOYIOTIKG epyaAeia, 0 0TOXOG €lval HEC® OVVOEONG OMA®V LTTOAOYIOTIK®OV EPYOAEI®V OF €va
nepIBdA @V pe TOAUTIAOKEG Kol oLVBeteg Slouvdécelg va avamtuxBel €vag evung TPOMOG
HNXOVIKNG €KPAOnong. Xpnolpgomoleitar T000 OtV aVOALTIKI] 000 KoL OTNV  TIEPLYPAPIKN
nmpoogyylon g €§opuéng dedopévmy. TIpotov, yivel mepotépm ovaAvon elvar xpriolpo va
TIPOVOLNOTEL 1] €Vvola TOL perceptron, OMOL APXIKG avartyxOnke ya v enidvon mpoPAnpdtov
0TOLG aAYOpiBHOLG YPap KNG TTAALVEPOUNOTG KOL AMOTEAECE TIPOYOVO TMV VELPOVIKOV SIKTO®V.

It pebodouvg ypoppIKNG TaAVOpOUNONG MOPOLCIALOVIOY OOTOXIEC, OMWG adLVAHIN KOTATAENG
otnv opbn kAdon, oOtav vmpyxav Sedopéva OV TApovsialay PN YPOUHIKEG €EXPTNOELS. XTX
mAaiowx  autod elonyBn N pebBodoloyia expaBnong Ttov vmepeminedov oTOV  SXWPLOHO
vrodetypatwv S1popeTiKav KAGoewv. Onwg avaAvfBnke Kot otn AOylOTIK TaAvdpopnon 1o
vnepeninedo KabBwg Kol 0 avtioToyog Sl1uXwPIoPAE TOL MG TIPOG TIG KAKGELG TIEPIYPAPETAL OO P
elowomn, mov avdAoya v €&odo tadvopel. H tpomomoinon mouv ewonybn, oe mepimtwon
AavBaopévng katdta&ng petéfale Tig avriotolyeg Bapdtnteg ote va petakivnBel To vnepeminedo
0T owot KatevBuvorn, otav ol KAGoelg eival ypappikd Soxwpiolpeg. To vmepeminedo mov
TIPOKOTTEL OVOUACETON perceptron Kol TAEOV OTO TEXVNTA VELPWVIKA OIKTLA OVOQEPETOL WG
vevpavag. Iapakdte meptypd@etan nj vAonoinomn tov.[57]

Set all weights to zero

Until all instances in the training data are classified
correctly

For each instance I in the training data
If I 1s classified incorrectly by the perceptron

If I belongs to the first class add it to
the weight wvector

else subtract it from the weight vector

1 attribute attribute attribute
{“bilas~) ay = a2z

the perceptron
Ewova 3: YAomoinon Perceptron

(AwaAééeig Emyeipnuartikic Evpuiag & Sayeipiong yvoongs (K. Aakiwtdkn), I1.K.)
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'Evag vevupavag €xel mapopola Hoper] Aeltovpyia pe Tov perceptron, kKaBmg Séxeton wg €locodo
aplOpNTIKG eMTEAEL KATOL0LG LTTOAOYIOHOVG KOl avaAoya TOLG amoTteAeopatog divel pix €€odo.
Yndapyovv tpia €ién vevpavwv, €008ov Omov TapoAappavouv Ta SedopEva amo yla v
petafifdoovv otoug LITOAOITIOVG VELPAOVEG (VTTOAOYLOTIKOUG), £6060V, TTIOL EAYOLV TO KMOTEAECHX
aro 10 §1KTLO Kol TEAOG 01 LTOAOYLOTIKOL VeELPAVEG. O1 LTTOAOYLOTIKOL VELPWVEG GEXOVTAL WG €l0060
Kol 6e00HEVH QMO TOUG VELPWOVEG/KOUBOUG TIOL TPONYOUVTNL Kol Ta MOAAXTAXGIALOLY HE T
avtioTola dpn mMOL AvTIoTOLKOVV OTNV cvvayT amno v onoix mponABav (cuvvantika Bapn). To
oOVOAO TV €006V apov ToAAamAdClOTEL e T avtiotola Papn abpoileton. H mipn movu
TIPOKVTITEL XPTOLHOTIOLELTAL G El0000 Y1 TNV GUVAPTION TIOL AVTIOTOLKEL OTOV EKACTOTE VELPOVA .
[TpayHTOTOLEITO ECOTEPIKA O LITIOAOYIGHOG KO TIPOKVTTTOVGX TLUT] XPTOHOTOLEITOL WG 100806 Yl
TN CUVAPTNOT EVEPYOTIOINOTG TIOL EXEL EMAEYEL , OTIOL AVAAOYX TOU AMOTEAECHATOG , EVEPYOTIOLELTOL
N Oxt N petafoAn g iung g €§080v tov vevpava. Ta emineda MOV MEPIEXOLY VITOAOYLOTIKOVG
VELPOVEG aviKoLY ota Kpuppéva emineda (hidden layer).[58]

OULCLOOTIKA HE TPAYHOXTOMOLEITON EKTIONOEVOT] ECWTEPIKA HE EMAVAANTTIKI] SadKooiax (oTe va
BeAtioTomonBovv o1 TIHEG TV PAp@V TTIOL AVTIOTOLKOVV OTIG CLVOECELG HLE TOUG VELPWVEG, HE Baon
MV 1W0X0 TG OLVEIWCEOPAG KAGBe vevpwva otV TEAKN TPOPAEYT], KOl TO KOTOQAL Y& TNV
evepyoroinomn petafoAng. O aAydpiBpog mov B xpnoponomnBel and v avriotoyn Katnyopia
oTnVv vAomoinon twv Sokluav eivar o Multilayerperceptron. 6mov mpaypatonoleiton moAvETinedn
amAn 1EpapyIKn ovvéeon perceptron, pe pebodoloyiar LAOTOINONG OMWG TEPIYPAPETAL YIX T
VELPWVIKA OIKTLUA KOl HE EMAVOTPOCSIOPIORO TV Papav pe avaotpoen petddoon (back-
propagation).

ITivakag 7: Tleptypagr MAEOVEKTNUATWY KAl PELOVEKTNHATOV VEUPWVIKWV SIKTVWV

[TAEONEKTHMATA MEIONEKTHMATA

AOVLAgVEL QMOTEAECHATIKG O TEPMTOOELG pn | To koppdtt g vAomoinong anoteAel éva padpo

VPO HIKOTNTOG Kouti

Aev amontel yvaoon otamioTikng yioo v xpnon | Eival duokoAo va eppnvevtel 10 HOVIEAO TIOL

TOU avantoooeTal  ®wote  va  SiepevvnBel o
QMOTEAETHA.

ATOTEAEGHATIKO 1€ OPOLG OKPiPelag Q¢ pun  oToXaOoTIKO  poviédo  Sev  eival
omoTeAeopOTIKO ot ektipnon  AdBoug
Ta&vopnong.

Epappoletal anoteAeopatika o ayvwota media | YITOAOYLOTIKO KOOTOG

Avtamnokpivetol KaAd o€ epintwoelg pe Bopufo | AvokoAia otnv emAoyn KatdAAnAng oxedioong,
T.X. TANBovg emmEdwv
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METAMAGHZIAKA MONTEAA (Ensemble methods)

O ouvévaopog pabnookov potifwv, HEC® TOL cLVOLAGHOL aAyopiBpwv ya va KaAveBovv
aduvapieg mov epEAviCe 0 kKabBévag EexmPlOTA Kol yla TN TEPATEP® [BEATioTOMOINCT TWV
QMOTEAECUATWV, 08TYNOE OTIG CLVOLAOTIKEG HEBOSOLE 1) EVOAAAKTIKG T HETAHAONOIOKA HOVTEAQ.
O ekdotote oAyoplBHOG TOL XPrOLHOTIOlEl HETAPAONOIOKA HOVIEAR, Xwpilel pe TLXOOTNTIA OF
S1a@opa cLVOAX eKTTidELONG TO GUVOAO SEGOHEVMV YO VO VTIOTOLXEL €V GUVOAO eKTIAIOELOTG OE
K&Be poBnoloko poviedo mov miepieyel. ‘Enetta pécm Ymeopopiag (voting) eite amodidoviag e OAa
T amoteAéopata/peBodoug iSix Papltta w¢ mpog TNV Yneo, eite amodidoviag peyaAdTepn
Bapdnta otig kKaALtepeg peBOSoLG, pe Paon Oeikteg a&loAoynong, emAEyel TV KAGON HE TIG
TEPLOOOTEPEG YNQOVG, OTNV Tepimtwon ¢ Tadivopnong. Ilapott pmopel va  map&oxouvv
BeAtiotonoinon w¢g mpog TNV akpifela twv anoteAeopdT®V, LMAPXEL SLOKOAIX EPUNVEING TOULG
ouvaptnoel ¢ peBodoloyiag exkmaidevong. Emiong, katd mepimtwon epeavidovv avénpévo
VTTOAOY10TIKO (OpT0.[59] TTapakdtem avaAbovtal ot Tpelg aAyopiBpol mov XpNOHOMTOI00VIaL 0TV
Epyacio Kal o1 avtioToleG KATNYOPieg 0TI OMOiEg LTTOKEVTAL.

M omAn kot kKAaoowkr| peBodoAoyia cuvévaoTikol aAyopiBpou meptypd@etal amo Tov aAyoplBpo
bagging, mov xpnoiponolei ouvvévaopo SV peBOSwv. LNV TIPOKEWHEVN TEPLYPOQT, TNG
peBodoroyiag xpnolpomolobVTol TOAAXTAG SEVTPA AMOPUOT|G OTK OTIOIX ETMAEYETAL HE TUXOOTNTA
TO EKAOTOTE OVVOAO ekmaidevong mov Ba yxpnoiponowndel wg eicodog. Ta cUVOAX ekmaidevong, e
TOXOHO EMAEYHEVH TTOXPASEIYHATH, KMOTEAOVV LTTOGVUVOAX TOU APYIKOU GUVOAOL eKmaidevong. Xe
K&Be emavdAnymn g expabnong, Snpiovpyoldvtal véol ouvSLaOpOol CLVOAWV ekmaidevong e
aQaipeon TV akATGAANA®Y, O TPOKLTTEL amd T Sadikaoia eknaidevong tov aAyopibpov,
TAPASEYHATOV KOl [E avamapaywyn Nén vIapXOvImv yia avTiKaTdotaon toug Ot fapdtnteg TV
QMOTEAEOPATOV €ivol Opoleg ylo kdBe 8évipo amoeaong. O AOyog TOL TIPOCQPEPEL KOADTEPX
QMOTEAEOHATA OO €va aMAG SEVIPO amOPAOTG, KAt Paor, eivon O0TL ta devipa anmd@aong eival
aotadn, pe pIKpEG alhayég ota dedopéva epgavidouvv peyaAeg aAlayég ota amoteAéopata.[60]

Znv mapandve TEPLypan €lonxOn n évvola g TuxonotnTag. IIdpavta LITAPXOLY HOVTIEAX IOV KTO
KOTAOKELNG TEPIAXUBAVOLY TN TIAPAPETPO TNG TLXXOTNTHG. Mia péBodog ov mepiéxel TuxadTnTA
Mapaoyel ouvnBwg mMapopoln amoTeAéopHaTa Pe Tov bagging. Opwg Svvatal va mapioyel aKOHX
KOAOTEPO  amoTeAéopata pior  HEBOSOG TOL  TEPLEXEL QMO  KOTAOKELNG TNV  TUXOMOTNTO
xprotponolovpevn and t pebodoroyia touv bagging. Mix téTola mepintwon eivar 0 aAyopiBpog
Random Forest, 0mov avti KAGGIKQV SEVIpwV amo@aong, o€ K&Be emavaAnym mapayel Tuxaing
napnypéva devipa oandgaong. [evikd n texvikn tov Randomization Sivel mpaktikn oia otnv
nebodoloyia bagging, kB¢ pmopel va SO0l S1QPOPETIKA AMOTEAETHATA KO KOl GE ELOTAONG
aAyopiBpovc.[61]

M peBodoroyia akopa givon n Boosting, n onoia mapovsidlel T0G0 OPOIOTNTEG OG0 Kal SIAQOPEG
pe t bagging. Xpnowonoiel Yymeoeopia, émov anodidel Papn Pdoel twv eninedov PefoodtnTog
(confidence) kd&Be poviélov, kalt ouvvévalel poviéda amd Ttov 16l oAyopiBupo. Tldpavta,
Xprolponolel aAyopiBpouvg mov avomTOCOOUV HOVTEAX HE GUUMANPWHOTIKY a&la peTtadd TOULC.
ExteAel emavaAnmuikn Sadikaoia KAt Ty omoio XpnolHomolel T yvmon oL MPOEKLYE OO TO
TIPONYOUHEVO HOVIEAO OOTE Vi BeATiooel To emopevo mov Ba avamtuyBel. Emiong, ekmodevel ta
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HOVTEAQ, OOTE Vo feATiwBolv otnv opbn ta&vopnong, amodidoviag peyaAvtepn PBapltnta ota pn
opBag Taévopnpeva napadetypota. [60]

O AdaBoostM1 amnoteAel pia vAomoinon avtig g peBodoroyiag. O cvykekpipevog aiyoplBpog
amnodidel Bapn ota mopadetypata mov eKEPALOLY TN OWOTH 1] OXL TASIVOUNOT TOLG. ApYIKA, OAX TX
napadetypata €gouvv v 6 Paputnta katd v eknaidevon. ‘Enetta, auéaveton n fapumnta ot
autd Tov TagvopnOnkav AavBacpéva Kol HEIOVETAL O€ aUTE TOL TOTOBETBNKAV 0T 0WOTH
KAGOT. AuTO oupPaivel EMAVOANTITIKG EKTINOEVOVTAG KOt SNHIOVPYDVTOG TOEIVOUNTEG/HOVTEAX TIOV
T0 kKoBeva Aettovpyel KoAd o S@opeTik&  oUVOAd dedopévey. Me ouTO TOV TPOTO
BeATiotomoteitan 1 €6060¢G TwV aAyopiBpov kot povv cuvdvaoTika ot Ta§vountég (classifiers).[62]

Model Generation

Assign egual weight to sach training instance.
For each of t iterations:
Apply learning algorithm to weighted dataset and store resulting
mode]l .
Compute error = of model on weighted dataset and store error.
If e equal to zZero, or e greater or equal to 0.5:
Terminate model generation.
For each instance in dataset:
If instance classified correctly by model:
Multiply weight of instance by e / (1 - e).
Normalize weight of all instances.

Classification

Assign weight of zero to all classes.
For each of the t (or less) models:

2dd -log(e / (1 - e)) to weight of class predicted by model.
Return class with highest weight.

Ewdva 4: AlydpiBuog AdaBoostM1 (Ian H. Witten , Eibe Frank ,Mark A. Hall, Data Mining )
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E=EAEIKTIKOI AATOPIGMOI (EVOLUTIONARY ALGORITHMS)

O e€eleykTikol oAyopiBpol av Kol 8ev LTTOKEVIOL KOTH OMOKAEIOTIKOTNTH OTa €pyaleia Tng
e&opuéng Sedopévav, €xouv xpron kol o autn Vv emotun.[63] Ot eeAeyktikol aAyopiBpol
npoonaBoly va pipnBovv Asttovpyieg g ProAoyiag, OMwG GAAMOTE KOl T TEXVNTA VELPWVIKA
Siktua. AkoAovBoLV Tov eEEMIKTIKO VORO ToL AapBivou “pia yevikr apyr, Tov odnyel otnv e§€Mén
OpPYOVIK®V OVI®V, OVOHOOTIK& , ToAAamAacidlovial , ToOwKiAAovv, kot emflovel 0 T
TMPooapHooTIKOG” (Aapfivog, 1859).[64] EmAéyeton va xpnowpomoinBel yevikd oty e&opuén
Sebopévav ylati amotelel plor DPWOTN KOL TPOCKPHOOTIKN HEBOSO avalntnong mov avalntd to
OAIKO 0KpOTaTO.[65]

Apywka givon xpriopo va 6008o0v o1 avdAoyeg LTTOAOYIOTIKEG 0poAoyieg NG PLOAOYIKNG EKPpAONG
™G €§eAENG. AvaAboviol HE TPOCAVOTOAIOHO TNV KOTAVONOT TOL SlX@OpPIKOL €EEAEYKTIKOU
aAyop1Bpov Tov xprolpomomfnke. EEKIVOVTOG LTTAPYEL éva TAB0G amd Sopég (.. Sraviopata), o
Aeyopevog mAnBuopog (population), Tov omoiov to MANBog Satnpeiton oe kGBe yevea (generation)
otabepd, extog av petafdAietar Suvapikd. Méow pa Sadikaoiag emioyng Stxtnpovvtal ot
BeATioteg Sopég amo tov mAnBuopo (emPiwon). H emPioon kabopileton amd v tpn mov Ba
TIPOKOYPEL amd Hix ovvaptnomn mpooappoyng (fitness function) 1 k&mowx GAAN péBodo e€aywyng
ovpmepaopatog. Ot Sopég mov Stnpovvtatl petaAAdocovial. AT Ttov ekdotote aAydpiBpo
kaBopideton n pebBodoroyia emAoyng tTwv Sopwv mov Ba petarioayBolv. H véa Avon mov Oa
npokOYPel kabopileton amd i pHOBNUOTIKY €KOPOOT] TIOV XPTOHOTOLEL I TIPOKABOPIoHEVN
otafepd petaAAa&ng (mutation constant). Ao TV HETAAAXEN TPOKVTITOLY Ol YOVEIG, IOV HECW
KATO10L Kavova Tov eptAapdvel ) tipn g mbavotntag Siaotadpwong (crossover probability),
avamapayovial ta moudid -éva véo oLVoAo Avoewv. Emava&lodoyovvton ot Agelg mouv eiyav
SatnpnBel KaBwg Kot Ta Tond1d, KAl IPOKVUTTEL HET® AOYIK®OV OXETE®V TO101 B TIPOX®WPTICOLY 0T
véa yeved. [66]

procedure EA; |

t=10;

initialize population P{t);

evaluate P(1);

until {done) {
t=t+1;
parent_selection P(L);
recombine P(t);
mutate P(L);
evaluate P(1);
survive P(1);

} }

Fig. 1. A typical evolutionary algorithm

Ewova 5: Aneikdvion anAng vAomoinang
eéeAeyktikol aAyopiBuov (William M. Spears et
al., An Overview of Evolutionary Computation)
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AvdAoya v vAomoinon Toug, ot amAot aAyopiBpol propoly va eviayBolv o€ pia amo TG THPOKATR

Kotnyopieg[67]:

. AmAog IN'evetikog ahyopiBpog (Genetic Algorithm)\

. E&eheyktikng otpatnykng (Evolutionary Stategies)

. E&eAeyktikov nipoypappoatiopol (Evolutionary Programming)
. KatevBuvtikng avalitnong (Direction based search)

Omov o Awg@opikog e&edeyktikog aAyopiBpog (Differential Evolution Algorithm-DEA), o
aAyOp1B0oGg TIOL LAOTIOLEITAL OTO LMOAOYIOTIKO KOPHATL TNG €PYQcing, OvriKel otnv TeAevtaia
Kotnyopla kot ouykekpipéva oty txaia ( random) katevBuvtikn avadnmon. Eival évoag
OTOXNOTIKOG aAyoplBpog yio dSuoKoAa vmoAoyloTiké mpofAnpata BeAtiotonoinong. H vAomoinon
Tou elvanr €OkoAn kot PifAoypa@ikd vmootnpiletal OTL €XEl IKAVOTIOMNTIKA OMOTEAECHATA LE
ovvexelg petafAntég. Q¢ eSeheyKTiKOG OAyoplBpOg Topoucildlel TPOPANHATH LTTOAOYIGTIKOV
@optov. [68] H vAomoinon tou meptypa@eTal amo tn mapakdte Stadikaoio.

'Evag mAnBuopdg Aooewv o€ pia yeved G e§eMooetan TpayHaTOMOIOVTHG Ta akOAovBa Bripata yia
K&Be Avon xjG Tov TANBLGpOoL:

1. MetdAaén (F=otaBepd petdAAaéng)

_EmAéyovtan 600 tuyaieg Aoeig y kot z (ylzlx;G) amno tov mAnBuopd ko cuvdvalovion pe

MV KaAOTepT Avom tov TAnBuopoL bg: viGg =bg + F(y — z) (10)

2. Awotavpwon (CR = mbavotnta Siaotapwong)

ZuvSuao oG TG AVONG ViG HE TN Abon XjG Yy T dnpovpyia piag véag Abong ujG, n onoia

npoépxetal Katd CR% amod ) viG kol katd (1-CR)% amo v X;G.

3. Emloyn
H Aon xjG Satnpeiton oty €MOpEVN YeEVEX HOVO €4V givon KaADTEPT NG WG, O1POPETIKA

avtikabiotaton and ™y u;G.
Me povtédo anogaong: f(g) = bygq + bagp + ... + bygy, pe IIblIH=1 (11)
omov kaBe Avomn otov Sla@opikd oAyoplBpo meplAapfdvel éva TIPAYHOTIKO HEPOG HE TOULG

ouvTeEAeOTEG by, by, ..., by TGOV XXPOKTNPIOTIKOV GTO HOVIEAO QMOQPAOTG KOL £VAX SLASIKO HEPOG PE

otoyeia 0/1 mov vmodelkvLEeL Toleg HETAPANTEG CUHHETEXOLY OTO HOVTEAO. TEAOG, 1| cLVApPTNOT|
TIPOCAPHOYTG TEPLYPAPEL TOV OULVSLAOUO TNG OKpifelng oL pOvVIEAOL Kot Touv TANBOC TV
XOPOKTNPLOTIK®V TIOL €§eTALEL:

Z(x) = AA(x) + N(x) (12)
A(x): Akpifela Tov poviéAov mov opideton amd tn Aon X,0mov ek@pdletal péow ite Tov (a) Seiktn

lift, (B) eite Tov Seiktn Gini, (y) eite kot Twv 6v0 (lift + Gini)/2 avdAoya Tnv emAoyrn oL avaAvTH.
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N(x): TIoo00TO TV XOPOKINPIOTIKOV TOL €6APOUVIOL QMO TNV avaAvon Kot (A) ouvieAeotn
Tapayoapnong Hetagd ¢ axkpifelag kot NG MOALTAOKOTNTHG TOL HOVIEAOL. O oAyoplBpog

TeppaTiCeTan OTAV SNUI0VPYNOEL TO TTANBOG TV YEVEQDV TIOV €XEL TTPOKKBOPIOTEL amd TOV avaALTH.
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2.2 2ZYNOWH

To amotéAeopa PloGg KAANG avdALONG HECW® TNG §0PLENG OESOPEVOY EEKIVAEL OTIO TN CLAAOYN TWV
dedOpEVOV KOl €KY@PMomn oTnv ekaotote Paon Oedopévev. Eva OnpavVIIKO KOHHATL TPOG
QVTIHETOTLOT €ival TV adOPNTOV de00PEVEV Kol TV Kevav TIHaV. Emiong, n opbn eneéepyaoia
KOl TOmoB€Tnon Kotd v ekxopnon otnv omobnkn oedopévev amoteAel (NTovpEVO yx TV
nepattépm avaivon. H eneepyacia toug peTENEITa KAl KATAAANAN €mAoyr| pETafANTOV eival P
epyacia mov eival KaAd vo TIPayHOTOMOLEITOL [E OEBAOUO OTO YEYOVOG OTL TO GUVOAO SeSOPEVGOV
mov Ba TpokLYEL ailel KHBOPLOTIKO POAO GTNV AMOTEAECHATIKOTI T TOL EKAOTOTE AAYOpLOpOL.

Ot aAydpiBpol Tov TTHPOLCIACTNKAYV, TIPOEPXOVTAL OO SIHPOPETIKEG OIKOYEVELEG HE SIOPOPETIKEG
advvapieg o kaBévag. Aev umapyel évag aAyoplBpog mov Aeitovpyel o€ OAEG TIG MEPUTTIOOELG
KOXAOTEPX A TOLG LITOAOLTTOVG. Kp1Trplo yio TNV AMOTEAETHATIKOTNTA EIVAL TA XAPAKTIPLOTIKK TOU
OLVOAOL eKTIAIOEVONG KAL TO TTOPAXDPTOT| HETAED aKPIPELNG KOl LTTOAOYLOTIKOD QOPTOL. LUVENMG, N
HEAET TV QVTIOTOLK®V HOVIEA®V KOl T] YVOOT] T®V 1810H0pPLOV TOU 0LVOAOL Oedopévav gival
(WTIKNG onpaoiag, OoTe va yivel KaTdAANAN aglomoinon twv mopwv Kol va mapayBel mAnpopopia
KO YVQOOT] a&lOTOWOUN amo TV emyeipnon.

‘Eva gpyadeio yix v eSaywyn CLUTEPACHATOV ®G TPOG Toug aAyopiBpoug kol ta aviioToa
OUVOAX 8ESOUEVQV , €IVOL Ol CUYKPITIKEG HEAETEG. TNV TAPOLOX £pYaOin, HEAETOVTAL GAyop1Opol
HNXOVIKNG EKPABNONG HE TTPOCAVATOAGHS TNV TIPOBAEYT Kot GTOXO TNV TASIVOHNOT] TOV TEAATOV
og pn amoywpnoavies. Ta amoteAéopata mov Ba mpokLYoLV Ba €xouv Gpeon e&aptnon oand Ta
dedopéva. O 18100TeEPOTNTEG TOL GLVOAOL SeSOUEVMV TIEPLYPAPOVTOL GE AVTIOTOLXO KEPAAao. Ta
napandve anoteAovy epyaleio mpoPAeymng amoxwpnong neAatwv(churn prediction) yio 1o TpRpa
Sayeiplong meAatelokv oxéoewv (crm). H mAnpo@opio ov mPoKOMTEL PETATPEMETAL OE YVMOOT|
Héow ToL custtomer analytics ywx va oflomoinfel 0TI QVTIOTOI(EG OTPATNYIKEG TIOL €XOLV
avantuxBel oe ouvepyaoia pe to TUNpa Stayeiplong amoywpnong meAatov ( churn prediction
management). Ta i6ix amoteAéopata avaAoyo TOV TPOCAVOTOAIOHO TNG €KAOTOTE OTPATNYIKIG
Hropel va €yovv Sagopetikn ala yix v emiyeipnon. Omote akOpX Kol N KATGAANAN emhoyn|
SEIKTAOV a&l10AGYNONG TV AMOTEAECHATWV, WG TPOG TN CTPATNYIKN TNG €Myeipnong, amoteAel
TIAPAPETPO AELOAGYNOTG TNG KMOTEAETHATIKOTNTAG TOL aAyOp1Bpov.
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3 CUSTOMER ANALYTICS & AIAXEIPIZH
NMEAATEIAKQN ZXEZEQN (CRM)

Me ™ napodo twv Xpévwv and to profiling (xapaktmplopog twv meAat®wv pe Bdon pla opdda
XOPOKTNPLOTIKAOV) TV MEAXTQOV TIEPACUE GTN CUUTEPLPOPIKT] AVAALOT] TV TTEAXTQOV TNG EKAOTOTE
gmyeipnong pe xpnon epyaAeiov analytics, tov kA&do customer analytics. H avantuén tou
OULYKEKPIHEVOL KAGOOL TIPOEKLYE QMO TNV  OVAYKN KOTOVOT|ONG TWV TEANTQV HE TIO
QMOTEAEOHATIKA epYOAeia omd aLTA TIOL TIPOCEPEPE 1| HEXPL TOTE KATryoplomoinomn (segmentation)
[69]. £10)0¢ TOL customer analytics. i xprion TG &uxBeioag YVOONG OTIG GTPATNYIKEG ATOPARTELG
™G emyeiplong g Siayeipiong meAatelakmv oxeoewv (customet relationship management).[14]

H ovAAoyn tev §eSopévav yia T GLUTIEPIPOPIKT] AVAAVOT TV TIEAATMV TIPOEPXETAL OO TIOIKIAEG
TINYEG, OT®WG T KEVTPA €ELMNPETNONG, To GESOHEV XPTIOTG KOl STIHOYPOQPIKA XAPAKTNPLOTIKK OO
TG KOpTEAEG TV meAatv. INa va emrtevyBel amonteiton va vmapyel 1N KOATGAANAN dopn
amoBnkevong kol avdkAnong oedopévav. Emiong, kabBoplotikd poilo mailel 1 MOWOTNTH TV
dedopévav. Ta mapandve otoleloBeTodvton Kot avaADOVTOL TNV TIPOTYOVHEVT] EVOTNTA. Y€ aUTO
10 onpelo, a&idel va avaeepBoldv Kol Ta NTHOTA TIOL TPOKVTITOLUV OXETIKA HE TO TPOCOTIKA
dedopéva TV meAaTav. LOp@wva pe toug Thomas H. Davenport et al. [70], amd v mAgupa ¢
emyeipnong mpemel va yiveton tétolx Siaxxeipion toug, ®ote va ouvadel pe Tig aéieg g emyeipnong.
NAent ypoppn omoteAel, ®G TPOG OUTO TO (TNHX OMOTEAEL N HETAMOANOT OUTOV TV
dedopevwv[71]. Tapott €xouvv vopobetnBel mAaiow pootaciog Twv MEAXTQOV, OMOTEAEL PAEyOV
Nmpa KaBaOG VTIAPYXOLY CPKETEG TePIMTAOOEL Tapafioong[72]. Emiong, vmdpyxouvv kufepvntikég
nMpoonafelng ywa v avtiotoyn apomn anopprjtov[73].

H enelepyaoia ko Sayeipion g avriotolyng yvoong yiveral and ta tunpata mAnpogopikng (IT),
Analytics, CRM, Marketing kol tov umevBOvov yid AP OTPATNYIKGOV OMOPACEDV TG
emyeipnong. H eaybeioa yvaoon pmopel va xpnolpomowmnBel  evOEIKTIKA ylx TNV avamTuén
oTpatnyk®v marketing kot mpoANYNG anoxwpnong neAatwv . OLCIHOTIKA LIIAPXOLY SVO XPT|OELG
NG CLUTIEPLPOPIKTG AVAALONG , T TIAPAXDPT|OT TOL TEEAKTN HE PAOT] KATIOWX XUPAKTNPLOTIKA OE M1
Katnyopia (segmetation) kot 1 TMPOPAeYn aviiotowv amo@doewv Tov (prediction), OMwWG
aVaEEPETAL 0TNV evOTNTa ToL Business analytics Xtnv napovoa epyaoia e§eTdleTat amo tnyv MAELP&
™G TPOPAeYNG pe oTOXO TO Slayeiplon andAelng neAataov (churn managment).

[Ipv Mpoyxwproovpe MAPOKAT®, ofilel va yivel pix OOVIOUN ovo@Op& OLUVOAIKA OTO THNHO
Slayelplong MEAATEIOK®OV OXECEWV. ApPHOSIOTNTEG TOL THNHATOG Eival GLAAOYN Kot emegepyaoia
deSopEVOV TV TEAXTQV, O ouvepyaoia pe GAAa Tunpota g emxeipnong. Me pe xprion
epappoyov CRM kot ERP (Enterprise Resource Planning), mpooavatoAileton otn povteAonoinon
NG OULUTEPLPOPAG KAl T®V TPOTIUNOEWV TV TeAatwv. Toavtdxpova, eivar vmevBuvo ya
Siayeiplon Toug Kat avantuén oTpatnyk®v marketing/emkovmviag, eva Stayelpiletal TNV amOAELX
TMEANTQV. LTOX0G, | KATAVONOT TNG MEAATEOKNG PAONG NG €myelpnong Kot  Sixtrpnong tg.
EmnpooBétng, omookomel oTnV omOTEAECHATIKI] €SLUMNPETNON TV LIAPYOVIWV TEAXTQOV HE
TOUTOXPOVN TPOCEAKLOT] VE®V . Ol véol TEeAGTEG TMPOCEAKVOVINL HE TO KPITNPO va gival
OLHQEPOVTEG Y1 TNV EMIXEIPNOT). LUVOAIKOL 0TOXOL N IKAVOTIOINOT TV MEAXTAV, T KEpSopopia Kot
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n avamntudén mg etonpeiag.[74]
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3.1 AIAXEIPIZH ANMTOXQPHZHZ NMEAATQN

Amotelel Baoiko kKoppdatt TG Sxyeipiong medatelakwv oxéoemv. To LYNAG TOCOOTO AMOXWPNONG
TMEANTQV, 101G O€ ETAIPELEG TNAETKOIVOVI®V, TO KABLOTG {OTIKO Yl TN AELTOLPYLX TNG EMYEIPNOTG.
To avtioTolX0 KOOTOG OMAOAENG KOL TPOCEAKVLONG VEOU TEAXTN €ival LYNAO O OYeon HE T
81T pNoT LIAPXOVTOG, OTIOTE AVATITVGCOVTNL GTPATNYIKESG Slayeiplong amoywpnong meAatav[75].

[Tpokelpévou va yivouv oToxeLPEVEG TTPOOTIGBELEG TIPOANYNG ATIOXMPNOTG TEAAT®V, OMolTeiTal HE
Koo Tpomo va €§oxBodv ao@OA] CLUTEPAOHATA Yl TO TIOOl OKPIBAOG TEAXTEG TPOKELTAL VO
QMOYWPNOOLV. Xe OlQOPETIKN TepiMTtwon, eo@oApevn mpoPAsymn, pmopel va odnynoel v
emyeiplon oe {npia, enévéuon oe MEAATEG IOV OKOTIELAV VA TIXPUHEIVOLY Kal pn Slxtripnomn Tev
TEAIKX OMOXWPNOAVIOV TEAATOV. AKOPN KOl OV YiVEL 0WOTH OTOXELOT| WG TPOG TOUG €V SUVAEL
amoywpnoavteg propel va odnyndei oe omatdAn nopwv,av dev éxouvv ta&vopunbet opB& o1 eAdTeg
pe mpoBeon va mapapeivouv otnv emyeipnon. OMOTE, OKOPO KO TPOANTITIKEG KIVIOEG XOPig
a&loAdynon twv pofAéPewv Suvatal va PNy ano@épouvy ta embupuntd anoteAéopata.[76]

[Mapanave mpaypatomnoteital | mapadoyn 0Tt N oTpatnykn daxeipiong neAatwv Ba eivon oplry. H
avATTLEN AVTIOTOIXWV OTPATNYIKAOV KMOTEAOVV TIOAVTIAELPO TIPOBANpA, KABOG TTEPAV NG CWOTNG
npoPAeYng mpenel va mpaypoatornondel cmOT CLUTEPLPOPIKT] AVAALCT] TOU TEAXTN KOl VA
epappootel pe Bdon oavt N ocwot| oTpatnylkn[77]. Avédloya Tto €idog TEAATN, ®G TPOG TN
Kotnyopia mou Katatdooetal, Siapopomnoleital ) aéia Siatrpnong tov[78].

IMapakdte avaAbovial Ta €161 TEAATOV, TO KOOTOG OMOAEING YEVIKEDHEVH KOl OLYKEKPIHEVA Y1X
ETALPELIEG TNAETKOV@VI®V, OTIOL EREAVI{OLY LYNAG TTOCOOTA AMOXWPNONG. LTK EMOMEVA Prpata,
G AVATTLEN OTPATNYIKAV Kol TNG TPOANYNG AIOXOPNONG, YIVETaL GUVIOUT ava@Op& O0TO TEAOG
NG EVOTNTAG. XN Mapodoa epyaoia, HeEAETdTON N TASIVOUNOT) TOV TEAXTOV G HMOXMPTOAVIEG KOl
Un, a&loAoyavtag TV MPOoPAENTIKT IKAVOTNTA TV HOVIEA®V TIPOBAEYNC TOL AVAMTOCCOVIAL, OTX
nAaiowa poPAeymng amoywpnong neAatwv (churn prediction).

3.1.1 KATHIOPIA ANMOXQPHZHZ

Yndpyouvv 800 €idn amoxdpnong, n owkelobeAng (voluntary) kot n pn owkeloBeArg (unvoluntary).
TNV TP@TN EUTHMTOVV Ol TEAXTEG TIOL O1 16101 EMAEYOLY VA AMOXWPNOOLV. LT 6eVTEPT KATNYopia
QVIKOUV Ol TEAGTEG OMOL AVAYKALOVIOL VO OImoXwpnoouv mapd Tt B€éAnon Ttoug. Amo
EMYEIPNOIOKNG TIAELPAC, a&iel va avamtuxBohv oTPATNYIKEG S1ATPNONG CLYKEKPIHEVOV OPAS®V
TIEAAT®V TIOL AMOYXWPOVLV O1KELOEANDG. [79]

Ot pn okeloBeAwg amoympoLVTEG amOTEAOVV, O€ KATIOLEG TIEPUTTWOELG, OTHAVIIKO TIOCOO0TO TV
amoywpnoewv. o 10 Adyo QLTO AVAMTOOOOVIOL TOOO OTPATNYIKEG OAVIIHETOMIONG TETOIWV
TMEPITTOOEWV, MOTE va amo@evyBel 1 {npioydvog Satnpnon TETOWV TEAXTOV, 000 Kol V&
armo@evyBel N mMpooéAkvon kKol évragn toug oTo meAatoAdylo. Xwpilovtan oe Tpelg Paoikég
KOTIyopieg, S10KOTT TAXPOXNG LTNPECIOV amd TNV €Topeion Adyw omdtg, AOyw mpofAnpaTev
TMoT®OoN/eEOPANCTG 0PEINGV Kot €EXTIOG N XPTIONG TOV AVTIOTOLX®WV LINPECIOV.[80]

Amd toug 01KEI0BEADG AMOXWPT|OAVTEG TTEAATEG, GLUYKEKPIHEVEG KATNYOpieg Toug dvvartan kot a&idel
va StatnpnBovv. Mia katnyopia yia v onoia Sev pmopel va poAEPEL N eTXpEiX TNV KmOX®PN oM
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Kot 6g pmopet va v epmodioel, givon n owkeloBeAng aAAd xwpig mpoBeon/anpdopevn amoyxmpnon
(incidental voluntary churn), n omoia avtioTolyel o€ PIKPO TTOCOOTO TNG CLUVOAIKI|G KMOXWPTONG.
AvoQEpeTal 0 TEPUTTOOCELG OAAXYNG KATAOTHONG, TL.X. KOTOIKIOG, OMOL Oev TOPEXETAL €KEL M
avtiotolyn unnpecio/ mpoiov omd TNV etoupeic, aAAXYNG OLKOVOHIKIG KOTAOTOONG KOl GAAEG
avtioTolyeg aAayég ot (wn Tov MEAXTN, 0w Bdvatog, 6oL 0UTE 0 TEAXTNG OVTE 1| €THIPEIN
HTopel va K&vel KATL yix va ano@evyBet n amoxwpnon.[79]

Ot vnodowneg katnyopieg eBehovoiag amoxmpnong epmepiExovv ta €ién meAatav mov agifel va
avartuyBouv otpatnyikég Sratrpnong. H anodgacn anoywpnong Hmopel va TPOKOTTEL Ao KATO10UG
amo TOLG TAPAYOVTEG TIOL ep@avifovtal otov mivaka. Agdopévov 6Tl 1 epyacio LAomoleiton pe
dedopéva amo etapeia TNAETKOWV@VI®V, 1| TEpLypan Ba eivon anod to avtiotoko nedio. [81]

IMivakag 8: Attie nBeAnuévng pe mpobeon anoxwpnong

AITIEX ITEPITPA®H

Eninedo texvoAoylkd mapeXOHEVOV UMNPECIOV | AUVATOTNTEG TIXPEXOHEVIG OULOKELNG, €VPOG
& mpoiovIwy. OT|HOTOG, AEITOVPYIKEG SUVATOTNTEG LTINPECIOV
Qpipavong tov meAdt TexvoAoylkd mpoidvTo/umnpecieg mov  TEANTEC

o VIOBETNOAV TPOHK , KATK TNV avamtuén
TOLG. ATIOXWPOLV OTAV WPLHACOLY MG TIEARTEG.

Owovopikol mapayovteg Twn ovpPoAaiov, xpedoelg.

[Mapexdpevn modTNTA E&ummnpetnon neAatav, modtnta oNHaTog

3.1.2 EIAH NMEAATQN KAI A=IATIA THN ENIXEIPHZH

Ol meAdteg oe pux emyeipnon eiboton va xopilovial o€ a@OCIOHEVOUG Kol [T, OTOL Ol N
OQOCIOHEVOL aVOOEPOVTAL KOl G XapEVol TieAdteg. Auto oupfaivel kabBwg ol ev Suvapel
QMOYWPNOAVTEG TIEAATEG, OLVIHOWEG KVIKOLV OTOLG HN QQPOCIWHEVOLG. Ol aPoCImPEVOL TIEAATEG
givon mBavol TPog amoy®pnoT OTaV TapATNPEITAl aAAXYT) 0T CLUTEPLPOPE TouG. ['a To Adyo avTtd
QVOMTOOCOVTOL OTPATNYIKEG S1ATHPNONG TOV NPOCIOHEVOV TIEAATOV KO HETATPOTING TV XOUHEVDV
o€ a@oolwpevav.[82] H emyeipnon npooavatoAiletal otn SNHOLPYLO XQOCIOHEVOV TEANTAOV YIXTE
QOIVETOL VO GUPHETEXOLV TIIO SUVOHIKG OTnV Kepdopopia tc.[83]

YTapYouv Tplv €160V OXECELG TEAXTN-ETAPEING, IOV O8TNYOUV TOV TEAATN VO XOPOKTNPLOTEL WG
agoolwpévog. H oxéon e&dptnong touv meAdtn Adyw TEPIOPIOUOV TIAPATNPEITAL O TEPUTTWOELG
OTWG, OTAV O TEAGTNG O€vV €lval 1KOVOTIOUNHEVOG OAAX T) OULYKEKPIUEVT €Toupeiar amoteAel Tnv
KOXAUTEPN evOAAaKTIKY Tov. 'Emelta, vmapyouv ot oxéoelg e§dptnong Aoyw agooimong, 6mouv ot
TIEPLOPLOOL TOVG gival cLVXLOBNPATIKOL, EVOAAXKTIKA LTIOPEL VO XAPOKTNPLOTEL G GLVOLTONHOTIKG
a@oolwpévog eAaTnG. H tpitn katnyopia avagepeton 6ToUg TEAATEG IOV E1val IKAVOTIOUNHEVOL KO
TNV €TAPEi KA1 EMAEYOUV HE OVTIKELHEVIKA KPITHPLX V& €lval aQOooiwpévol. LTig §00 TPAOTES
TIEPUMTOOELG 0 TEAXTNG Bewpel 0L 1 Seopevon pe TNV etarpeia eivon n HOvVN EVAAAXKTIKT EVQ OTNV
Tpltn emAéyel va Seopevtel pe v etapeia. Tivetor ava@opd otig oxéoelg avtég Kabwg Ta
TIPOYPAHHOTX AQOCInOoNG 0QelAOUY va S1OPOTIOIOVVIOL KOG TIPOG TN OXEOT] TOU KPOCIWHEVOL
neAdTn pe v etapeia.[84] Ooov a@opd o TPOYPAHHATH HPOCGI®ONG, TTPETEL VO EMAEYEL GOPA TO
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TIEPLEXOHEVO KOL 1] TOKTIKI] EQAPHOYNG TOLG YO VO PNV KOXTOOTIOEL TOVG KPOCIWHEVOLG TIEAGTEG
(npoyovoug yia v enyeipnon.[82]

H agooinon touv ekdotote meAdatn Svvatatl va petpnbel PECKH KATOI®V SEIKTOV A&L0AGYNOG TV
XOPOKTNPLOTIK®OV TOV, O®G ava@épel To Loyalty Research Center. H Tipr) mov ek@pdadel cLVOAMKK

TO TIOCOOTO TV APOCIOHEVEV TIEAAT®OV HL0G ETIKeipnong, elval mo ebkoAo va petpnBel peow g
XPT|0NG €vVOG amAoikoL turov[85]:

Agooiwon medatayv=1— AnwiAsia nedatov  (13)

OuolOTIKG €EXPTATOL QMO TO TMOCOOTO AMMAELN TIEANTAOV, OTIOL €1Vl HETPNOIHO Kol TO0 KabloTta
epyaAeio yla Vv eKTiPNomM NG KATAGTAOTG TNG ETXPEING.

Ot vnéAomol meAdteg Bewpolviol WG Xapévol kKol TpofAEmetanl va eviayxBovv o pla amod Tig
Kotnyopieg owkeloBelog amoywpnong kat' emAoyr). Onote oToOx0g, €ival va yivouv TIPOANTITIKES
Kwnoelg wote va SwtnpnBovv. Encita péow mpoypappdtov agociwong Ba ouveyicel va
datnpeitanl n meAatelokr] Bdon TG eTopeing, €XOVTAG HEIOOEL TN (NUic oMo TG aMOAEIEG KAl
av&dvovtag TauToxpova To T(ipo pe MpooéAkuon VEémv meAatwv. H mpooéAkuon pmopel va eivon
TETOIX OOTE oUTol Tov Ba eviayBolv 0To TEAATOAOY10,va S1OKPIVOVTOL QMO XOPAKTNPLOTIKK TIOL
emBupel n etapeia kat pe VYNAN MBavOTNTA va eviayBoLV 0TOVG APOCIWHEVOUG.

levikd, H a&la evog meAdtn ekgpdletaol wg n a&ia kOkAov (wng tov ehatn (Lifecycle Value-LCV).
"Exovv avamntuyBei moikiheg peBodoloyieg ekTipnong tov, KaBwg CLPHETEXEL OTN ANYT) CTPATNYIK®V
AMOPACEDV TNG OLHKEIPIONG TWV TEAATEINKOV OXECE®V. XTN HETPNOT TG ouvumoAoyiletal To
KOOTOG TIPOCEAKLOTG Kol Statrpnong tov meAdtrn. Omov, T0 GUVOAKO KOOTOG HI0G OTPATNYIKNG
TIPOCEAKVLOTG XTOPPOPATAL OO TOUG TEEAGTEG TIOL TEAIKA KATAPEPE Vo TPooeAKVOEL. Ml €kgpaon
touv LTV:

n m,* r(i—l)

LTV = PR dmou r mooooTo Statripnong neAatwv  (14)
i=1 (1+6)"
Exgppadetal ouvaptiioel tov XpOvou TOPAHOVIG OTnV emyeipnon. Xpnolpomnotel mn Aoywkn g
KaBapag [Mapovoag A&iag.[86]

3.1.2.1 KOZTOZ AIMNQAEIAZ NMENAATQN

'Eotw 0Tl emMSIOKEL N €MKEIPNON KAl EMTLYXAVEL VO OVTIKATOOTNOEL KAOE amoywprjoavia He €va
veo meAAT. Le autd To onpeio adilel va avapepBel 0TI T0 KOOTOG TPOGEAKLOTG elvat vYMAGTEPO
ano 1o kootog Swatnpnong. Emiong, n a&ia kOkAov (g Tov meAdT, €@ocov €xouy Tapbel cwoTEG
OTPUTNYIKEG OMOQAOELS, €ival pix Betikny Tipn- kepdog yw v emyeipnon. Omote ovty n
AVTIKATAOTOOT) ONUaivVEL apvnTIKO 100(0Y10 Yyl TNV emixeipnon. 'evikag, oe eminedo emyeipnong n
QMOAELR TIEAATOV EKPPALETAL WG:

Ancddela nedatdv =1— Awatnpodvieg meAdreg (r) (15)

M GAAn moapapetpo mov kabopilel N onoAsla MEAXTOV €ival 0 HECOG XpOVOG TIAPALOVIG TOL
neAdTn otnyv emyeipnon. Onwg mapatnpeiton and 1o LTV 1 adia tov meAatn avéavetan os Bdbog
Xpovou. O avapevOPEVOG HEGOG XPOVOG TTIAPXHOVIG TIPOKVMTEL KMO:
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1
AnoAeia medatdv

AvaevopEVog HETOG YPOVOS TPLOVHG = (16)

Onote peiwon G anwAela aLEAVEL TO PHECO XPOVO TIPAROVIG KO AVTIOTPOP®G AV XprjotponotnBel
n napovoa kepaon oto LTV, gaivetonl ekdBapa n emppor] mov €xel oTa KEPST NG EMXEIPNONG.
YynAd& mocooTtd anmAelag TeEAXTOV PEavi{ouv ol KAGSOL TAPOXNG LTINPECIOV, OTIOG XOPUALIOTIKES

etonpeieg, Tpameleg, eTopeieg MAPOYXNG GVVEEOTG OTO SIASIKTUO KO Ol ETANPEIEG TNAETIIKOIVOVI®V.
[87]

3.1.3 ZTPATHI'IKEZ AIATHPHZHZ NMEAATQN

Yndapyovv 00 €idn oTpATNYIK®V TOL PTTOPOVV va akoAovBnBovv, N otoxevpevn (targetted) ko M
yevikn (untargetted). Eekivovtag pe ) devTepT, TpooTiaBel GUVOAIKG va PETABAAAEL TAPAPETPOUG,
OMwW¢ aOENOT KAVOTIOINGOTG, HECW EVEPYELWV TIOL Ba EMNPERTOLY OAO TO PACHA TOV TEAAT®V. LTN
OULYKEKPLUEVI KATNYOpior aVIKOUV Kal Ta MPOYPAHHATH a@ocinong. Onwg, mpoavageépdnke éva
(NTOVHEVO O€ UTA T TPOYPAHHATO €ival 1) €MAOYN TNG BEATIOTNG EMEVELONG WOTE VX PNV HEWWOEL
T0 KaBapo KEPSOG TIOL TIPOKVTITEL VA TIEAXTH).

Ol OTOYXELHEVEG OTPATNYIKEG, €VIOTMI(OLY TOLG TMBKVOLG TEAXTEG TPOG QTMOXWPNON Kol
npooavatoAifovtal oe avtovg. H dpaon pmopel va givar  mpoAnmuikn (proactive) 1 aviidpaoTiki
(reactive), avdAoyx TOV TPOTO TIOL EVIOMIOTNKE O TEAQTNG. XTnNV TEPIMTIOON TOL reactive
OlOMIOTOVETAL OTL €VOG TIEAXTNG Bt MOy ®PTOEL, TN OTLyHN] TIOL O (610G TO KOLVOTIOLEL HEC® KATIOOG
EVEPYELOG TOV, EVOEIKTIKA KANOT 0€ TNAEP®VIKO KEVTPO Yo aKOP®OT NG ouvépouns. Tov yivetat
dpeoa KAMowx mPoo@op& N Kivnon, pe Pdon Tig avayKeg TOL, MOTE VO AMOTPEYEL TNV ATOXWPT|OT
TOV.

ZT1g proactive OTPATNYIKEG, EVIOTILETAL HECW® KATIOLWV EVEPYELQV TIOL TIAPEXOLY TIPOBAEYNG, OTIMG
predictive analytics, otoxaotikd motol Ba amoywprioovv. ‘Emnetta Sievpevatat o ylati kot dopértan
€V TAAVO EVEPYELDV YA TNV QIOPLYT TNG OMOXDPNONG Toug. Opmwg, AOYy® TG OTOXXOTIKOTNTOG,
SUVOTAL 0 AVTIOTOLKOG TEAQTNG V& pnv €ixe MOTE v mpoBeon va amnoywproel. Onote n npoonadela
Satpnong tov, Ba eivanl piax Gotoyn Kivnon pe KOOTOG ylo TNV eniyeipnon. EmmnpooBétmg, €xel
dlamotwhel OTL MEAXTEG TIOL El¥aV TNV TAOT Yl GMOXWPT 0T, GAAx dev TO €lyav ovuveldnronotroel
AKOHK, QIMOXWPNOQV HETA QMO TNV EKTEAEOT] TV OVTIOTOK®V EVEPYEIOV OO TNV €myeipnon.
[Mapavta, mapott prnopel va BewpnBel onatdAn, n xprion TETOIWV TEXVIK®V HUTOPEL va odnynoel o€
xapnAotepn damdvn Statrpnong evog meAGTn mov Ba amoxwpovaoe, AOYywm NG €yKaipng S1dyvwong
¢ pdBeomng Tovu.

Onote OTIG TEPUTTOOELG OTOYEVHEVIG OTPATNYIKNG HE TPOANTTIKO XXPAKTHPA €XOLV avarrtuyBet
HOVTEAD QmOQOONG YIX TNV €QOPHOYN OVTIOTOLXWV EVEPYEIOV. Me TAPAPETPOVG, OMWG TNV
mMOAVOTNTA AMOXOPT|OTG, DAOTIOIOUVTAL 01 AVTIOTOLKEG GTPATNYIKEG KOl TAVTOXPOVA a§loAoYeiTal TO
HOVTEAO YlX TNV OMOTEAECHATIKOTNTA TOL. Me TNV €QapHOYT] KATAAANAOL HOVTEAOL AMOPACT|G Kot
Kprnpiwv a&loAdynong Tov, Pmopel ALTEG O1 OTPATNYIKEG Vo givan cost-effective. [87]
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3.2 TNPOBAEWYH ANMOXQPHZHZz NEAATQN

Amotelel epyaleio ya ) Swxxeipion anoxwpnong meAatwv. Xpnotponolei peBodoAoyieg amo tov
XOpo €&0puéng deSopEVMV, Yo TNV avATTLEN HOVTEA®V TPOPAeYNG amoyxwpnong. Ot aiyopiBpot
Tov  xpnolponotel mpooavatoAilovion otnv TPOPAEYN He OTOX0-£€060 TNV TASIVOUNOT T®OV
neAatv. Ot meAdteg Ta§lvopolvtal o o€ €v SUVAEL T [N OMOXWPTIOAVTEG, HE TN Xprjon SVo
KkAdoewv. Kavovtag avadpopn otnv evotnta tov Business Analytics, péow predictive analytics kot
HE Xpnon OAYOplOH®V HNYaVIKNAG €KpaBnong kor otoxo v tadivopnon (classification),
QVOMTUOOETAL EVAX HOVTEAO TIPOPAEYNG QMOX®PNOG TEAXT®V. XKOTOG, Héow customer analytics va
e&axBel yvoomn amd v mAnpogopia mov TAPAOYEL TO PHOVTEAD,MOTE VO QVATITUXO0VV GTPATNYIKEG
Sayeiplong oanoAelng medatwv, mov Ba vAomonBolv amd To THAHA SlaKEIPLONG TEANTEIONK®V
OXETEMV.

3.2.1 AATOPIOMOI KAI TA=ZINOMHZH (CLASSIFICATION)

210 Kop AT avtd Ba mpaypoatomnonBel pia ovviopn PiAOypa@IK ava@opi GXETIKOV CUYKPLTIKOV
HEAETAOV TIOVL €Youv TpaypatononBel. Oa avapepBoldv o1 aAyopiBpol Tov emAEXBNKavV Kat Ta KOpLa
ovpnepaopata. Eniong, Ba yivel avagopd otoug deikteg a§loAGyNnonG mov xpnotponomdnkav.

Zekivoviag, ot B. Huang et al. emAéyouv yia v peAétn toug oxetka pe “Customer churn
prediction in telecommunications”’[88] va ocuykpivouv Aoyiotikn ITaAwvépounon, NaiveBayes,
Multilayerpercetron, Aévipa oamogaong, Mnyxavég Savuopatewy vmootpiéng, E&eAeyktiko
aAyOplOpO Kol YPOPHIKOUG TA&IVOUNTEG, HE Eva €K TV SeIKT@V adloAdynong AUC. KatéAnéav ato
ovpmépacpa 0Tt SVM kot Sévipa amo@aong eival KoAOTEpA ylo aloAOYNON TOCOOTAV TGOV
TEANTAOV TIOL KATETAYNoav opB& kol AavBaopéva wg amoywpnoavies. H Aoylotikiy maAvépopnon
€lval KaADTEPT] Y1 TOV LIIOAOYIOHO TV MBAVOTHTOV amoxapnong. Ocov a@opd Tov eEEAEYKTIKO
aAyopiBpo, N epappoyr] Tov 8ev eival MPakTiKn o€ poBAnpata pdPAEYNG AMOXOPTOTG TIEAATAOV.

Ye GAAN pEAETN OTO KAGSO TAPOXTIG LTNPECIOV OXeTI(OpEVEG pe TNV TAeopacn ( SopuEopikN
obvdean), HETaEL GAAwV emAéyovial AoyloTikn moAwvdpopnon kot random forest, pe Seikteg
a&loAoynong Top Decile Lift kou AUC. ITpokomntel 6t oto Lift o Random Forest amodidel kaAdtepa
kot oto AUC ot 600 aAyopiBpot Sev €xouv onpavTikég amokAioelg.[89] e avtn v katevBuvon
avantoooovtol e&eMypéva poviéAa Random Forest, omov kot omodibouvv okOpa KoAOTEPA.
[90]XvvoAika mapatnpnBnke, OTL emMAEyeTal N XPrioT OAYOpPiOH®Y OO TIG OIKOYEVELEG AOYIOTIKNG
TIAAVOPOUNONG, TEXVNTOV VELPWVIKOV OIKTOWV, SVM, SEVIpaV amO@OOoNG Kol HETAHXONOIOKOV
HOVTEA®V Yl TNV eKTipNnon ¢ npdPAeYng amoympnong meAatwv. Ot eikteg mov emAEXONKav KAtk
Baon nrav Top decile Lift kon Gini 11 AUC. Méow TG oVOvToung PiAloypa@ikng €mokomnong
ermiong mapoatnpndnke Ot Aettovpyei amoteAecpoatikd@ o Random Forest kot avtioTtoiyot
TIPOCAPHOCHEVOL aAYyOp1BpIOoL.
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4 2YIKPITIKH A=ZIOANOIMMHzZH AATOPIGMQN

I mopolLoa SIMA@UOTIKY TIPOYHOTOTOLEITAl OULYKPLTIKY] a&loAOynon oAyopiBpwy HNYavIKIG
EKPABNoNG ywx v avamtuén poviéAwv mpoBAedng amoxmpnong meAatwy. Xe nepifdAiov Matlab
vAoronBnkav o Spopikog e&eeyktikog aAyopiBpog (Differential Evolution Algorithm) kou o
aAyopiBpog pnyxavev vrootnpiéng Stavuopatwv (Proximal Support Vector Machines). Xe
nepBdArov Weka vAomor|Onkav ot aAyopiBpot:

* AIIAOI

*  Aoywotkng [ahvdpopnong -Logistic,

* Aiktuov Bayes -BayesNet,

*  Aévipov Andéeaong -SimpleCart

*  Texvntov Nevpovikov Aiktdwy -MultiLayerPerceptron
*  YYNAYAXTIKOI (Ensembles)

* Bagging pe xprion Randomized-Random Forest,

* Boosting-AdaBoostM1,

* Bagging

€26 €l0080 XPNOHOTOLOVVTAL TIPAYHATIKE SESOHEVH QMO €TAPELR TNAEMKOWVOVI®V. YTIGpXoLV SVO
oLVOAX OedopEVWY, TO OVUVOAO ekmaibevong Kot To cUVOAO eAéyyxov. TIpaypatomnomfnke apyikd
KOTAAANAN  eneepyacia yua  ekkaBdpion ovenopkmv Sedopévav kKol Sahoyn] KoTAAANAwv
HETABANTOV, pE TN Xpromn Tov Tpoypappatog SPSS. Xt mopeia yiax kamolovg and toug aiyopiBpoug
xpnotomnowmBnke emmAéov peBodoroyia emAoyrg pHeTafANT®V pe TN XPrOTN TOU TPOYPAHHATOG
e&opuéng dedopévmv Weka. AOym LITIOAOYLOTIKOU (OPTOL, Y& TOV SLAQPOPIKO EEEAEYKTIKO aAyoplBpo
xprolponomdnke pikpodtepo mAnbog Sedopévwv. Emiong, n teAevtaia peBodoroyia Siahoyrg
HETOPANTQOV (Wrapper) eQappooTnKe pHovo o€ U0 aAyopiBpoug pnxavikng ekpadnong. Hapakdtw,
TAPOLO1IA{OVTAL 01 SOKIHEG HE TIG AVTIOTOLXEG €10080V¢ Sedopévav (pe N xwpig Tpdabetn StxAoyn
dedopévamv). T Toug aAyopiBpoug mov xpnotponomBnkav Aot ot anogaocilavieg (94680 cuvoro
ekmaidevong/ 92605 olvoAo eAéyxov) avtiotolxel N Tiun (1) , yi avtolg oL Xpnolponoldnke
HIKpOTEPO TTANB0¢ (25000 ovvoio ekmaidevong/ 50000 ovvoAo eAéyyov) avtioTtolyeil n ripn (2).

HMivakag 9: Tleptypagn TeEAIK@V o0LVOAwWY SedopEVWV E1GOSOL

ZUvoAo ekmaidevong Z0OvoAo eAgyyou
# meAXTOV % amoywpnoavteg | # meAAT®V % QMOXWPNOAVTEC
Data set (1) 94680 49.64 92605 1.80
Data set (2) 25000 49.46 50000 1.84
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Mivakag 10: Zovola dedopévawv 100600 KABe eElpapaTog

Xwplg |ChiSquared |Gainratio |Infogain Wrapper
BayesNet (D) (D) (D) (D) () &(2)
Logistic (1) @) @) @) -
SimpleCart @) @) @) @) -
MultiLayerPerceptron (1) (D) (D) (1) -
Bagging (1) (1) (1) (1) .
AdaBoostM1 @) @) @) @) (1) & (2)
PSVM @8] - - - -
DEA 2) - - - -
RandomForest (D) (D) (D) (D) -

O1 Seikteg a&loAdynong TV anoteAeopdtv mov emAéyxOnkav nrav Area Under Curve (AUC) ko
Top decile lift kaBwg mpoteiveton 1000 amd TV etopeia mov mopeiye T dedopéva 66O Kan
BiBAoypa@IKd yiax TETOlEG GLYKPITIKEG peAETeg. Emiong, emAéxOnke va xprnoiponomnBovy precision
kot recall kaBwg ypnotponolovvtatl TaPadoc1aKE oe aAYOPIBLOLE HNXAVIKNG EKHAONONG.
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4.1 AEAOMENA

TN oLYKPLTIKN a§loAOYyNoT XPNOTHOTOI0VVTAL TIPAYHATIKA dedopéva xpnoTtmv tou €toug 2001 mov
eixav 600el ota mAaiowx Tov StaywviopoL “Churn modeling tournament” tov Teradata Center for
Customer Relationship Management oto Duke University, amo etaipeia TNAEMKOWVOVIOV TNG
Apepikng to €tog 2002. (IMapaptpo/Tlepypagn Sedopévav) Tlapakdto meptypdpovial Ta
dedopéva.

4.1.1 NEPIFPA®H

Ta dedopeva mov yxpnolponolovviot eiyav ocvAAexBel tov IovAwo, ZemtépPpro, Noegpfpro ko
AekepPpro tov 2001, pe SraoTnpa pepkav efdopddnv yia kabe pétpnon, yu va propel to detypa
Vo TTIXPEXEL TPOPAENTIKN KavoTnTa. Ot KAGOELG elyav LITOAOYIOTEL QMO TO YEYOVOG OV O EKAOTOTE
TMEAATNG QMOXOPNOE O Pl mePiodo 1-2 Pnvav amo TG apXlkEg HETProelg Tov. Ot meAdteg Tov
EMAEXONKAV Vo CUPPETEXOLY 0T SetypaTa, XXpakTnpilovial w¢ Pol Kabng eiyav mapapeivel
oV etapeia tovAdyiotov yx 6 prveg.(apaptnpa/ [eprypagn deSopévav and v etopeia)

Ta ouvoAa dedopévav Tov avamTuxOnkav ano Ta mapandve otolyeia, ntav to Calibration data set ,
1o Current score data kou to Future score data, omov kdBe olOvolo mepiExel MANpoeopia ya
SlPopeTIKOVG TEAATEG. XTn TAPOVON HEAET XPNOHOMOWBNKAV ®G OVVOAO €eKmaidevomng To
Calibration data set kot wg oUvoAo eAeyyxov to Future score data. Zta apyika dedopéva dev eixe
800¢el | KAGo™M ylx T0 oVVOAO eAéyxov, aAAG pe ) ANén tov StaywviopoL §6Bnkav. I'a to clvoAo
eknaibevong xpnowponow|dnke over sampling (tpororoinon delypatog wote va aAAdéel o
KOTAPEPIOPOE TV KAAGE®VY), WOTE va dnpovpynbet éva deiypa kata mpoaéyylon 50-50 wg mpog
QMOXWPNOAVTEG KOl HI], TPOKEHEVOL va PNy vmapéel vmepnpooappoyn (overfitting) katd v
ekmaidevor, mov B 08nyoLOE 0€ ACTOXIO OTNV AVAMTUEN TV HOVIEA®Y, OTKOG €xel avaALBel kat
0TO QVTIOTOLX0 KEQAALO.

IMivakag 11: XapaKmploTikd cuvoAoL KTTaIOELONG Kat EAEYYOUL Tpo eneéepyaaiag

Calibration data set Future score data
Méye80C BElyUaToC 100000 100462
MARB0GC XAPAKTNPLOTIKWY 171 171
MocooTd anoxwproavTwy 49.56% 1.80%

Kpumpio ta&§ivopnong amoteAet, edv évag meAdtng mpoPAénetal va amoxwpnoet (tiun kAdong 1) i
va mapapeivel otnv emiyeipnon(tipn kAdong 0). Onote amoteAeiton and 2 kKAdoelg v 1(churner)
kat Vv 0 (non churner).

Ta yapakmmploTik amotehovvtal and 114 moocotikég (ouvexeig) HETAPANTEG Kol 57 TO0TIKEC
(katnyopikég) (TTapdptnpo/Tleprypaen petafAntav). Znv nopeia vmpée KatdAAnAn eneepyaoia
Yl TIG TIHEG oL EAeutay (missing values), yla T HETATPOT TOV TOOTIKOV O€ TTOOOTIKEG, KAB®C
KO P10 OPYIKT] APaipeoT) HETAPANTOV TTIOL PAIVETOL VO PNV €XOLV OT|HAVTIKT] EMEPAOT] OTO TEAIKO
QMOTEAEGHAL.
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4.1.2 EMNE=EPrAzIA KAI AIANOI'H

XpnowornomBnke pia apykn Sadoyn ya v ekkabBapion tov dedopévav. v mopeia, ot
HEAETN OLYKEKPIHEVOV aAyopiBpwv xpnotpormomBnkav peBodoAoyieg Staroyng petafAntav, yix va
peAetnOel n enidpaon twv petafAntov kabBwg kot n enidoon tov eKAOTOTE XAYOPIBOL CLVAPTIOEL
QUTOV.

4.1.2.1 APXIKH AIAANOrH

Ta edopéva ov mapaAEBnKav ylo T ouyKeKpIpEvn StmAwpaTikr| iyav 1én vootel eneéepyacia
ota mAaiola G vAomoinong g Hetamtuyxlakng StatpiPrig e lwdvvag AyyeMdaxkn[91]. Apyxika
kpibnke BipAoypagikd moieg petafAntég, ol omoieg mapovaialav MOAAG keva media, dev Ba eiyav
onpavTKn aéla yix v avantuén Tov HoVIEAwV Kol agoalpednkav. Emiong. xproteg mou eiyav
MANBwpa EAMTIOV oToEiwV (Gve Tov 1.7%) Sieypapnoav.

‘Enetta, omov vmmpyxe duvatotnta, o Keva media petafAntov (TTOCOTIKEG KOl KATIOLEG TIOLOTIKEG)
TIOV €LYV OT|HAVTIKT] a&lo AVTIKATAOTAONKAY, KATH TIEPIMT®OT), A0 PNSEVIKA. LTI peTafBANTEG IOV
o PNOEVIKA 8V OMOTEAOVCAV KAVOTIOWTIKY] AVon TtomoBetifnkav Tipég amod Tig omoieg Ba
TIPOEKLTITE VONUK (LTTOAOUTEG TIOIOTIKEG- T TIUT TIovL TomoBeTONKe SNAwve EAAewdm TUNG). XtV
TIOPEIX, Ol TOI0TIKEG HETATPATINKAV O TIOCOTIKEG KXl OTIOL PTMOPOVCE KOl LTINPXE OVAYKT EYlVe
ovyxavevon (opadonoinon) TIH®V, Yo HIKPOTEPO €UPOG TIHOV KOTK TNV TPOTOMOINGT TOLG O€
TIOOOTIKEG, HE QVTIKATAOTOOT TOUG omd YPeLSoTIHEG (avTioTolkel oe aplOuntikn Kwdikomoinon).
Ondte, yix Vv mapovoa epyacia mapoAnednkav 'emerta amd auty v eneéepyacia 149
HETAPBANTEG, €K TV omoiwv 40 To10TIKEG (Pe TNV avTioTolyn Kwdikomnoinon) kot 109 moooTIKEG.

[MapoAappavovtag ta mapamdve cOVOAX Sedopévav, €ytve afloAoynon OAwV Tewv HETABANT®V
OLVOPTIOEL TNG KAGOTG (QMOXWPHONOAG TIEAKTNG 1] UN) HEO® TNG OTATIOTIKNG €Qappoyng SPSS.
Xpnowormomnke 1 pebodoroyia a&loAdynong/Siadoyng Sedopévav Pearson X°-test. Me Tig
TIPOETIAEYHEVEG TIHEG ATIO TNV €QAPHOYN, Yot QLT TNV peBodoroyia, TIPOEKLTITE €VaG TIIVOKOG TIOL
mepleixe Tg TIPEG ywx  assymptotic significance (2-tailed). ‘Oco pikpOtepn N TPR TG, TOGO
HeyaADTEPT N €EAPTNOT NG TEAIKTG AMOQXAOTG aTtd TNV HeTABANTH. Qg O0pto téBnke 1o 0.01 Ko doeg
NTav KAt ond autd 1o 6plo aeopédnkav amd ta avtiotolya oLVOAX. Ot petafAnTtég mov TeMKK
SwxtnpnBnkav eivan 15 molotikég kot 108 mMOGOTIKEG. LTO TOPAPTIO LTIAPXEL AVOAVTIKT] TIEPLYPAQT
TOV PHETABANTOV 1oL StatnprBnkav.

Omnodte, o1 apykég SOKIHEG Yo KaBe aAyoplBpo ov ava@EpeTal OTL XpNO1HONoince wg €i0odo Ta
dedopéva xwpig peBodoroyia Sidoyng (plain), xpnopomoinoe outd mov TMpokLYAV OMd TNV
napandve enefepyaoia.  Emerta anmd v mopanave eneepyacia to oLVoAo Sedopévav
eknaidevong amoteAovviav and 94680 amogaocilavteg kou 92605 to oOvolo eAéyyov pe 123
HETHPBANTEG.

4.1.2.2 ME®OAOAOrIEZ AIAAOITHZ METABAHTQN

AoV viomomBnkav ot aAyoplBpor pé elcodo T Sedopeva  xwpig SixAoyn peTafANTQV,
xprotponoBnkav nepottepm pebodoAoyieg emAoyng petafAntov. Ipoékuyiav véa oet Sedopevay,
@oTe va aglohoynBel  peténerta 0 poAog twv petafAntav. Ta ovyKekplpéva oeT SeSopEV@V
XpPNolHoTomOnKav ylioo 10 peyaAlTeEpo HEPOG TV oaAyopiBpwv mov e&etdlovion, Ol LTOAOLTOL
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napaAn@dnkav kuplowg Adyw uvmoloylotikod @optov. Ilapakdtw meptypd@ovial avoALTIKG Ot
neBodoloyieg kaBwg kol ot petafAntég mov emAgxOnkav. o TI¢ MPpOTEG TPELG emMAEXONKAV Ol
emkpatéotepeg 30. Le 0Aeg Tig peBodoAoyieg xpnotponomBnke wg eMAoyn Yl T0 O€T EKNAIOELOTG
'full training set'. e 0Aeg g pebBodoroyieg, ektog tov WrapperSubsetEval, ypnowponoleiton n
HéBodog avalntnong 'Ranker' . Xto WrapperSubsetEval xpnoiponoteiton '‘Best First'. Zta voAouma
nedia emAgyovton ywa kaBe peBodoAoyia o mpokaBoplopéveg amd v €QAPHOYN TIHEG. ApPYIKA
napovolalovial ol peBodoAoyieg extog g WrapperSubsetEval.

HMivakag 12: Iepypagn anAov peBodoloyidv dtaroyneg petafAntwv

ChiSquaredAttributeEval

Me Bdon to Pearson X*-test ekTipd tn a&ia g KGOe petafAntnig yix
TNV TEAIKT] AOQQOT) TOL TEAXT).

GainRatioAttributeEval

Extipd 1o gain ratio g ekdotote peTafANTG (CLVOPTNOEL TNG
evrponiag (H)) wg mpog Tnv TeAIKT| amo@acn Tou TeATN
GainRatio(KAdon, A) = (H(KAdong) - H(KAdong | MetafAnt)) /
H(MetafAntg).

InfoGainAttributeEval

Extipa information gain g exdotote petafAntg (ovvaptioel g
evrponiag (H)) wg mpog Tnv TeEAKT| amo@acn Tou TeARTN

InfoGain(KAdon,Metapint) = H(KAdon) - H(KA&on| MetafAnt).

Ot petafAnTég mov emAéyovial ylx Tig mapandve pebodoAoyieg mapovoldlovial GToV MAPUKAT®

miivaka. £T0 TapEPTNHA LTIAPYOLY 01 AVAAOYEG XVTIOTOLXIEG.

IMivakag 13: Ipwrteg 30 petafintés kabe pebodoroyiag

AJA ChiSquaredAttributeEval | GainRatioAttributeEval |InfoGainAttributeEval
1 months retdays months
2 eqpdays tot_ret eqpdays
3 hnd_price tot_acpt hnd_price
4 totmrc_Mean egpdays totmrc_Mean
5 mou_Mean months mou_Mean
6 change_mou asl_flag change_mou
7 hnd_webcap hnd_webcap hnd_webcap
8 totmrc_Range totmrc_Range totmrc_Range
9 adjrev hnd_price avg3mou
10 avg3mou change_mou adjrev
11 avg3qty mou_peav_Range avg3qty
12 totrev avg3qty totrev
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13 crclscod mou_cvce_Range retdays

14 retdays mou_Mean crclscod

15 mou_opkv_Mean avg3mou mou_opkv_Mean
16 mou_cvce_Mean totrev mou_cvce_Mean
17 asl_flag opk_vce_Range asl_flag

18 tot_acpt adjrev tot_acpt

19 tot_ret totmrc_Mean tot_ret

20 ethnic rev_Mean ethnic

21 opk_vce_Mean mou_peav_Mean opk_vce_Mean
22 mou_peav_Mean drop_blk_Mean mou_peav_Mean
23 comp_vce_Mean unan_vce_Range comp_vce_Mean
24 iwylis_vce_Mean mou_rvce_Range iwylis_vce_Mean
25 complete_Mean avgémou complete_Mean
26 mouiwylisv_Mean cc_mou_Mean mouiwylisv_Mean
27 peak_vce_Mean iwylis_vce_Range peak_vce_Mean
28 attempt_Mean peak_vce_Mean attempt_Mean

29 plcd_vce_Mean dualband avgbmou

30 avgbmou mou_cvce_Mean plcd_vce_Mean

Ymv nopeia xpnoiponomdnke n pebodoroyia WrapperSubsetEval mov dnpiovpyei ta véa oOvVoAa
dedpévav pe Baon 10 oVOTNHA €KPAONONG TOL €KAOTOTE aAYOplBpoL, avoAvETal OTNV TIPAOTN
evotnta.[37] Q¢ aAyopiBpol emAéxOnkav va xpnotpomnomnBodv povo, Adyw LTOAOYIOTIKOD (OPTOU,
AdaBoostM1 kot BayesNet dnpiovpyaviag 600 Eexmplotd véa oOvola SeSopévmv pie AtyOTeEPES
petaBAnTég. H ovykekpipévn peBodoAoyia vAomoirBnke 1600 yix 10 peyaho ovoro dedopévav 0660
KL Y1 TO HIKpOTEPO (SelkTng (2)) Y1 VX PTIOPECEL VO LTIAPEEL PETEMEITH GUYKPLOT KO HE TOV
S10pop1kd eeAeyKTIKO aAyoplBpo. Ot vmdAoineg MApPAPETPOL NG HEBOSOAOYING TIOPEPEIVAYV OTIMG
eiyav pokaboplotel amnd To mpdypappa.

MMivakag 14: EmAoyn petafintav and pebodoroyia wrapper avd aAyopifpo

A/A AdaBoostM1 |BayesNet
1 totmrc_Mean |ovrmou_Mean
2 totmrc_Range | totmrc_Range
3 crclscod change_mou
4 tot_ret months
5 dualband crclscod
6 agel totcalls
7 eqpdays tot_ret
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8 area
refurb_new

10 hnd_webcap

11 agel

12 ethnic

13 eqpdays

ITivakag 15: EmAoyn petafintav and pebodoroyia Wrapper yia k&Be abvoio dedopévawv

avd aAyopifuo
A/A BayesNet BayesNet (2) A/A |AdaBoostM1 | AdaBoostM1 (2)
1 ovrmou_Mean |ovrrev_Mean 1 totmrc_Mean |change_mou
2 totmrc_Range |vceovr_Mean 2 totmrc_Range | plcd_vce_Mean
3 change_mou |totmrc_Range 3 crclscod custcare_Mean
4 months change_mou 4 tot_ret months
mouiwylisv_Mea
5 crclscod n 5 dualband hnd_price
6 totcalls months agel
7 tot_ret crclscod 7 egpdays
8 area totcalls
9 refurb_new avg3qty
10 hnd_webcap tot_ret
11 agel tot_acpt
12 ethnic hnd_price
13 eqpdays hnd_webcap
14 marital
15 infobase
16 ethnic
17 kid0_2
18 retdays
19 eqpdays
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4.2 TNEPII'PA®H AATOPIOMQN MHXANIKHZ EKMAOHZHZ

Aebopevou OTL TIEPLYPAPNKAV aVOALTIKA Ol OIKOYEVELEG TV aAyopiBpwv avtwv otn Bewpia oto
Kepahawo 2.1.2.2 , Ba yiver ovvontikr] avagopd. ESopovpevou tov e§eAeyktikov aAyopiBpov,
xprotponomdnkav npokaboplopéveg TIHEG o€ OAOUG Toug ahyopiBpoug. Onwg mpoavagépbnke ot 7
aAyopiBpol vhomomnOnkav oe mepiBaArov Weka, yxpnoipomoioviag v ggappoyr. Ot dAlot §vo
vAoromBnkav oe mepifdAiov Matlab. Ba yivel o €KTEVIG ava@OP& OTOV EEEAEYKTIKO OAyoplBp0
KOG peAeBnke n BeAtioTonoinomn g TAPAUETPOTOINOTG TOL HECHK OO P OEPA TEPAHATOV.
Ma ™ odykplon pe Tovg voAotmovg emAexBnkav ot 10 kaAUTEpeg SOKIHEG, OTIWG oplleTal HET®
TV SEIKTOV aloAdynong. ITapakatm meptyp&eovIal TpOTa 01 aAyoplBol mov vAomoONKavV HECK
MG €@appoyng Weka. Ye OAeg TG MEPIMTOOELS TO OUVOAO €KMAISELONG Kl EMELTA TO GUVOAO
eAEYX0V, XwPIig KO PETABOAN 0TI LTTOAOUTEG TIAPAUETPOLG. Xav £€E080 €8vav TO HOVTEAO, TNV
Ta§IVOUN 0T, TH AMOTEAEGHATO GUVAPTIHOEL TOV GLVOAOL EAEYXOL Kol TIHEG SEIKTAOV a&loAdynong. Ot
deikteg AUC, Precision kot Recall, §idovtav and v epappoyn Hadl pe To GMOTEAECHATO TOL
ekdotote ahyopiBpov. O Seiktng Top decile Lift vTOAOYNOTNKE PETEMEITA [E TN XPIOT TOV EE0SWV

NG EQAPHOYTG.
Logistic

H vAomnoinon mov ypnotponoteitol anod 1o npdypappa Weka €xel KAMOlEG S1XQOPOTOTELG O GXEOT
HE TNV KAaoowkn tov LAomoinon. Tpononoleitor 0 aAyopiBpog doTe va Pmopel va petayelpideton
napadeiypata (instances) mov toug €xouvv amodobel Bdapr. AkoAovBel cuvonmtikn meptypaen 6mov i
Kol j Seilktec.

k:kAdoelg, n:napadelyuata m:uetaBAntéc, B:mivakac napapétpwy peyéOouvg m*(k-1)

Pj(Xi) = exp(XiBj)/((sum[j=1..(k-1)]lexp(Xi*Bj))+1) MBavéTNTA Yl j-00Tr KAAQON, j=[1,..,k-11]
1-(sum[j=1..(k-1)]Pj(Xi))= 1/((sum[j=1..(k-1)]lexp(Xi*Bj))+1) Na k-oot kKAdon

(apvnTikr)) MOAVOVLULKE AoyaplBuLkr mBavoedvela

L = -sum[i=1..n]{sum[j=1..(k-1)1(Yij * In(Pj(Xi)))+(1 - (sum[j=1..(k-1)1Yij))* In(1 - sum[j=1..(k-1)IPj(Xi))} +
ridge * (B™2)

MNa ebpeon B T.w. minL, yivetat xprjon Quasi-Newton pebddouv yla BeAtiotonoinon Twv HETARBANTWY

Me nipoKaBopIoEVEG TIHEG TTOPALETPAOV:
* Twn Ridge yiax AoyapiBpikr ouvaptnon mbavoeavewag: 1 *10®
*  Xopig mpokaBopiopévo dplo peyloTou AN Boug eEnavaANPemy

Multilayeroerceptron
Xpnopornolel v vAomoinon mov eixe meprypagel ot Bewpnuiky evotnta TV aAyopiBpwy, otnv
UITOEVOTITA TWV TEXVITAOV VELPOVIKOV SIKTOU®V. O1 KOpfot dtav givat apiBuntikot eivo o1ypogidng.

[Teprypagr PAOIKOV TOPAHETP®V:
* Tlooooto ekpdBnong yx tov backpropagation aAyopiBpo: 0.3

* Momentum Rate yix tov backpropagation aAyopiBpo: 0.2

* TIAMB0g emoywv ywx Tnv eknaidevon: 500
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* T[looooto peyéBoug validation oeT wg KPLTNPLO TEPHATIOHOV TNG eKnaidevong:0
e Twn mov xpnolgomnoteitat yix n yevvipla tuxaiov apipav (seed): 0

* TIABog aAAnAovyiog AabBwv oL eMTPEMETAL ATIO EAEYXO EMKVPWOTNG LEXPL VA TEPHATIOTEL
10 §ikTLO:20

*  Ta kpuea enineda mov Ba dnpovpynBovv yia to diktvo: (peTaBANTEG + KAAOELS) / 2,

BayesNet

To mepiBdArov vAomoinong mapdoyel TOAAXTAEG SUVATATNTEG EMAOYNG EKTIUNT®V Kol aAyopifpwv
avadTnong, OToL WG TIPOKABOPICHEVEG EXEL:

*  Extunmmg: SimpleEstimators

* AAyopiBuog avaldnmnong:K2
AdaBoostM1

Xpnotponotet tov KAaowko aAyopiBpo AdaBoost, omou:

e Ta&wvopntmg: Decision Stump
* TIANB0g enavaAnPewv: 10

*  Seed:1

*  Opio Bapoug yiax kKAadepa:100

Bagging

KAaowkr) vAonoinon pe mapapéTpoug:
e  Ta&wvopntmg: RepTree
* TIAMB0g enavaAnPewv: 10
*  Seed:1
* Tlocooto kaBe bag, wg mpog 10 ovvoAo eknaidevong: 100

Random Forest
KAaookr| vAomoinon tov, 61mov mpokaBopiopévol mapapeTpoL:

*  Méyioto BdBog twv dévipwv: Xwpig meplopiopd

* TIMB0¢ petafAntav mov Ba xpnoiponoinfovyv oty tuxaia emAoyn: Xwpig meplopiopd
* TIAM00g dévipav mov Ba mapayBovv: 100

* Seed:1

SimpleCart
* Seed: 1
*  EAayioto mAn0og mapadelypdtowv 6Toug TEPHATIKOVG KOPBovG:2
* TIAM00g¢ folds yia to kAGSepa: 5
* TlooooT0 peyeBoug tov cuvorov ekmaidevong: 100

Ot aAydpiBpot mov vAonowBnkav oe mepiBairov Matlab fjtav o PSVM kot o DEA. Kavévag amo
TOLG 6VO OeV NTAV EVOWHAT®HEVOG oTn PipAtoOnkn g Matlab.
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PSVM

O PSVM amnoteAei pia vhonoinon tov Proximal SVM and toug G. Fung and O. L. Mangasarian,

ONWG TEPLYypaQeTaL ano 1o ¢pBpo 'Proximal Support Vector Machine Classifiers". Xpnoiponoteitot
1 YPOHHIKN TOL vAomoinon. Zav €§08o €dive 1o AUC. Meteneita vmoAoyiotnkav precision, recall &

Top decile Lift.
DIFFERENTIAL EVOLUTION ALGORITHM (DEA)

YAomoteiton OMwg MePypAPETAL ATIO TNV AVTIOTOLYN EVOTNTA. ¢ E10080UVG EXEL:
*  XUvoAo eKmaiSevong Kot eEAEyXOL
*  ZtabBepd petdAAa&ng
* Tloc00T10 S1a0TAVPWONG
* TIAY00¢ yeveav
* TIAnBuopdg k&Be yeveag (pe eicodo v MApAUETPO K, 0oL [TANBLOPOC=K *#peTafANTOV)

*  ZtabBepd trade-off , omov Tipég 1 BapdTnTa oTov LMOAOYIOTIKO POpTO, 10 Bapvtnta e&icov
0€ LTIOAOYLOTIKO OpTO Kot akpifewa, 100 Baputnta o€ akpifela

* EmAoyn éeiktn mpog BeAtiotonoinon, pe tipn J=1 Gini, J=2 Lift, J=3 (Gini + Lift)/2

Yav €€060, wg pog Toug Seikteg, divel Gini coefficient ko Top decile Lift yia chvoAo eknaidevong
KOl EAEYXOU.
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http://research.cs.wisc.edu/dmi/svm/psvm/

4.3 AEIKTEZ A=ZIONOIMHZHZ ANMOTEAEZMATQN

[Tpokepevou va a&lohoynbovv ta poviéAa mpOPAEYNG amoXmPNONG TEAAT®V, OV AVATTUCCOVTOL
anmo TOLG AVTIOTOLXOUG OAYOPLBHOLG HNYOVIKNG eKpAONoNG, emAgxOnkav téooepig deikteg. TN
OAOUG TO KUPLO OMOTEAECHA TOV HOVTIEAWV TIOL XPNO1HOTIOLEITO WG €l00d0¢, lvatl Katd TG00 €ylve
owota 1 ta&wvounon (classification).tov meAat®v o€ amoyxwprioavieg kot pr. Ot opddeg
tadvopnong eivar 0 yux 000VG TOPEHEIVAV 1] EKTIHNONKE TIPOPAENTIKA OTL MOPEQEVAV OTNV
emyeipnon Kot avtiotolya 1 yia Toug amoxwpnoavies. Me oOYKPLOT| TOV QVTIOTOLK®V TIPOPAEYERY
KOl TIPOYHOTIKQOV OESOHEVOV EMEITA OMO CUYKEKPLUEVN €Me&epyacian TPOKVMTOLV Ol TOPUKAT®
deiktec.

O1 600 mpwtot deikteg, AUC ko Top decile lift eiyav xpnowonomnBel otov avtiotoyo dStaymviopo
a6 Oomov PoNABav ta Sedopéva Kot emMAEYOVTaL KATE KOPOV OTNV avVAMTUEN HOVTEAGV TIPOBAEYNC
QIOXWPNONG OE ETAPELEG TNAEMKOWVOVIQV Kol o€ e@appoyég big data analytics. Ou deikteg recall
Kol precision emAéyovial, yio v afloAoynon g akpifelag kot g avakANonG TV EKAOTOTE
HOVTEADV O€ YEVIKEG EQAPHOYEG OAYOPIOH®Y PNYAVIKIG EKPGBNONG.

[TpotoV yivel avaALTIKI] Gva@OPA O€ aLTOVG, OKOTIHO €IVOl VX TIIPOLCIAOTOVV KATIOEG OpHASES
TANPOYOPLOV TIOL XPNOIHOTIOOVVTNL VI TOV LTOAOYLOHO TOUG. A0BEVI®V TV SlIAVUOHATOV TIOL
TIEPIEXOLV TNV TIPAYHATIKN KaB®¢ Kot v mpofAendpevn ta&vopnon oty ovtioToyn opada
(class), amoxwprioavtag (Tipn 1) i pn anoxwpnoaviag (tipr) 0) tov meAdtn e&dyetan N MOUPAKAT®D
nAnNpoeopia. Me Baomn ) TPOPAETTIKT IKAVOTNTA TOU HOVIEAOL OHASOTIOIOVVTNL T KMOTEAETHATO
(MpaypoTIK& o€ ox€omn He TpoPAEnOpEVa) O TEOOEPIG KaTnyopieg. o autovg mov KateTdynoav
0TI OWOTEG OPASEG, true positives (TP), katetdynoav oto class 1 kot dviwg aviikav oto 1 ko true
negatives (TN), katetaynoav oto class 0 ko éviwg aviikav oto 0. Ocov a@opd aLTOLG TIOUV
taévounOnkav eceoApéva, ot false positives, katetaynoav oto class 1 kon avrikav oto 0 ko false
negatives, katetaynoav oto class 0 kot avrkav oo 1.

Mivakag 16: Confusion matrix

MpbéBAeyn negatives (class 0) | MpdéBAsyn positives (class 1)

Avrikouv o€ class 0 (Negatives) | TN:# meAatwv FP:# nmeAatwv

Avnkouv og class 1 (Positives) |FN:# neAatwv TP:# meAaTWY

IMapakdtw ava@épeTal aVOAVTIKE TO HOBNHATIKO HOVTEAO TOLG, N TANPOPOPIA TIOL XPT|OHOTIOLOLY
WG €10060 Kol 1 MPAKTIKA aéix Kol ONUOoio TOLG Yo TNV EMYEIPNON KAl TIG avVTioTOKEG ANYPELG
amopacewv. Emiong, yl cuVOTTIKI] Ava@Op& OTOV LTTOAOYIOTIKO POPTO KAl TO POAO TOL 0TI TEAKN
eMAOYT XpNong aAyopiBpov oe cLVSLACHO HE TOUG TTHPATIAVE OEIKTEG.

4.3.1 AREA UNDER CURVE (AUC)

'Exovtag ta Stavoopata amo TG TIPOBAETIOPEVEG KOl TIPAYHOATIKEG KAKOEIG TRV TEAXATOV KOOGS Kot
10 S1vuopa pE Ta avTioTola anoteAéopata (mBavdtnTeg) amo To HovIEAD, bIoAoyileTanl apyIKd N
KOUTIOAN Agttoupyikav xapoaktnplotik®v (ROC). H kapmdAn mpokvntel vmoAoyiloviag yix Sipopa
cutpoints Tig avrtiotoyeg TIHEG TV True Positives rates kou False Positives rates. Ta mopamave
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vnioAoyidovtanl pe ) xpron v TP kot NP, yia T0 OLYKEKPIHEVO SIGOTNHA TIH®OV, TIPOG TOULG
TIPAYHATIKOUG €TL TOL oLVOAOL Positives kot Negatives avtiotoya. Katomy pe ) xprion autov Tov
onpelov oxedaletan n kapmuAn ROC[92]. TTapakdtem napovotdletat ypa@kd n kapmvuAn ROC.

100 —
S s
=
.M ~
L
a
= 40f
& L
S 20 .

| Y P
0 20 40 &0 20 100
False Positive rate [(100-Speclicily)

Ewova 6: TI'pdonua ammelkoviong KapmoAng
ROC (www.medcalc.org/manual/roc-
curves.php)

YnoAoyi{ovTtog 10 Yopio KAT® amo TNV avTioToyn KapumOAN npokvmntel o deiktng AUC (Area Under
Curve- pt@. meployn KAt amno KapumoAn). O aplBpog mov mpokLtel SnA@vel pe TL mMBavotNTa €va
TUX0H0 (VYOG TIEAATOV TIOU KVIKOLV O€ OlQPOPETIKN] KAAOT], B KaTaTayolV 0T OWOTH KAKOT).
TTpaKTIKG Y10 va €€l OLOIXOTIKT] TIPOPBAETTIKT a&ior Eva HOVTEAD KOl O QVTIOTOLK0G OGAYOp1B|0g IOV
XpOlpHomomOnKe ylo v avamtuén tou, o deiktng mpénel va eivan peyaivtepog tov 0.5 [93]. Xe
Sxpopetikn mepintwon dev €xel peyahltepn a&ia o aAyopiBpog and éva tuxaio meipapa. INa v
emyeipnon amoteAel éva Selktn MOOTNTHG SLAX®PLOPOD TOV MEAXTOV OTI( AVTIOTOLXEG KAACELC.
A&loloyeiton pe oLTO TOV TPOTO €AV N OTPATNYIKT| SXTHPNONG TV TEAATOV Toug Ba amevBovetan
O€ TIPAYHOTIKA €V SUVALEL ATOXWPT|OAVTEG, IOV Bt 08NYT|0€l 0€ HEIWOT TV TTOCOCTAOV ATOXM®PTOTG
neAatwv. Tavtoxpova adloroyel edv amevBivetal ecpaApeva o eAdteg mov dev Ba amoywpovoay,
nov Ba petagpalotav oe (nuia ywa v emikeipnon. Xovrfwg, avti tov AUC xpnotponoteiton o Gini
coefficient o€ tétoteg epappoyeg. Ilpokvntel wg e§NG:

Ginicoefficient=2+* AUC—1 (17)

EmAéyOnke n xprion tov AUC ylo eUKOAGTEPT] EPUNVEIX TV KMOTEAEGHATOV.

4.3.2 TOP DECILE LIFT

O ouykekpipévog Seiktng e&etadel ) MPOPAENTIKY KavOTNTA TOL poviéAov oto 10% Twv mo
mOAVOV XPNOTOV TPOG AMOYXMPNOT), COHE®VA HE TO €KAOTOTE HOVTEAo. A&loAoyeital av pe
XPT|ON TOL HOVTEAOL LTAPYXEL KOAOTEPT TPOPAEMTIKI] KOVOTNTO €V OLYLPIOEL HE QLT XWPIG
HovtéAov. O aplBpog mov mPoKVUMTEL eEKPPALEL TOTEG POPEG KaAVTEpH TipofAeneTan 10 10% twv mo
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mBaveV TEAXTAOV TIPOG AMOXWPNOT], PAoEl TV TPOPAEYEwV amd TO HOVIEAO O€ OXEON HE TNV
anwAgla povtédov. Exetl xpnotikn adia kabwg, n emyeipnon elfiotal va EMKEVIPOVETNL GTOVE TILO
enipofoug mpog amoxwpnon mneAdteg. Ta deSopéva MOV amMAITOVVTAL YLK TOV LTIOAOYLOHO TOL €ival
o SIVOCHOTA TIPAYHOTIKAG Kol TIPOPAEMOPEVNG  KOTATAENG OTIG KAAOEG KOl TO OlAVLOHX
mBavottewv anoyopnong. H Siadikaoia mov akoAovbeiton eivon n €€ng:[94]

1. Katataooovtal ta dedopéva pe Paon T mBavoTnTa OmoOX®PNOoNG TV MEAXTAOV, KOTK
@Bivovoa oepa.

2. Xowpilovton oe 10 (deciles) tpnpoata ta dedopéva. To mpwto TR ovopddeton top decile.
3. YmoAoyileton yia top decile lift to cumulative response rate.

. __ mAnBog meAatwv top decile ov Oviwg anoywpnoav
cumulative response rate e = mAfog medaTcdv mov avikel o top decile (18)

4. Ymoloyiletan total response rate

ARB0o¢ aLVOAOL TEAXTWY TTOL BVTWGS ATTOYWPNOAY
00voAo meAatv

totalresponse rate= (19)

Onov npokuntel cumulative lift yiax top decile (Ba avagépetat wg top decile lift)

Cumulativeresponse rate yia top decile

Topdecile lift= Totalresponse rate

(20)

O1 TIHEG IOV TIPOKVTITOLV TIPETIEL VA €ival PEYOAVTEPEG TNG HOVASOG YO VO €XEL a&la TO POVTEAO.

4.3.3 PRECISION

O ovykekplpévog Seiktng ekppdlel v akpifela tov povréAov, SnAadt Tt T0000TO AMd AVTOVG IOV
npoéPAePe 61 Ba amoywpriooLy BVIKG amoyapnoayv. IIpokvntel and ) oxéon

TP

Precision= FP+TP

(21)

Ma v emyeipnon éxel adia KaBOG PIKPEG TIHEG SNA@VOLY OTL PTtopel va emKeVIpwOel ecQoApEVT
Kol o€ TEAGTEG Tov eV elyav Moté TV Mpobeon va amoywprioovy. Omdte Ba €xel KOOTOG OTNV
emyeipnon xopig mbavd ogelog. Xe pax té€Tow mepinmtwon adilel va Siepevvnbel t0 KOGTOG
81T pNoNg MEAXTN GLVAPTIOEL KOGTOLG AMMAELNG Yo KGBe teAdtn, ipokelpévou va Bpebel to dplo
tov recall mov mpokaAel (nuiax otV EemMiKElpNON OLVAPTIOEL HIKG QVTIOTOIKNG OTPATNYIKIG
St pnong meAAT.

Emniong, yivetat avag@opd oto precision (0nwg kot oto recall) kot og mpog tov mpoAendpHEVOLS G
napapeivavteg meAdteg otnyv emyeipnon. I'ia tov voAoy1G S TOLG AVTIHET®I{OVTOL O1 positives w¢
negatives Kot avtioTpoOP®G HE TN XPNOT TV HoBNHATIK®V TOM®V Tov 660nkKav.
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4.3.4 RECALL

Qg recall yiveton avagopd& otnv avakAnon, SnAady 010 TIOCOOTO TV OMOXWPNOAVIOV TIOL
npoéPRAePie 10 povtédo oTL B amoywprjoovy. TIpakTikd SnA@vel o€ Tt TOCOOTO Ba eviomicel Toug
TIEAATEG TIOL Eiav TIPOOEOT TPAYHATIKA VO AIOX®Pr|oovy, Xwpig va amokAeiel 6t B emkevipmBel
AavBaopeva ko og meAdteg ov dev B amoywpovoav (avTo peTpdtal oTo precision). YnoAoyileton

P

(O]§ EEI’]CZ Recallzm

(22)

4.3.5 YNMOAOTIIZTIKOZ ®OPTOZ

Agilel va yivel ava@opd Kot 0€ TV TNV TAPAHETPO KaXB®OG 1 aia evdg pHovTEAOL, Padl e TIg TIHEC
TOV TIOPUTAV®D SEIKTOV CLVEKTIHATOL HE TOV OVTIOTOLXO LTOAOYIOTIKO (OPTO. AVATPEXOVTAG OTO
BepnTikO TUNHa NG epyaoiag, mapatnpnOnke 0Tt anoteAel onpavVTIKY TapAPEPO a§lOAOYNONG TWV
aAyopiBpwyv. TTpakTik& av kdmowa peBodoloyia yia HIKPEG OMOKAIOELG OTIC TIHEG TV OEIKTMV €XEL
HEYAAEG amokAloElg 0TOV LTIOAOYIOTIKO @OpTO, Bt TPOTIUNBEl QLT HE TO PIKPOTEPO LTTOAOYIOTIKO
@OpTo. AUTO ovpfaivel KABMOG 0 LTTOAOYIOTIKOG POPTOG HETAPPALETAL (MG KOGTOG VAIKOTEXVIKK KOl
XPOVIKA Yl pia emiyeipnon.

Ma 10 Tp€&§po twv aiyopibpwy xpnopormomBnkav dvo vmoAoylotés. INa 10 50% TV TPOTWV
SOKIH®V TOL YeVETIKOU oAyopiBpou xpnoiponom|dnke @opntdg vmoAoylotig pe eneéepynotr 2GB
Ram kot Aettoupyikd ovotnua Microsoft Windows. Tha 6Aeg Tig vmdAowmeg SOKIHEG Ko
aAyopiBpoug, xpnowponomfnke @opntog vrmoAoyotig pe 8 GB Ram kot Aeltoupylikd oLOTHHA
Linux.
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4.4 TIAPOYZIAZH ANMOTEAEZMATQN

A@ov éyve eneepyaoian TV SeSOHEVOV, OIMG AVAPEPETAL TIPATIAV®, LAOTIOWONKAV SOKIHEG Yo
T0UG aAyopiBpoug mov mEpypa@nKav. Apyikd vAomomBnkav SOKIHEG XwpIG T XpNon KATOWKG
neBodoloyiag emAoyng petafAntav. X nopeia enavaAnednkav ot Sokipeg e €l6odo ta ohvola
dedopévmv mov mpogkuav and T peBodoAoyieg emioyng dedopévav. Xn nepintwon tov wrapper
TpaypatonomBnkav  SoKIHEG HOVO ylit Toug oAyopiBpouvg mouv dev aviavav OMPAVTIKG TOV
LTTOAOYIOTIKO OpTO. Kp1riiplo vAomoinong Tov ouvaptrioel TV aAyopiBpwy, NTav 0 LITOAOYIOTIKOG
@OpTOG LAOMOINONG TV OAYoplBH®WV OTO TPWTO CUVOAO SOKHAV. Xpnotgonowdnke ywx toug
aAyopiBpoug mov €8vav amoteAéoHATA TO TTIOAD €VTOG SU0 AEMTAOV, GTNV ApXIKI| TOLG LAOTIOINON. X
Spopenikn TEpIMTOON T OLYKEKPIHEvn peBodoAoyia kaBuotepodoe KAmoleg ®peg va SDOEL
anoteAéopata. O PSVM vAonomBnke oe Stagopetikd nepiBdAiov amnd toug vdéAomouvg (Matlab) ,
ot ortoiot vAomowr|Bnkav oe Weka, ondte Kot SOKIPHAOTNKE PHOVO OTO GPXIKO GUVOAO SeSOpEV®Y.

Mo v nepintwon tov Sl@opKoD eEEAEYKTIKOD aAYOP1OHOL yiveTanl EeEXwploTh ava@opd, KaBag
npaypoatonomfnke mAnBopa SOKIPOV yix TV €mAoyn ToV BEATIOTOV TAPAPETPOV €10050L e
Kplrtmplo toug deikteg top decile lift ko auc. Adyw TEPOPIOUEVOV LITOAOYIOTIKGOV SLVATOTITWOV
KaTéotn SuvaTo vo €SeTaOTEL PE PIKPOTEPO OET Sedopévav amd OTL ol vrmoAotol aAyopiBpol. O
OULYKEKPLIEVOG aAYOPLOHOG, WG S10popiKOG €EEAEYKTIKOG-YEVETIKOG, HTOpel var ouykpiBel pe Toug
aAyopiBpouvg mov xpnolponoinoav oOvoAa SeSopévwv Tov TpoékunTav and T peBodoAoyia
wrapper. ['a 1o Adyo auto o1 aiyopiBpol BayesNet kou AdaBoostM1 €tpeéav Kot e TO QVTIOTOLKO
HéyeBog ouvvolov Sedopévwv pe tov DEA, wg mpog 1o mANBog Twv ano@aciloviwmy, pE €MAOYN
petaBAnTOV ano m pebodoAoyia wrapper. Ta mapandve mapovoldlovial o€ EEX®PLOTH EVOTNTA. X
avtd 1o onueio oilel va avagepbei OTL Pl TAPAUETPOG TOL  EAXYIOTOTOIEL TNV
QMOTEAECHATIKOTN T TOL aAYOPIBLOL €lvat 0 LTTOAOYIOTIKOG POPTOG.

H napovoiaon anoteAeopdtwv amoteAeitan and tpia okéAn. To Tp®TO agop& 0T TAPOLCINCT) TV
TIHOV TV SelKTOV adloAdynong, HE QVTIOTOIN OVA@OPK KOl OTO LMOAOYIOTIKO KOOTOG OTOL
KpIVETOL XpriO1H0. TN Topein YIVETOL ava@opa 0TI HETABANTEG IOV ¥prolponomdnkav wg eicodoc,
omov mpaypatoromfnke emAoyn. I'iveton mapovaioon toco Tov TANBovg 600 Kat Tov €idoug.

4.4.1 TIMEZ AEIKTQN A=IOAOIMHzZHZ AATOPIOMQN

Ot Seikteg mov yprnoiponolovvial yioo v a&loAdynon eivor Top decile lift, AUC, precision kat
recall. Ta Tg mepmtwoelg recall kot precision o Seikng 0 avoaeépetal otV KAGON Hn
AmoYWPNOAVI®V Kol 0 8eikg 1 oty kAdon onoxwpnodviwv. H ouykekpipévn evotnia
anaptideton and TPELG KOPLEG LTTOEVOTNTEG.

LNV IPAOTN YIVETAL TAPOLCINOT) AMOTEAECUAT®Y CLYKEVIPOTIKK Y& OAOLG TOLG SEIKTEC KAl TOUG
aAyopiBpoug, xwpig va €xel mponynBei n xpron kamowag pebodoroyiag drahoyng petafintov. H
Se0TEPT] KATAYPAPEL TO AMOTEAEGHATA YA TIG TIEPUTTWOCELG TIOL €Yy1ve Xprion pebBodoloyiag emAoyng
HETHBANTOV. ZTNV TeAevTaia yiveTon ova@opd OTa TEPAPATA TOL S1POPIKOL €EEAEYKTIKOD
aAyopiBpov ko ep@avidovrton ot §éka KaAOTEPEG SOKIHEG. XTn TOPEia XPNOHOMTOI0LVTaL Yl
OUYKPLOT] HE TX OMOTEAEGHOTH OAyopiBpwv omd wrapper, OTOL XPNOHOTOWONKE TO avTioTOLXO
oUVOAO SeSopEVQV.
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44.1.1 XQPIZ XPHZH MEOOAOAOIIAZ AIAAOIrHZ METABAHTQN

Ta anoteAéopaTa TAPOLOIA{OVTAL GLYKEVIPOTIKA Y& OA0LG TOLG aAyopiBpoug (éktog to DEA) Ko
OA0LG TOVG SeikTeG. Xpnotponoleital T0 cOVOAO SeSOHEV@V TIOL XapaKTNpLleTal TAPAMAV® ®G data
set (1). Eivon 1o mAnpeg obvoAo Oedopévav. LT Mapodoa evOTNTA YIVETOL Xpron OA®V TV
HETABANTAOV TOL KVTIOTOLXOL OET.

HMivakag 17: Agikteg a&loAdynong amnotedeapdtwy yia 1o mAnpeg avvoro dedopévawy (data set 1)

AUC Top decile Lift (9261) |Precision (1) |Recall (1) Presicion (0) |[Recall (0)
RandomForest 0.656 2.34 0.028 0.576 0.988 0.635
SimpleCart 0.627 2.00 0.026 0.601 0.988 0.582
Logistic 0.636 1.98 0.028 0.569 0.988 0.634
PSVM-Matlab 0.628 1.93 0.027 0.560 0.987 0.624
Bagging 0.602 1.65 0.024 0.568 0.986 0.573
AdaBoostM1 0.602 1.60 0.023 0.704 0.988 0.451
MultiLayerPerceptron 0.592 1.53 0.023 0.586 0.986 0.548
[BayesNet 0.587 1.35 0.025 0.473 0.986 0.661

I'paonua 1: Tipég deiktawv aéloAdynang aAyopiBuwyv yia 1o mAnpeg oet Sedopévwv

2.5
2
1.5 == AUC
=== Top decile Lift (9261)
Precision (1)
1p > > > > > > > = Recall (1)
=p==Presicion (0)
P S Recall (0)
S e e —n
0.5 =
0
SimpleCart PSVM-Matlab  AdaBoostM1 BayesNet
RandomForest Logistic Bagging MultiLayerPerceptron

[Mapatnpeital 6TL Ta KOAVTEPA amOTEAETPOTA KATa@EPVeL va Tar Swael o RandomForest, xwpig va
€1VOL IKAVOTIOINTIKG, HE TIPOPAENTTIKT] KavoTnTa Yo Toug 10% mo mbavovg npog amoympnong 2.34
(QOPEG TOL PHOVTEAOL TIPOPAEYMG €vavtl TG amovaoiag poviéAov. Emapkng alAd ox1 KaAég eivan ot
Tpég mov Sidovron yioe AUC, yux tipég amo 0.6 kot v, pe mbBavotta 60 % va katatdooeton €éva
TUXaio (eVYOG MEAXTAOV OTI O®OTH KAGOT. XLVOAK& amo Tt okoma Top decile lift kon AUC
Sidovton pe ) ogpd mov Kataypaeovta ,yio Random Forest, Simple Cart, Logistic, PSVM enapkr|
QMOTEAEOUATA. AVETIOPKT] OMOTEAECHATA TIAPEXOVTOL O KABe mepimtwon omd T OKOMA& TOL
precision (1) pe kK&t TOL 3% TNV KATAX®PNOT TPAYHATIKAOV AMOXOPNOAVI®V, GTOVG €V SUVAHEL
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amoXwpNoavies. OLOOTIKA KOTOTAOOEL HEYGAO TANBOG TEAATOV TOL TOPAPEVOUV  OTNV
emyelpnon wg ev duvapel anoympnoavieg. Avto eivar mbBavo va ogeidetal ot SIpPOPPHOT TOL
OLVOAOU EAEYXOU EVOVTL TOU OUVOAOL EKTAIOEVONG, HE QMOXWPNOAVIEG KAT® TOL 2% OTn HIX
nepintwon kor 50% otnv GAAn ya omoguyn overfitting. Ano 1t okomd opbng mpofAewng
anoywpnoaviwyv (recalll) aAA& ko pn (recall0) , mépav tov AdaBoostM1 kot BayesNet ot Tipiég mov
TIPOKVTITOLV EIVAL EMAPKTG.

4.4.1.2 ME XPHZH ME®©OAOAOIIQN AIAANOIrHEZ METABAHTQN

Q> MNPOx TIZ MEGOAOAQOI'IEZ

IMa ™ mopovciaon TV TIHEV TIOL TIPOEKLYAV HPLEPOVETAL EVOG TIIVOKAG Yo K&Be Seiktn. e kabe
TVOKO  KOXTOYPA@OOVIOL T OMOTEAEOHATH TV OAYOPiOH@V OLVOPTACEL TOV AVTIOTOLXOV
peBodoroyiov Sadoyng petafAntaov. Xpnotponownke to data set (1) pe Tg petafAntég mou
AVO@EPOVTOL OTNV evOTNTA TV dedopévav/Siaroyr] petafAntov. e kabe mepintwon eivat
HiKpOTEpO TO TANBOG petaPfAnt@v o olykplon pe To TMANpeg Ttov data set (1). Ov Tipég
TIAPOLOIA{OVTIAL WG ATOKAIGELG O€ OYEDT] HE TN TUN TIOL €XEL O EKAOTOTE XAYOp1OHOC Ywpig Stahoyn|
Sedopévamv, Omov

TN nivaka=Twn deiktn (xprion pebodoroyiag Siaroyng petapintav)- Tipn deiktn(xwpig xprion pebodoroyiag)

AUC
IMivakag 18: Tipég AUC adyopiBuwv yra Sokipég pe mpoabetn Stadoyn petafAntadv

AUC ChiSquared |Gainratio |Infogain | Wrapper
BayesNet 0.01 0.023 0.01 0.057
Logistic -0.044 -0.037, -0.044 -
SimpleCart -0.003 0.001 -0.003 -
MultiLayerPerceptron 0.001 -0.004 0.001 -

Bagging -0.005 0.014| -0.005 -
AdaBoostM1 0 0 0/ 0.013
RandomForest -0.031 -0.013 -0.031 -

Onwg gaivetor otov mivaka dgv mapatnpouvtal adloonpeinteg aAayég wg mpog AUC pe
eloaywyn TV pebodoroyiov.
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TOP DECILE LIFT

Table 19: Tiuég Top decile Lift adyopiBuwv yia Sokipeg pie mpooBetn Siadoyn petafAntodv

Lift (9261) ChiSquared | Gainratio |Infogain Wrapper
BayesNet 0.192 0.186 0.192 0.803
Logistic -0.312 -0.174 -0.312 -
SimpleCart -0.006 -0.156 -0.006 | -
MultiLayerPerceptron -0.120 -0.066 -0.120|-

Bagging 0.090 0.222 0.090| -
AdaBoostM1 0.000 0.000 0.000 0.000
RandomForest -0.330 -0.144 -0.330|-

[Mapatnpeiton PeAtioon onpavukn oto BayesNet, ©g mpog T TPOPAENTIKY KAVOTNTX TOL
HovtéAoL yia to 10% mo emipofwv mpog amox®@pnom. AKOHA KAl PE TIHPAPETPO TOV VTTOAOYIOTIKO
(OPTO TIOV TIPOKVTTEL Ao wrapper 1 BeAtioon eivan adloonpeimm. Xe avto to onpeio a&idel emiong
va mopatnpnet 6t chisquare kot infogain mapovoid{ovy TMOPOHOIN GUUTEPIPOPA MG TPOG T
amoTEAEOPATA. XTO HeYaAVTEPO TANB0C TwV oAyopiBpwv Sivovv XeEpOTEPK OMOTEAECHOTH Ol
pebodoloyieq. H gainratio @aiveton va Sivel ovolaxoTikn PeAtioon pOvo ot mepimtwon Tov

Bagging.

PRECISION

MMivakag 20: Tipég Precision kAdong 1 aAyopiBuwv yia Sokipég pe mpoabetn diadoyn petafAntav

Precision(1) ChiSquared | GainRatio |InfoGain | Wrapper

BayesNet 0 0.001 0 0.002
Logistic -0.004 -0.004 -0.004 -
SimpleCart -0.001 0 -0.001 -
MultiLayerPerceptron -0.002 -0.002 -0.002 -
Bagging 0 0.001 0 -
AdaBoostM1 0 0 0 0.001
RandomForest -0.003 -0.001 -0.003 -

Mo precision TPOCAVOTOANOHEVO OTOUG  QTMOXWPNOKVTEG, OV TAPOLOIA{OVTINL  OTHAVTIKEC
S1apOopOoTOOELg PE TN Xprion TV peBodoloylmv, yia kavévay amd toug aAyopiBpovg. Mapapévovy
avenapkeig ol TipéG. To 1610 mapoatnpeital Kot yloo presicion w¢g TPog TOUG TIAPAHUEVOVTEG OTNV
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EMYEIPNOT), OTIOL TA ATOTEAECHATA O€ QUTI TNV TEPIMTON Xapaktnpiloviav NN wg “KoAa”.

Mivakag 21: Tipég Precision kAdong 0 aAyopiBuwv yia Sokiuég pe mpoabetn Siadoyn) petafAntdv

Precision (0) ChiSquared | GainRatio |InfoGain | Wrapper

BayesNet 0 0 0 0.003
Logistic -0.002 -0.002| -0.002 -
SimpleCart -0.001 0/ -0.001 -
MultiLayerPerceptron 0.003 0.002 0.003 -
Bagging 0 0.001 0 -
AdaBoostM1 0 0 0 0.001
RandomForest -0.001 0/ -0.001 -

RECALL

INa recall mpooavatohiopévo otnv kAdon 1 mapovoiddovtal onpaviikég feAtinoelg yio Bayes Net
e wrapper kot yioo MultiLayerperceptron cuvoAMka yia 0Aeg T peBodoloyieg (ekTdg wrapper mov
dev xpnotpomnomdnke).

Mivakag 22: Tipég Recall kAdong 1 alyopiBuwv yia Sokipgg pe mpooBetn Siadoyn petafAntodv

Recall (1)

ChiSquared |GainRatio |InfoGain |Wrapper
BayesNet 0.035 0.024 0.035 0.175
Logistic -0.048 -0.035 -0.048 -
SimpleCart -0.003 0.003 -0.003 -
MultiLayerPerceptron 0.223 0.194 0.223 -
Bagging 0 0.013 0 -
AdaBoostM1 0 0 0 0
RandomForest -0.007 0.025 -0.007 -

Qg mpog v kAdon 0 gaivetatl va Agltovpyel avTayvioTIK& kg Tpog TV KAdon 1, kabaog yia toug
i61oug adyopiBpoug ko peBodoAoyieg mapovoiadel emdeivwon.
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IMivakag 23: Tipég Recall kAdong 0 aAyopiBuwv yia dokipég pe npoolem diaroyn petafAntav

Recall (0) ChiSquared |GainRatio |InfoGain | Wrapper
BayesNet -0.028 -0.004 -0.028 -0.091
Logistic -0.023 -0.027 -0.023| -
SimpleCart -0.01 -0.005 -0.01 -
MultiLayerPerceptron -0.235 -0.209 -0.235 |-

Bagging -0.005 0.003 -0.005| -
AdaBoostM 1 0 0 0 0.024
RandomForest -0.038 -0.028 -0.038| -

55



ANITOPIOMOI ANA MEGOAOAQOTIA

[Tpokelpevonu va vapEEL GLUYKPLTIKT] a&loAdynon Twv aAyopiBpwv mapovoialoviol ypagika Kot
OUYKEVIPOTIKA TA QMOTEAEOPATA TV oAyopiBpwv ava pebBodoroyia/Sragopetikd clVoOAo
OeSOpEVOIV. Xe OAEG TIG TIEPUTTOOELG IAPAHEVEL TO TIPOPAN A HE TO precision tng kA&ong 1.

Chisquared
25
2
B RandomForest
B SimpleCart
15 Bagging
W Logistic
B AdaBoostM1
1 BayesNet
B MultiLayerPerceptron
L (LT
: N [
Top decile lift Recall(1) Recall(0)
AUC Precision(1) Precision(0)

I'papnua 2: AnoteAéopata aAyopiBuwyv ava deiktn yia peBodoAoyia Chisquared

Znv npokepévn nepintwon Random Forest ko Simple Cart divouv T KaAUTEPA OMOTEAEGHAT
anto armoyn AUC ko Top decile lift pe ikavomomntikoé recall. Apa katatdooouy KaAdTepa éva TuXaio
(evyog TIEAATAOV OTIG OVTIOTOLXEG KAAOEG KOl TEPypa@ovv KaAdtepa 10 10% twv ev Suvapel
anoxwpnoaviwv. And v ¢AAn AdaboostM1 kou MultiLayerPerceptron divouv kaAOtepa Recall(1),
OWOTH KATATOSEN TIPAYLOTIKOV amOX®PNoavimy, e npofAnpatika opwng Recall(0) kot ox1 apketd
KA pofAentikn ikavotnta oto 10%.
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Gainratio

25
2
B RandomForest
W Bagging
15 SimpleCart
M Logistic
W AdaBoostM1
1 BayesNet
W MultiLayerPerceptron
ST T
, - [
Top decile lift Recall(1) Recall(0)
AUC Precision(1) Precision(0)

I'papnua 3: Anotedéopata adyopiBuwv avd deikm yia peBodoAoyia Gainratio

v mpokepévn nepintwon napatnpeital 1o 610 potifo pe EexdBapn vrepoyn wg mpog Top decile
lift tov Random Forest. 'Eneita, to Bagging dovAevel e&icov kaAa pe to Simple CART. Eniong, n
AOY10TIKT] TaAlvOpoOpn o Sivel enapkr anoteAéopaTa.

InfoGain
25
2
B RandomForest
B SimpleCart
1.5 Bagging
M Logistic
B AdaBoostM1
! BayesNet
B MultiLayerPerceptron
RN b
: N [
Top decile lift Recall(1) Recall(0)
AUC Precision(1) Precision(0)

I'paonua 4: AnoteAéopata aryopiBuwy ava deiktn yra peBodoAoyia Infogain

Axppwg 1610 potifo pe chisquared. Onwg mapatnpeitor apyotepa, chisquared kot infogain
TapéXouv akplBag 1o 1610 oVvoAo Sedopévmy, He emioyn TV TPOTOV 30 peTafAnT®V.
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Wrapper
2.5

1.5
W BayesNet

B AdaBoostM1

0.

(€3]

Top decile lift Recall(1) Recall(0)
AUC Precision(1) Precision(0)

o

I'paonua 5: AnoteAéopara adyopiBuwv ava Seikm yra pebodoroyic Wrapper

INa to wrapper @aivetol va €xel EekdBapn vmepoyr), Adyw top decile lift, to BayesNet, mapéxovtag
Yy 1n @op& GUVOAIKA IKAVOTIOUNTIKK OMOTEAEGHATA.

4.4.1.3 AIADPOPIKOZ EZEAEIMKTIKOZ AATOPIOMOX KAl WRAPPER

O Sapopikdg e€eheyktikog ayopiBpog (DEA) amotedel évav aAydplBpo mov e0wtePIK& LAOTIOLEL
emAoyn petafAntav pe Bdon tov i610 tov aAyopiBpo. Onote CLYKPIOIHA TEPAPATA EIVOL QLT OTX
omoia éywve yprnion tov Wrapper.. 1o TEPAUATH IOV avaAVONKAV TIPOTNYOLHEVMG, 01 aAyopifpot
BayesNet kot AdaBoostM1, ypnowgormom|Onkav amdé Wrapper Kol Xprnolgonoinoav ta
QMoTEAETPOTH a0 Wrapper ylo Ty avamtuén HOVIEAV.

Katd v vAomoinon tov nelpapdtaov pe DEA, xpnotponow)dnke pikpdtepo oivoro dedopévmv o
oxX€0n HE ToLG LITOAOITOVG AYOP1BPOLG. O VTOAOYIOTIKOG POPTOG NTAV TETOL0G, IOV Ol SLVATOTITEG
TOVL LTOAOY10TH Sev eMETPENAV TN Xprjom Tou data set 1, omote SnpovpynBnke 1o data set 2, OTwG
éxel Non meprypaeel. Evéeiktikd, pe to data set 2, pio bAomoinon Tov Propovoe va SlpkETel amd
20 Aenta €w¢ pLdpIon wpa, avédAoya v mapapeTponoinon tov. Ot xpovol autol a@opolv aTov
vrnoAoylotn pe pviun RAM 8 GB.

O DEA mpoo@épel apkétoug Babpong eAeuBepiag wg mpog TNV MHPAKETPOTIOINGCT| TOV G€ OXEOT HE
GAAoug aAyopiBpovg. OmoTe yla TNV €0PEOT] TOV KATAAANA®Y TIHOV avAAOYya T0 0OVOAO SeS0pEVQRV
amoateiton vo mpaypotononBel pot oelpd omo TEPAPATR. LTo TEPAHATA avTd, Sokipdlovtot
S16(QOopOl GLVELUGHOL TWV TIHPAPETPWY ELGOSOL Kot A§LOAOYEITAL 1] AMTOTEAEGHATIKOTI T TOVG HEC®
tov deiktv Top Decile Lift ko Gini coefficient. Me kpitnplo T TIHEG VTGOV TOV SEIKTAOV
emAgyovrol T 10 emkpatéotepa melpdpata. Emerta vAonoteiton omd v apxny Wrapper yu
AdaBoostM1 kot BayesNet pe xprion tov data set 2. T GUVEXELX TIPAYHATOTIOLOVVTOL Ol SOKIHES
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oe AdaBoostM1 kot BayesNet e 10 véo 00VOAO SedopEVQV Kat PHETABANTQV.

IMapoakdtew mapovoldletal Tivakag e TO OUVOAO SOKIHOV KOl TOUG OVTIGTOLYOLG GUVSLUGHOVE
TIOPAPETPOV.

IMivakag 24: EmAoyn THOV TOHPAUETPOV YIX TO GUVOAO TTEPAUATWY S1apopikol eEEAIKTIKOD

aAyopifuov
A/A Trade-off J Generations | Mutation Constant | Crossover probability | k(Population size=k*123) Runs
1 1 1 200 0.6:0.1:.0.8 04:0.2:0.6 1 1
2 1,10,100 12,3 200 0.7 04 1 10
3 100 1 200,500 0.6:0.2:1.4 0.2:0.2:0.8 1 1
4 100 1 200 0.6:0.2:1.4 02:0.2:0.8 5 1

A&iCe va yivel ava@opd otn HETAPANTOTNTA TV aMOTEAECHAT®V. ['a To Adyo auto eiyav yivel oto
20 oet Soklpwv 10 tpe&ipata oe k&Be ovvdvaopo. Emiong, 1o ovvolo eAéyxou €6ive KoAvTepa
QMOTEAETPATA G TPOG TOLG SEIKTEG O€ OYEOT [E TO GLUVOAO eKMaidevong. Avtd TBava va oPeiAeTan
0TO YEYOVOG OTL TA TIPAYHATIKA SeSopéva eiyav HOAIG 2 % TOU GUVOAOL OTI KAGGT] AMOX®POLVI®Y,
OTIWE KO TO 0OVOAO €A€yyov, v avTIBEéael e To GUVOAO eKTIidevOTG ToL €ixe StapopEwBel oo 50-
50.

EMIAOIMH 10 KAAYTEPQN MEIPAMATON
EmAéyOnkav ot 5 kaAvtepeg Sokipég yioo Top Decile Lift kon ot 5 kaAOtepeg yia AUC (pe

KOXTAAANAN petatponr] tov Gini). TMapokdto mapovoidleton o mivakag pe ta 10 mepapata.
[Mapatnpeital 0TL emeAéyn éva mapadelypa Kol og éva and ta 5 kaAvtepa yiao AUC ko yix Top
decile Lift.

IMivakag 25: Tipég napapérpwv Siapopikol e&eAiktikol adyopiBuov yia ta 5 kaAltepa mepapata
w¢ pog AUC kat ta 5 kaAUtepa w¢ mipog Top decile Lift

AIA Mutation Constant  Crossover probability Julation size=k Generations  Trade-off J

1 0.7 0.4 1 200 100 2 top5auc
2 0.7 0.4 1 200 10 2 top5auc
3 0.7 0.4 1 200 100 3 top5auc
4 0.8 0.2 1 500 100 1 top5auc
5 0.7 0.4 1 200 10 3 top5auc
6 14 0.4 1 500 100 1 topslift
7 0.7 0.4 1 200 100 1 topblift
8 1 0.4 5 200 100 1 topblift
9 0.7 0.4 1 200 100 3 topblift
10 1.4 0.2 1 500 100 1 top5lift
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2YT'KPI>H ME AATOPIOMOQY2 MOY EIrNNE XPHZH TOY WRAPPER

[Mapovoialetar 0 mivakag pe TOLG OelKTeEG MOAPAMOUTG OTOV aviiotolo ovvévaopo DEA.
Aebopévou 61l To melpapa pe apBpo 3 eivan 1o 1610 pe 10 9, SwtnpnBnke pdvo to meipapa pe
aplBpo 3.

IMivakag 26: XOykpion TV SEIKTOV S1a@opikol eEeAeykTikol aAyopiBiov pe aAyopiBuouvg
AdabbostM1 ka1 BayesNet, 01100 TPOEKLYE TO GUVOAO S€GOUEVWY QIO wrapper

A/A Lift future AUC future Precisionl Recalll Precision0 Recall0

1 1.90 0.617 0.026 0.610 0.987 0.572

2 1.88 0.613 0.026 0.616 0.987 0.564

3 2.03 0.608 0.028 0.511 0.986 0.661

4 1.93 0.603 0.026 0.585 0.987 0.591

5 1.95 0.600 0.027 0.514 0.986 0.650

6 2.09 0.578 0.027 0.370 0.985 0.753

7 2.04 0.578 0.026 0.424 0.985 0.700

8 2.03 0.576 0.034 0.278 0.984 0.853

10 2.02 0.574 0.035 0.241 0.984 0.876
AdaBoostM1 1.67 0.600 0.024 0.601 0.986 0.544
BayesNet 1.82 0.615 0.026 0.538 0.986 0.623

[Mapatpeiton 6Tt pe opouvg Lift ko AUC eivan povo o BayesNet ovykpiowpog. Emiong, o
ovvdLaopog 1 eivan o povog divel kot kaAvtepo Lift & kaAvtepo AUC.

4.4.2 EIAOZ KAI MAHOOZ XAPAKTHPIZTIKQN

[Mapovoidleton 1o €id0g TV petafAnTev yia Tig pebodoroyieg Stadoyng petafintov & DEA. Ta
T pebodoroyieg mov dev cvppeteixe o aAyoplBpog oty emioyr] TV HeTAPANTQOV yivetol
OLYKPLTIKN Tapovaioot twv 30 TpeTev peTafANT®OV. Aedopévou Ot €xel TpokaBoploTel To TANB0G,
dev ylvetar avagopd og avtd. ITapavta, aidel va TAPOLOIACTOVV O€ AUTO TO OTHELD TK KPLTPLA
emAoyng tov opiov twv 30 peTafAnTOV. Xe maAaidtepn vAonoinon tov DEA Kol ipoyeveéaTtepn TG
vAomnoinong aAyopiBuwv oe Weka, ot emkpatéotepol ovvdvaopoi, pe ioo trade-off petady
akpifelag ko moAvmAokOTNTaG, eMéAeyav T xprnon mepinmov 30 petafAntov. Emniong, meipapa pe
PSVM nov eixe yivel ota mAiola cOYKPLONG HE ALTOVG TOUG GLVSVACHOVE, LTIEPEIXE ALTMOV TV
OLVOLAOHAV KOl Xpnolonolovoe mepinmov 30 peTaAnTEG.

Mo g peBodoloyieg mov ovppeteixe o aAyoplBpog oty emAoyr, yivetoanr mapovoioon Twv
XOAPOKTNPLOTIKOV ToL ouvdvacpol 1 and DEA. AeSopévou OTL yix TOV GUYKEKPIHEVO GLVSLACHO
eiyav yiver 10 Sokipég. voAoyileton to péco mANBog xapaktnplotik®y. Emniong, mapovoidlovtot Kot
ovykpivovton pe Wrapper(BayesNe)t & Wrapper(AdaBoostM1) ot petaffAntég mov emAEXBnKav Ko
otig 10 Soxipég. Ooov agopa Tig 2 vAomowoelg Wrapper ( data set 1 & data set 2) yix kdbe
aAyopiBpo, yivetar avd aAyopiBpo oclykpiom.

60



4.4.2.1 ME®©OAOAOrIEZ AIAANOIMHZ METABAHTQN XQPI2 TH
2YMMETOXH AATOPIGMOY

[Mapovoidloviar o1 mpateg 30 petafintég amd Chisquared kon Infogain kou 1 avriotoyn
TaEIVOUN 0N TOV HETABANTAOV ALTAOV TIOL €X0LV TOGO aLTEC o1 peBodoAoyieg boo kot n Gainratio.

Mivakag 27: Tlpwteg 30 petafAntés amd pebodoloyieg
Chisquared kai Infogain kot avtiotoiyn 1aévounon wg
TIPOG OAES Ti§ amAE¢ pebodoroyieg

Chisquared  Gainratio Infogain
month 1 5 1
egpdays 2 4 2
hnd_price 3 9 3
totmrc_Mean 4 19 4
mou_Mean 5 14 5
change_mou 6 10 6
hnd_webcap 7 7 7
totmrc_Range 8 8 8
adjrev 9 18 10
avg3mou 10 15 9
avg3qty 11 12 11
totrev 12 16 12
crclscod 13 14
retdays 14 1 13
mou_opkv_Mean 15 15
mou_cvce_Mean 16 30 16
asl_flag 17 6 17
tot_acpt 18 3 18
tot_ret 19 2 19
ethnic 20 20
opk_vce_Mean 21 17 21
mou_peav_Mean 22 21 22
comp_vce_Mean 23 23
iwylis_vce_Mean 24 27 24
complete_Mean 25 25
mouiwylisv_Mean 26 26
peak vce Mean 27 28 27
attempt_Mean 28 28
plcd_vce Mean 29 30
avgémou 30 25 29

Mapoatnpeiton 6Tt Chisuared kon Infogain €youv tig i6ieg petafAntég otig npwteg 30 Beoelg pe
HIKpEG amokAioelg otnv ta&vopnon. Oocov agopa ™ GainRatio yxpnoiponotel 22 ano tig 30 mov
XPTOHOTIO00V 01 GAAEG SV0, 0Tig IpwTteg 30 BECELG [lE ONHAVTIKEG S1APOPEG OPMG OTNV TA&LVOUNoN
Toug. Ot 8 petafAntég mov bev eivon kowvég vmoypappidoviol otov IMivaka 27. Eniong, 6 koweg
HeTaBANTEG KatatdooovTal Kot oTig Tpelg peBodoAoyieg oty 1n Sekada.
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IMivakag 28: Kowég petafAntég oty nmpat dekdda twv anrwv pebodoroyiddv Siadoyrig petafAntov

Kodwi ovopacia Ieprypaon
month Mnveg oty vnnpecia
eqdays HAwia napeydpevou eEomAiopon
hnd_price Tiun ovokevng
change_mou IMocootiaia pnviaio peTafoAn Xpriong Aentov
G TIPOG TOLG TeAeLTAiOVG 6 T veg

hnd_webcap AvvatoTnTEG CLOKELTG TPOGBaoNG 0TOo internet
totmrc_range EvOpog Tipng pnvaiov mayiov

4.4.2.2 AIADPOPIKOZ EZEAITKTIKOZ AAITOPIGMOZ &WRAPPER

Eekwvaoviog ando DEA, to péco mAnfog petafAntav eivan 58 pe tipr andkAong 4. MoAg 6 ano
QUTEG emAgyovTal Kol ota 10 mepdpoata. AUTEG XPNOIHOTIOIOLVTOL Yl OUYKplon He Wrapper.
[Mapavta, yivetal avagopd g ouxvotntag epeaviong oe DEA twv petafAnTov mov emAgyovtal
HEow Wrapper.

IMivakag 29: X0ykpion €emKpATEOTEPWV UETAPANTWV  Sla@opikol  e&eAKTiKOD
alyopiBuov pe avtiotoya ovykpiolpa mepapata Twv aAyopiBuwv AdaBoostM1
kat BayesNet. Avagopd emidoyric xpriong amo Stapopikd eEeAikTiko aAydpiBo,
010 00VOoA0 TV 10 MEPAUATOV, TWV EMKPATETTEPWV UETALANTAOV TV dAAwv 2
aAyopiBuwv

DEA adaboostM1/DEA XPHZH ZE DEA  BayesNet/DEA XPHZH ZE DE

change_mou change_mou ovrrev_Mean 70.00%
plcd vce Mean 60.00% vceovr_Mean 20.00%

custcare_Mean 60.00% totmrc_Range 90.00%
80.00% change_mou
90.00% mouiwylisv_Mean 70.00%
eqgpdays months 80.00%
crclscod 40.00%
totcalls 40.00%
avg3qty 60.00%
tot_ret 80.00%
tot_acpt 80.00%
hnd_price 90.00%
hnd_webcap 40.00%
marital 10.00%
infobase 20.00%
ethnic 60.00%
kido_2 30.00%
retdays 60.00%
eqpdays

[Mapatnpeitor 611, mopdTt pOAG 2 petafAntég mov emAgyoviatl mavia oto DEA emAgyoviont amo
wrapper. [Tapoavta ot peTaffAnTég MOL XPNOIHOMOOOVTINL 0€ wrapper ep@avi{ovv VPNAG TOCOOTH
xpnong oe DEA. Kown petafAnt ywa 0Aeg n change_mou. I'evikd mapatnpeitar 0t emAgyoviat
amd wrapper, pe vymA& mocootd xpnong amd DEA, téooepig and Tig “kaAltepeg” €81 TV
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ChiSquared, Infogain kot Gainratio.

IMivakag 30: Emkpatéatepes HETAPBANTES yia TO G0VOAO TV SOKIUWY TV aAyopiBuwy

Ko dwkri) ovopaocia

Ieprypagn

month Mrveg oty vmnpeoia
eqdays HAwia napeydpevou eEomAlopon
hnd_price Tiun ovokevng

change_mou

[Mocootiaia pnviaia petafoAn xpnong Aemtav

WG TIPOG TOLG TEAELTATOVG 6 PN VEG

Ev ouveyeia, mpaypatomnoteital ovykplon HeTa&y twv 600 vAonooemv Wrapper ava aAyopiBpo.

IMivakag 31: Metafintég amo
Wrapper yia BayesNet ylia ta

600 avvola dedopévwv
Bayes_Net

ovrrev_Mean
totmrc_Range vceovr_Mean

change_mou  totmrc_Range
months change_mou
crclscod mouiwylisv_Mear
totcalls months

tot_ret crclscod

totcalls

avg3qty
hnd webcap  tot_ret
ECCTI o _cot
hnd_price
hnd_webcap
marital
infobase
ethnic
kido_2
retdays
egpdays

ethnic
egpdays

BayesNet/DEA

IMTivakag 32: MetafAntég and
Wrapper yia AdaBoostM1 yia ta

600 avvola Sedopévwv
AdaboostM1/DEA

AdaboostM1
totmrc_Mean
totmrc_Range
crclscod
tot_ret
dualband
agel
egpdays

Edw pmopel va a&lohoynBel n emppor tov ouvorov dedopévav ota anoteAéopata. e AdaBoost

dev  TOpOTNPOLVTOL OMNUAVTIKEG Ol1QPOPEG OTA  OMOTEAEOHNTA TIAPOTL  XPTOHOTIOEL  TeEAEiwG

S1xQopeTIKO 0T MPETAPANTOV Kol PiKpOTEpO Oyko Oedopévav. Ev avtiBéoel oe BayesNet pe

Wrapper, 6mou e data set 1 mapatnpnnke 6t anédide KaALTEPK amo T LITOAOITIA SeSOUEVQV, |LE

HIKpN Stxpopomoinom Tewv HETABANT®V, ToL MAB0LG TOLG KAl OTIHOVTIKT] S1(QOPOTIOINCT) TOL OYKOU

dedopévmv mapoatnpndnke peiwon mg anddoong.
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5 22YMMNEPAZMATA
5.1 ZYMIEPAZMATA I'IA AATOPIOMOYZ

Apyka, 6e80pEVOL OTL 0 TPOCAVATOMGHOG HOG €ival I LTTOCTHPIEN OTPATNYIKAOV XMTOPACE®Y HEC®
TV aAyopiBpwv, ta cvpnepacpata B e€axBolv pe Bapvtnta otovg deikteg Gini kot Top decile
lift. Onote, o aAyopiBpog mov epeavitel EekdBapn vmepoyn, oe OAx T OeT dedopevwy, gival o
Random Forest, 0 omoiog 6ouvAebel kKaAUTepa e TO TAT|PEG O€T peTafANT@V. A&ilel va onpelwbel
OTL €lval 0 HOVOG XAYOp1BHOG TTIOL KATAPEPE VO SOCEL AMOTEAEGHATN AlyO TILO TTAV® OO TO PHEGO OPO
TOV OMOTEAECHATOV TOU Slywviopov. TTdpavta dev KATAPEPVEL VX TIPOCEYYIOEL TIG KOXAVTEPEC
peBodoAoyieg. IMapakdtw epgavidovial ot aAyoplBpol mov €6®OAV IKAVOTIOUTIKE OMOTEAECHATA
LEPOAPYIKAL.

Mivakag 33: KaAvtepor aAyopifuot pie ikavomointikd anoteAéopata w¢ npog AUC kot Top Decile
Lift avd peBodoloyia Siadoyrig petafAntadv

AATOPI®GMOX MEG®GOAOAOTITA
Random Forest
Simple CART INFOGAIN/CHISQUARED

Bagging (Métpix amoteAéopata)

Random Forest

Bagging
Simple CART
Logistic

GAINRATIO

Random Forest
Simple CART
Logistic
PSVM

AIIAH

Le 0Aeg Tig meputtwoelg o Simple Cart divel kavormontuika anoteAéopata. O Bagging amodidet
KOXAOTEPO PE GUVOAX GESOEV®V, OTIOL €XOLV aPalpeBel o1 HETAPANTEG [lE HIKPOTEPT EMPPOT| OTNV
ta&vopnon. H Aoylotikn naAdvépopnon oty nepintworn tov infogain dev amodidel KaAd, cLVOAKK
anodidel kaAOtepa pe to MANPEG oLvoro. O PSVM amodidel Kavomontikd, oAAG dev rtav
SaBéopa amoteAéopata and TG dAheg peBodoAoyieg yia mepattépw ovykplon. Ot peBodoAoyieg
chissquared kot infogain mapdyouv to 1610 cUVoAo ekmaidevong, pe emAoyr TV 30 EMKPATECTEP®V
HETABANTOV.

e pa mpoonabeia yevikevong, propel va emwbel ot aAyopiBpor onwg RandomForest kol o
SimpleCART mov ypnoiponolovv §évipa andeaong amodidovv kaivtepa. Emiong o AdaBoost oe
OXEOT HE TOLG LTTOAOLTIOLG GLVOLAOTIKOVG ahyoplBpovg, RandomForest kot Bagging, dev anédwoe
KoAd. Tldpavta, mapoatpndnke ot pe petafoAn mAnBouvg dedopévwv 11 petafAntav  dev
HETOBAAAOVTOL Ta OMOTEAETHOTA TV OIKTOV. Apa ylo Té€toleg epappoyég Ba pmopovoe va
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XOPOKTNPLOTEL EVOTAONG.

Mivakag 34: Iepiypagn aéloonueiotwv peTaforwv oTig TIHEG TV OEIKTOV pHE T Xpron
peBodoroyiv diaroyng petaSAntav

AATOPI®GMOZ METABOAH AEIKTHX MEG®OAOAOI'TA
BayesNet BeAtioon Top decile lift Wrapper
Logistic Xelpotépevon Top decile lift Infogain/Chisquared
MultiLayerpercetron BeAtioon Recall_1 Infogain/Chisquared
RandomForest Xepotépevon Top decile lift Infogain/Chisquared

Fevikd pe ) petafoAn tov ocuvolov petafAnTeV, epeaviotnkav adloonpeinteg emopaoelg oe
OUYKEKPIHEVEG TIEPUTTOOEIG. Ml amo TG TIEPIMTWOEI TIOL a&idel va ava@épovpe eival TOL
BayesNet, 0mov TapouoldoTnke onpaviikn PeAtioon pe ) xprion Wrapper kafiotovioag tov
aAYOPIOLO aVIOYWVIOTIKO O€ OXEOT| HE TOLG TPMTOLG SV0 WG TIPOG TNV AMOTEAECHATIKOTNTA.
[Mepontépm, mapatnprdnke n peiwon NG AMOTEAECHATIKOTNTAG TOL HE T XPNON TOL GLVOAOL
eknaidevong tov DEA, odnywvtag otnv umdBeomn OTL 0 GUYKEKPIHEVOG GUVEVAOHOG TIAPASELYHATWV
uropel va €xel emidpaon kor oty anoteAeopatikotnta tov DEA. Emniong otmyv mepintwon tov
AdaBoostm1(wrapper) odnynoe o€ S10QOPETIKI €MAOYT HETAPANTOV O€ oXEON HE TNV Tepimtmon
tov Datasetl Autr n cvoxétion yivetal kaBwg o DEA vneptepovoe tov BayesNet(wrapper) pe to
dataset2 kot otnvrepintwon tov datasetl BayesNet(wrapper) mpoo@epel TAPOHOIX KTOTEAETHATA
e Tov Random Forest (ywpig emAoyn petafAntav).

Q¢ mpog tov DEA, ocuvaptioel tTwv amoTeEAECHAT®V TOL KOl TOL LTOAOYLOTIKOU KOOGTOUG TOU,
kpivetor 10 avtiBeto Ttov cost-effective. A&ifel Opwg va yivel pla mapoatipnon g Tpog To
QMOTEAECHATA TOVL, TIOV UMOPEl v OONYNOEL OE CUUTMEPAOHOTH O€ OXEON HE ASLVOUIEG OTNV
TpoeTolpaoia Twv dedopévav. Onwg €xel Non avaeepbei, eva TPOBANpa NTav OTL Ta AMOTEAECHATA
TV GEIKTOV YO T GUVOAO EKTIXIOELOTG TTAV XELPOTEPX ATIO OTL YO T CUVOAX EAEyxov. To chvoAo
eknaidevong eiye tpomonowmnBel wote va mepiexel 50-50 mopadeiypota o mPog TG KAKCELG Yl
amoguyn| overfitting. Opwg, Ta Mpaypatikd dedopéva meptypa@ovial amd 2% amoxwpnoavieg. Autd
Aowmov, mBavoAoyeitarl ot pnopet va odnynoe oe underfitting wg mpog v kAdon 1. Me autd tov
TPOTIO PUTOPEL V& EPUNVELTEL TO TTpoava@epBEV TPOPANHa aAA& Kot ol TTPOBANHATIKEG TIHEG WG TIPOG
T0 Presicion g kAdong 1.

5.2 ENIKPATEZTEPA XAPAKTHPIZTIKA

Me v Sadikaoio oL TIEPIYPAPNKE OTNV EVOTNTA TV XAPOKTNPLOTIK®V, KATAANEAHE OTL TX
EMKPATECTEPN XUPAKTNPLOTIKA €lval T& MAPOKAT®. Agv avaAvetal BEPota av n ovoxEtion eivat
Betikn) 1 apvnTikn. e pa mpoomndbelar va mapdoyovpe Aoyikn eppnveia Ba mpaypoartonomnOel pia
obvToun avéAvon.
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IMivakag 35: EmMkpatéatepeg HETAPBANTESG yia TO G0VOAO TV SOKIUWY TwV aAyopiBuwy

Kodwki ovopaoia Ieprypaon
month Mnveg oty vnnpecia
eqdays HAwia napeydpevou eEomAlopon
hnd_price Tiun ocvokeLG
change_mou [MooooTwaia pnviaia petafoAn xprnong Aentov
WG TIPOG TOLG TEAELTATIOVG 6 PN VEG

BiAoypa@ika €xel vmootnpixbel 60T LIAPXOLV YaPEVOL TIEAGTEG AOY® TNG KN IKOVOTIOUTIKK
napexopevng texvoloyiog. Omote 600 peyaAlTepn N NAKIO TOL €KAOTOTE €EOMAIOHOD TOCO
Eenepaopévog Bewpeitar. Avtd pmopel va 08nynoel o€ QmMOX®@PNON, OTx TAXIoW TNG N
KOVOTIOUTIKG TiapeXO eV G Texvoloyiag. Emiong, n wpipavon tov meAGTn amoteAsl Evav mapayovia
amoY®PNonG. Amo v GAAN auENUEVI TIPAROVE] UTIOPEL Vo EPUNVEVETAL Kol G a@ooiwon. H
MocooTxix PETABOANG Xpnong, pmopel va amoteAécel éva Seiktn mpoPAeymg, kabBahg pmopel va
TIEPLYPAYEL TIOTE €vag TMEAXTNG Odnyeitan o€ adPAVEIX G TPOG T XPHON TV TAPEXOHEVROV
vrnpeoiwv. TéAoG, N TIPN TG CLOKELNG HTopel va dnpovpynoel eEaptnuévn G€opELOT HE TV
etapeia av eivor LYNAN. ZUVoAIKG, TNV KatevBuvon eppnveing Toug aivetar va T Sivel n
HETAPBANTA MOCOOTIONNG HETABOANG XPTIOTG AETITAOV OV KA AMXITOVVIAL TIEPALTEP® TTANPOPOPIEG KAl
{ow¢ petafAnTég yix TNV opbn eppnveia toug.
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5.3 TYNOWH
"Enerta ano peAemn 9 aAyopiBpwv pnxavikng ekpabnong mov npoépyxoviat ano to nedia:
*  Teyvntav Nevpovik®v AIKTOGV
*  Aoywotukng [MaAwvépopnong
* NaiveBayes & BayesNet
*  Aévipwv anodgaong
*  Mnyavég S1avVLUOHAT®V LIIOOTHPLENG
* E&eleyktikav aiyopiBpwv
*  MetapabnoloakaVv HOVTEAGY

KOL TN Xpromn S1G@opwv oLVOAwV Se60PEVQOV Yo TN HEAETN TOLG, TPoEKLYE 1| ek&Bapn vTEpOXT|
evog oAyopiBpov, tov RandomForest. TIpoépyetal amO TNV OIKOYEVEIX TV HETAHAONOLOKOV
HOVIEA®V Kol  Kavel xpnon &évipav amogaong. Kopux  kpumpua  agloAdynong g
anoteAeopanikotntag touv ot deikteg AUC ko Top Decile Lift. IIpooavatohopog n avamtuén
HOVTEAOL TIPOPAeYNG TETOOL WOTe va efaxBel yvwon kal va vmootnpiyBolv OMOTEAETHATIKK
OTPATNYIKEG OMOPATELG YO TNV TIPOANYN ATOXOPNOTG TTEAAT®V.

Ta GMOTEAEGHATO IOV TIKPEIKE, TAPOTL TA KAADTEPQ, SEV NTAV EMAPKAOG KAvVOTONTIKG TTdpavta,
TIPOEKLYE TANpoopia TPog emedepynoia omd TNV CUYKPLTIKT] HEAETN TV oAyopiBuwv. Emiong
avéKLPEe €va aKOpX (NTOOHEVO, Ol 18101TEPOTNTEG TV SESOHEVOV KOl 1| EMPPON TOUG CTNV
TMOTOTNTA TV OMOTEAEOHATOV. Ta mapamdve (NToLpHEVA SNHOLPYOLV aVAYKT YO TIEPRITEPK
HEAETN, Yl TETOLOVL €id0VG SeSopéva KAl Ta OpLX AmOS0CTG XPNOIHNG TTANPOPOPIAG KAl YVAOOT|G Yl

Vv emyeipnon.
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6 T[POTAZEIZ A MEAANONTIKEZ KATEYOYNZEIZ

Ano v mapovoa epyacia aveékuav TEPLOCOTEPOL TIPOPANHATIOHOL MO OTL AMOTEAECHATA.
[TpoBAnpatiopoti mpog emiAvon mov SNEOVPYOVV TPOTACELG Y10 TIEPAITEPKD EPELVA. ZEKIVAOVTAG OO
T dedopéva, ailel va Siepevvnbel av n mpoonabela péocw oversampling ywa amoguyn overfitting,
propel va odnynoet oe underfitting yua v avrayoviotikn kAdon. I6iog oe dedopéva mov
TIEPLYPAPOLY L1 TPAYHATIKT] KATAOTAOT O01ov Sev 1oXVeL 0 Kavovag 50-50 ya Tig kAdaoelg. E@doov
emPBefowbel kam tétolo adicel va pedetnBel mwg pmopel va emAvbel pe oefaocpd ong ekdotote
101tepdTnTEG KABe KAGSOUL Ao BMOUL TIPOEPKOVTAL T SESOHEVAQ.

Q¢ pog TN HEAETN TV OXAYOPIBH®OV GUVAPTAOEL AVTAOV TV OeS0PEVROV, UTTOPEL VU YIVEL TEPANTEP®
HEAETN TNG AMOTEAECPATIKOTNTAG OAYOPIOH®VY TTOL XPNOHOTIOI00V KOTA TNV LAOTIOINGT TOLG SEVTPX
amo@aoewV. EvaAAakTikG, propel va emavaAneBei n oLyKplTikn HEAETN Y peyaAdtepo Oelypa,
dedopévou tou TANBoLE TV HETABANTOV Kol TO HIKPO TTOCOOTO TIOV AVTIOTOLXEl 0N Hix KAGoT). Xe
auTt TV mepintwon Ba pmopovoe va peAetnBel évag evaOAAOKTIKOG eEEAEYKTIKOG aAyoplBpog, e
HIKPOTEPO VLTMOAOYIOTIKO KOOTOG. Edv elvan amoteAeopatikdg pmopel va g&dyel mopamave
TIANPOQOPi OO GAAX HOVTEAX KO VO TIPOOQEPEL ELENEIX TNV TTOPAHETpOTIOINOT.

Eva akopo Koppat mov B a&ile va pehetnOet, eivon n emidpaon TV XapoKTNPIOTIK®OV KAl OV O
BaBog xpovou peTafGAAETOL LT | CLOYXETION WG TIPOG TNV amoywpnor. Emiong, Ba pmopovoe va
peAetnOel, TENKAE O€ TL TOCOOTO XPNOHOMOLEITHL OO TNV EMYEIPNON N TANPOPOpia IOV EEAYETAL.
KAeivovtag, pe mpooavatoAlopo 1o Koppdtt Tov business analytics Ba prmopotoe va a&lohoynbei oe
Tt BaBpo adlonoteitar opBE n yvmaon mov TPOKVITEL OMO TNV AVATITLEN TOV HOVIEA®V TIPOPAEYNG.
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Overview

Predictive modeling — the statistical process of “scoring”
and targeting customers for a marketing campaign — is a
significant database marketing tool and an important
component of a firm’s customer relationship management
(CRM) effort. The promise of predictive modeling is the
ability to predict what actions customers will take, thereby
allowing firms to target their marketing efforts more
effectively. One area of particular importance is customer
“churn,” in this case, customer voluntary churn, when
current customers decide to take their business elsewhere or
voluntarily terminate their service. Annual churn rates have
been reported to be in the 20% - 40% range for
telecommunication and other technology industries. This
puts a premium on developing models that accurately
predict which customers are most likely to churn, so
proactive steps (e.g. appropriate communication and
treatment programs) can be taken to prevent customers from
churning. The purpose of the Churn Modeling Tournament
is to learn which methods work best for predicting churn,
thereby enhancing our overall understanding of predictive
modeling.

The Teradata Center for Customer Relationship
Management at Duke University (the Center) will provide
data to those interested in participating in the tournament.
The data consist of calibration and validation samples of

customers from a major wireless telecommunications
company. The calibration sample includes observed churn
and a set of potential predictor variables. The two
validation samples include the same predictor variables, but
no churn variable. Participants will submit their predictions
of likelihood to churn. We will merge those predictions
with the actual churn records to evaluate predictive accuracy.
The entries with the best prediction records will be the
“winners.” Cash prizes will be awarded.

After the tournament is completed, we will conduct a “meta-
analysis” of the results. We will determine which particular
methodologies tend to work best and to what degree. We
will make these results available to the general public and
attempt to publish them in an academic, as well as a
practitioner, journal. While the authors of any resulting
paper will be the judges/organizers of the tournament, all
entrants will be listed and acknowledged.

In summary, the tournament provides modelers with (1) the
opportunity to gain recognition and win cash prizes, (2) the
opportunity to participate in a collective effort that will
enhance academic and practitioner knowledge of predictive
modeling, and (3) the opportunity to learn first-hand about
the challenges of predictive modeling in a particularly
relevant context - churn.

Industry Background

The Wireless Industry: During the last five years, the
wireless sector has been one of the fastest-growing
businesses in the economy. With a unique value proposition
— freedom and connectivity — the number of subscribers
doubled every two years during the 90’s. Wireless stocks
grew as fast as those of many dot-coms, start-ups emerged
everywhere, and IPO’s raised record amounts of money.
These events shaped the new telecommunications landscape
as we know it today. And there is promise for more
developments to come (Business Week 2002; Wireless News
Factor 2002):

e By 2003, 25% of all telephone minutes will be
accounted for by wireless services.

e By 2006, the US penetration in the wireless-voice
market is expected to hit 189 million subscribers,
while that of the wireless-data market is expected to
jump to 38 million subscribers.

e Of all wireless customers, 70% are using digital
networks that allow carriers to efficiently offer more
appealing services.

e Investment in network infrastructure has increased
by 17% and the number of cell sites increased by
22.3%, indicating a clear upward trend in US
coverage and quality.
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Industry Turmoil: Despite the vertiginous levels of growth
and promise, serious charges to industry profitability have
recently emerged: (a) Consolidation: From the nearly 60
cellular companies, virtually all of them are now bankrupt,
bought out, or struggling with heavy debts. Only six big

players now account for 80% of the wireless pie. (b) Growth:

Subscriber growth rates went from 50% yearly to 15% -
20% in 2002 and analysts predict a meager 10% growth rate
in 2003 (Business Week Online, 2002). (c) Competition:
As an obvious result (and to the consumer’s delight), firms
engaged in a devastating price war that not only eroded
revenue growth but also endangered their ability to meet
their titanic debts. (d) Customer Strategy: The industry
paradigm has arguably changed from one of “make big
networks, get customers” to “make new services, please
customers.” In short, the industry has moved from an
acquisition orientation to a retention orientation.

The Elusive Customer: Until now, firms have been able to
acquire customers without much effort. Demand for
wireless services has been such that if a customer decided to
drop his service and switch to another carrier, another new
customer was right behind him. The priority was to
maintain the customer acquisition rate high, often at the
expense of customer retention. But this situation has
changed. As the well of wireless subscribers has begun to
run dry, churn — the customer’s decision to end the
relationship and switch to another company — has become a
major concern. Last year the industry average churn rate
was 20% - 25% annually, which translates to approximately
2% churn per month. This means that companies lose 2%
of their customers every month. Third quarter, 2001,
statistics show annual churn rates in an even higher range,
28% - 46% annual churn.

Churn rates for major carriers - Q3 2001
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The reasons for the high level of churn are: (a) variety of
companies, (b) the similarity of their offerings, and (c) the
cheap prices of handsets. In fact, the biggest current barrier
to churn — the lack of phone number portability — is likely to
change in the short term. Companies are now beginning to
realize just how important customer retention is. In fact,
one study finds that “the top six US wireless carriers would
have saved $207 million if they had retained an additional
5% of customers open to incentives but who switched plans
in the past year” (Reuters 2002). Over the next five years,
the industry’s biggest marketing challenge will be to control
churn rates by identifying those customers who are most
likely to leave and taking appropriate steps to retain them.
The first step therefore is predicting churn likelihood at the
customer level.

Data Description

The data provided have generously been provided to the Center by a major wireless carrier. The data are organized into three
data files: Calibration, Current Score Data, and Future Score Data.

Calibration Current Score Data Future Score Data
Sample Size 100,000 51,306 100,462
# of Predictor Variables 171 171 171
Churn Indicator Yes No No

Customer ID | 1,000,001 — 1,100,000

The Calibration Data contain the “dependent variable” —
churn — as well as several potential predictors. The Current
and Future Score Data contain the predictors but not churn.
Participants in the tournament will therefore estimate
models on the calibration data and use these models to
predict for the Current and Future Score Data.

2,000,001 — 2,051,306 | 3,000,001 — 3,100,462

The “Data Documentation” spreadsheet provides detailed
descriptions of all the variables. The predictors include
three types of variables: behavioral data such as minutes of
use, revenue, handset equipment; company interaction data
such as customer calls into the customer service center, and
customer household demographics.




Customers were selected as follows: mature customers,
customers who were with the company for at least six
months, were sampled during July, September, November,
and December of 2001. For each customer, predictor
variables were calculated based on the previous four months.
Churn was then calculated based on whether the customer
left the company during the period 31-60 days after the
customer was originally sampled. The one-month treatment
lag between sampling and observed churn was for the
practical concern that in any application, a few weeks would
be needed to score the customer and implement any
proactive actions.

The actual percentage of customers who churn in a given
month is approximately 1.8%. However, churners were
over sampled when creating the Calibration sample to create
a roughly 50-50 split between churners and non-churners
(the exact number is 49,562 churners and 50,438 non-
churners). Over sampling was not undertaken in creating
the Current Score and Future Score validation samples.
This is to provide a more realistic predictive test. The
Current Score data contain a different set of customers from
the Calibration data, but selected at the same point in time.
The Future Score data contain a different set of customers
selected at a future point in time. One interesting aspect of
the tournament will be to investigate the accuracy for same-
period versus future predictive accuracy.

Prediction Criteria

We will calculate two measures of predictive accuracy for
each submitted data file — Top Decile Lift and Gini
Coefficient. Top Decile Lift measures whether the 10% of
customers predicted most likely to churn actually churn.
The Gini Coefficient measures predictive accuracy across
the entire set of customers, not just the top 10%.

Top Decile Lift: We will sort the customers in the
submitted file from predicted most likely to predicted least
likely to churn. We then will take the top 10% and calculate
the exact percentage that did in fact churn. To create an
index, we will divide by the average churn rate across all
customers. So for the Current Score Data, we will find the
churn rate among the 10% x 51,306 = 5131 customers
predicted most likely to churn'. Assume for example this
turns out to be 3.9%, and that the churn rate among all
customers in the Current Score Data turns out to be 1.80%.
Therefore, the Top Decile Lift would be 3.9/1.80 = 2.17, or
“2.17 to 17 lift.

Gini Coefficient:  The Gini Coefficient is used in
economics to measure phenomena such as income
inequality (Wolff 2002; Sydsaeter and Hammond 1995). In
database marketing, the Gini Coefficient works off the
“Cumulative Lift Curves,” shown in the figure to the right.

A Cumulative Lift Curve plots the top x% predicted
customers versus the percentage of churners accounted for
by these customers. For example, in the figure, the 10% of
customers predicted most likely to churn by Method B
account for 31.3% of all churners. The top 20% predicted
customers account for 62.5% of all churners. That is better
than random prediction (shown by the Cum Random line),
where the top 10% would account for 10% of churners, and
the top 20% would account for 20% of churners.

! Note the rounding. 10% of 51,306 is 5,130.6, which we round to 5131.
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Generally, the higher the lift curve, the better. That is, a
method predicts more accurately to the extent that the area
between its cumulative lift curve and the lift curve for
random prediction is large. In the figure, Method A is
obviously better than Method B.

The Gini Coefficient is the area between a method’s
cumulative lift curve and the random lift curve. Technically,
it should be calculated as an integral (Sydsaeter and
Hammond 1995) but we will approximate it by a numerical
measure (Alker 1965; Statistics.Com, 2002) since we have a
finite number of customers and no closed form formula for
the cumulative lift curve for a given method.




The formula we use is:

Gini = (3] S (vi =)
nji=1

where:
n = number of customers
v; = % of churners who have predicted probability
of churn equal to or higher than customer i.
V; = % of customers who have predicted

probability of churn equal to or higher than
customer i.

V; is the height of the method’s cumulative lift curve at the

i" most likely predicted-to-churn customer, and \31- is the

height of the random cumulative lift curve. The difference
provides the “length” for calculating the area between the
random and method prediction curves. The term I/n

approximates the “width” on the x-axis. The Gini
Coefficient sums these lengths-times-widths across
customers, providing an approximation to the area between
the method’s lift curve and the random lift curve. The
calculation is multiplied by “2” to ensure that the maximum
possible Gini Coefficient is 1. The Gini Coefficient for
Method A in Figure 3 is .84; the Gini for Method B is .69.
Random prediction will achieve a Gini of 0 (as seen in the

formula above since for random prediction, v; = v;) and

higher Gini will correspond to more separation between the
method’s lift curve and random, which means better
prediction.

Note that a method with a high first decile lift obviously has
a head start toward achieving a high Gini Coefficient. But
one method may do quite well on first decile lift but not
well thereafter, and another method that doesn’t do quite as
well in first decile lift may do better overall.

% Note while this is the theoretical maximum, a Gini Coefficient exactly
equal to 1 is possible with a finite data set only if there is only one churner
and that churner is ranked first.

Procedures

Eligibility: Any interested party is welcome to participate.
We anticipate receiving entries from four main groups:
academic faculty, students, model builders working in
industry, and software providers. Persons affiliated with the
Center are not eligible to win.

Request for Data: Data are available for downloading from
our website at http://faculty.fuqua.duke.edu/teradatacenter/
after the participant has registered. The data are in SAS
dataset (v. 8.0) or CSV format. The data can also be placed
on a CD and sent to the participant.

Requirements for Participation:  The following are
required for participating in the tournament:

1. The participant will submit predictions for both
the Current Score Data and the Future Score Data,
as well as for the Calibration Data.

2.  When submitting the predictions, the participant
will complete a brief questionnaire that asks
questions regarding the methodology.

3. The participant agrees to be interviewed if follow-
up clarifications on their method are needed”.

3 We understand that some entrants may be reluctant to discuss certain
details of their methodology due to confidentiality. We will make every
effort to ask reasonable questions in any follow-up.

4. The participant gives the Center permission to use
the materials submitted to the tournament in
resulting publications.

Submitting Predictions: The participant needs to create
three files, one each for the Calibration, Current Score, and
Future Score data. Each file will have two columns:

1. Customer ID: As stipulated in the original file.

2. Prediction: This can either be a rank order or a numeric
score. If a rank order, we will assume that a lower rank
order means more likely to churn (i.e., the customer
ranked “1” is more likely to churn than the one ranked
“2”, etc.). If a numeric score, we will assume that a
higher score means more likely to churn. In calculating
top decile lift, if there are ties in the scores, i.e. two
customers have the same score; the customer appearing
first will be counted ahead of the subsequent customer.

In summary, the submitted Calibration prediction file will
have 100,000 rows and 2 columns, the Current Score
prediction file will have 51,306 rows and 2 columns, and the
Future Score data will have 100,462 rows and 2 columns.
Winners will be determined based on the predictive
accuracy for the Current and Future Score Data, but we will
use the Calibration predictions to measure out-of-sample
prediction degradation.




Submissions can be uploaded onto the website under the
subsection “Submit Results” in the modeling tournament
section under the Current News & Events heading. The
Center will also accept submissions on CDs sent to the
Center address and addressed to “Churn Modeling
Tournament”. Please remember to include your username
on all materials.

Performance Feedback: Each entrant will receive his or
her prediction evaluation scores for feedback purposes and
so the entrant can compare with the statistics we will
calculate across all entrants. This feedback will be made
available after the tournament officially closes on January 1,
2003 and will be in the format of a scale from 1 — 10.

Time Frame: The time frame for the tournament is August
1, 2002 through January 1, 2003. We will accept requests
for data up to December 15, 2002, and will accept
predictions that are received by 5:00 PM EDT, January 1,
2003.

Governance: A governing board will monitor the process
of the tournament to assure its integrity and to award prizes.
Research assistants employed by the Teradata Center for
Customer Relationship Management at Duke will calculate

the predictive accuracy statistics as described above.
Following are the members of the governing board:

Prof. Scott Neslin (Director), Dartmouth College

Sanyin Siang, Teradata Center for Customer
Relationship Management at Duke

Prof. Sunil Gupta, Columbia University

Prof. Wagner Kamakura, Duke University

Dr. Junxiang Lu, Industry Consultant

Prof. Charlotte Mason, University of North Carolina

Frequently Asked Questions (FAQs): This description, the
data, and the variable descriptions are intended to provide
all information necessary for participating in the
tournament. However, questions are allowed regarding the
procedures, databases, and objectives. All questions and
responses will be posted as FAQs on the Teradata Center
website and any entrant can examine them.

Prizes: For each of the four predictions (Current Score Data
lift and Gini; Future Score Data lift and Gini), we will
award $2000 to the entrant who receives the highest
prediction score. It is possible for one entrant to win in each
of the four categories. In case of a tie, the prize will be sub-
divided. Prizes will be based on maximal scores. There
will be no statistical testing for significant differences, etc.

Teradata Center for Customer Relationship Management at Duke University

The Teradata Center for Customer Relationship Management at Duke University advances the field of CRM through research
and learning. Although various organizations exist internationally for studying CRM, the Center leverages the intellectual
resources of a leading academic institution and business partnership to merge theory and practical business experience. The
Center’s overarching goal is to prioritize, facilitate and disseminate academic research and curriculum design aimed at
advancing the field of CRM. It currently funds global CRM research, produces case studies and papers, develops curricula
and provides data sets for use by other institutions and industry. The findings and offerings may influence the way

corporations, students and academics view marketing.

The Center gratefully acknowledges the contributions of Emilio del Rio and Michael Kurima, who provided invaluable
research assistance and data analysis in the development and organization of the tournament.
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Interval Variables Explanation

ADJIMOU Billing adjusted total minutes of use over the life of the customer
ADJIQTY Billing adjusted total number of calls over the life of the customer
ADIREV Billing adjusted total revenue over the life of the customer
ATTEMPT MEAN Mean number of attempted calls
ATTEMPT_RANGE Range of number of attempted calls
AVGIMOU Average monthly minutes of use over the previous three months
AVGIQTY Average monthly number of calls over the previous three months
AVG3IREV Average monthly revenue over the previous three months
AVGEMOU Average monthly minutes of use over the previous six months
AVGEQTY Average monthly number of calls over the previous six months
AVGEREV Average monthly revenue over the previous six months
AVGMOU Average monthly minutes of use over the life of the customer
AVGOTY Average monthly number of calls over the life of the customer
AVGREV Average monthly revenue over the life of the customer
BLCK_DAT MEAM Mean number of blocked (failed) data calls
BLCK_DAT RANGE Range of number of blocked (failed) data calls
BLCK_VCE_MEAMN Mean number of blocked (failed) voice calls
BLCK_VWCE_RANGE Range of number of blocked (failed) voice calls
CALLFWDN_MEAM Mean number of call forwarding calls
CALLFWDVW_RANGE Range of number of call forwarding calls
CALLWAIT_MEAN Mean number of call waiting calls
CALLWAIT_RANGE Range of number of call waiting calls
CC_MOU_MEAM Mean unrounded minutes of use of customer care (see CUSTCARE_MEAN) calls
CC_MOU_RANGE Range of unrounded minutes of use of customer care calls
CCRMDMOU MEAN Mean rounded minutes of use of customer care calls
CCRNDMOU_RAMNGE Range of rounded minutes of use of customer care calls
CHANGE_MOU Percentage change in monthly minutes of use vs previous three month average
CHANGE_REW Percentage change in monthly revenue vs previous three month average
COMP_DAT_MEAN Mean number of completed data calls
COMP_DAT_RANGE Range of number of completed data calls
COMP_VCE_MEAN Mean number of completed voice calls
COMP_VWCE_RANGE Range of number of completed voice calls
COMPLETE MEAN Mean number of completed calls
COMPLETE_RANGE Range of number of completed calls
CUSTCARE_MEAM Mean number of customer care calls
CUSTCARE_RAMNGE Range of number of customer care calls
DA_MEAM Mean number of directory assisted calls
DA_RANGE Range of number of directory assisted calls
DATOVE_MEAM Mean revenue of data overage
DATOVR_RAMGE Range of revenue of data overage
DROP_EBLK_MEAN Mean number of dropped or blocked calls
DROP_BLK_RANGE Range of number of dropped or blocked calls
DROP_DAT_MEAM Mean number of dropped (failed) data calls
DROP_DAT_RANGE Range of number of dropped (failed) data calls
DROP_VCE_MEAN Mean number of dropped (failed) voice calls
DROP_WCE_RANGE Range of number of dropped (failed) voice calls
EQPDAYS Mumber of days (age) of current equipment
INOMNEMIN_MEAM Mean number of inbound calls less than one minute
INOMEMIN_RAMGE Range of number of inbound calls less than one minute
WYLIS VCE_MEAM Mean number of inbound wireless to wireless voice calls
IWYLIS_WVCE_RANGE Range of number of inbound wireless to wireless voice calls
MOMNTHS Total number of months in service
MOU _CDAT_ MEAN Mean unrounded minutes of use of completed data calls
MOU_CDAT_RANGE Range of unrounded minutes of use of completed data calls
MOU_CVCE_MEAN Mean unrounded minutes of use of completed voice calls
MOU_CWCE_RANGE Range of unrounded minutes of use of completed voice calls
MOU_MEAMN Mean number of monthly minutes of use
MOU_OPKD MEAN Mean unrounded minutes of use of off-peak data calls
MOU_OPKD _RANGE Range of unrounded minutes of use of off-peak data calls
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MOU_OPKV_MEAN
MOU_OPKV_RANGE
MOU_PEAD_MEAN
MOU_PEAD_RANGE
MOU_PEAV_MEAN
MOU_PEAV_RANGE
MOU_RANGE
MOU_RVCE_MEAN
MOU_RVCE_RANGE

Mean unrounded minutes of use of off-peak voice calls
Range of unrounded minutes of use of off-peak voice calls
Mean unrounded minutes of use of peak data calls

Range of unrounded minutes of use of peak data calls
Mean unrounded minutes of use of peak voice calls
Range of unrounded minutes of use of peak voice calls
Range of number of minutes of use

Mean unrounded minutes of use of received voice calls
Range of unrounded minutes of use of received voice calls

MOUIWYLISV_MEAN
MOUIWYLISV_RANGE
MOUOWYLISV_MEAN

MOUOWYLISV_RANGE
OWYLIS_VCE_MEAN
OWYLIS_VCE_RANGE

Mean unrounded minutes of use of inbound wireless to wireless voice calls
Range of unrounded minutes of use of inbound wireless to wireless voice calls
Mean unrounded minutes of use of outbound wireless to wireless voice calls
Range of unrounded minutes of use of outbound wireless to wireless voice calls
Mean number of outbound wireless to wireless voice calls

Range of number of outbound wireless to wireless voice calls

OPK_DAT_MEAN
OPK_DAT_RANGE
OPK_VCE_MEAN
OPK_VCE_RANGE
OVRMOU MEAN
OVRMOU RANGE
OVRREV_MEAN
OVRREV_RANGE
PEAK_DAT_MEAN
PEAK_DAT_RANGE
PEAK_VCE_MEAN
PEAK_VCE_RANGE
PLCD_DAT_MEAN
PLCD_DAT_RANGE
PLCD_VCE_MEAN
PLCD VCE_RANGE
RECV_SMS_MEAN
RECV_SMS_RANGE
RECV_VCE_MEAN
RECV_VCE_RANGE
RETDAYS
REV_MEAN
REV_RANGE
RMCALLS
RMMOU
RMREV
ROAM_MEAN
ROAM_RANGE
THREEWAY MEAN
THREEWAY RANGE
TOTCALLS
TOTMOU
TOTMRC_MEAN
TOTMRC_RANGE
TOTREV
UNAN_DAT MEAN
UNAN_DAT RANGE
UNAN_VCE_MEAN
UNAN_VCE_RANGE
VCEOVR_MEAN
VCEOVR_RANGE

Mean number of off-peak data calls

Range of number of off-peak data calls

Mean number of off-peak voice calls

Range of number of off-peak voice calls

Mean overage minutes of use

Range of overage minutes of use

Mean overage revenue

Range of overage revenue

Mean number of peak data calls

Range of number of peak data calls

Mean number of inbound and outbound peak voice calls
Range of number of inbound and outbound peak voice calls
Mean number of attempted data calls placed
Range of number of attempted data calls placed
Mean number of attempted voice calls placed
Range of number of attempted voice calls placed
Mean number of received SMS calls

Range of number of received SMS calls

Mean number of received voice calls

Range of number of received voice calls

Mumber of days since last retention call

Mean monthly revenue (charge amount)

Range of revenue (charge amount)

Total number of roaming calls

Total minutes of use of roaming calls

Total revenue of roaming calls

Mean number of roaming calls

Range of number of roaming calls

Mean number of three way calls

Range of number of three way calls

Total number of calls over the life of the customer
Total minutes of use over the life of the customer
Mean total monthly recurring charge

Range of total monthly recurring charge

Total revenue

Mean number of unanswered data calls

Range of number of unanswered data calls

Mean number of unanswered voice calls

Range of number of unanswered voice calls
Mean revenue of voice overage

Range of revenue of voice overage



Appendix

ADJIMOU Billings adjustments include any corrections to customer billing. including reimbursement for dropped calls, etc.
Return
ATTEMPT_MEAN PLCD_DAT_MEAN + PLCD_VCE_MEAN
Return Lines 108 + 110

Attempted number of calls is equal to the sum of placed data calls and placed voice calls.

CCRNDMOU_MEAN Rounded minutes refers to minutes rounded to the nearest whole minute, either rounding up (31 - 59 seconds) or rounding down (1 - 30 seconds).
Return The minimum number of minutes of any single call is one minute. The value of 0 represents no calls were made.

COMPLETE_MEAN COMP_DAT_MEAN + COMP_WCE_MEAN
Return Lines 40 + 42

Completed number of calls is equal to the sum of completed data calls and completed voice calls.

CUSTCARE_MEAN Customer care calls include any inbound calls to the company regarding complaints, disputes or questions (IVR Interactive Voice Response calls included).
Return
DATOVR_MEAN Overage represents calls or minutes of use over the number of minutes allowed by that customer's calling plan.
Return

DROP_BLK_MEAN BLCK_DAT_MEAN + BLCK_VCE_MEAN + DROP_DAT_MEAN + DROP_VCE_MEAN



Class Variables

ACTWVSUBS
ADULTS

AGEL

AGE2
AREA
ASL_FLAG
CAR BUY
CARTYPE
CHILDREN
CHURN
CRCLSCOD
CREDITCD
CRTCOUNT
CSA
CUSTOMER._ID
DIV_TYPE
DUALBAND
DWLLSIZE
DWLLTYPE
EDUC1
ETHNIC
FORGNTVL
HND_PRICE
HHSTATIN
HND WEBCAP
INCOME
INFOBASE
KIDD_2
KID3 5
KIDG_10
KID11_15
KID16_17
LAST SWAP
LOR
MAILFLAG
MAILORDR
MAILRESP
MARITAL
MODELS
MTRCYCLE
NEW_CELL
NUMBCARS
occu1l
OWMNRENT
PCOWNER
PHONES
PRE_HND_PRICE
PRIZM_SOCIAL_OMNE
PROPTYPE
REF_QTY
REFURE_NEW
RV
SOLFLAG
TOT_ACPT
TOT_RET
TRUCK
UNIQSUBS
WRKWOMAN

MOIOTIKEZ

Explanation

Mumber of active subscribers in household
Mumber of adults in household

Age of first household member

Age of second household member
Geographic area

Account spending limit

Mew or used car buyer

Dominant vehicle lifestyle

Children present in household

Instance of churn between 31-60 days after observation date
Credit class code

Credit card indicator

Adjustments made to credit rating of individual
Communications local service area
Unigue tournament specific customer 1D for scoring purposes
Division type code

Dualband

Dwelling size

Dwelling unit type

Education of first household member
Ethnicity roll-up code

Foreign travel dummy variable

Current handset price

Premier household status indicator
Handset web capability

Estimated income

InfoBase match

Child 0 - 2 years of age in household
Child 3 - 5 years of age in household
Child & - 10 years of age in household
Child 11 - 15 years of age in household
Child 16 - 17 years of age in household
Date of last phone swap

Length of residence

DMA: Do not mail flag

Mail crder buyer

Mail responder

Marital status

MNumber of models issued

Motorcycle indicator

Mew cell phone user

Known number of vehicles

Occupation of first household member
Home owner/renter status

PC owner dummy variable

Mumber of handsets issued

Previous handset price

Social group letter only

Property type detail

Total number of referrals

Handset: refurbished or new

R\ indicator

Infobase no phone solicitation flag
Total offers accepted from retention team
Total calls into retention team

Truck indicator

Mumber of unigue subscribers in the household
Working woman in household
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rev_Mean
mou_Mean
totmrc_Mean
da_Mean
ovimou_Mean
ovirev_Mean
vceovr Mean
datovr_Mean
rev_Range
totmrc_Range
da Range
ovimou_Range
ovirev_Range
vceovr Range
datovr Range
change _mou
drop _vce Mean
drop _dat Mean
blck vce Mean
blck_dat Mean
unan_vce Mean
unan_dat Mean
pled vce Mean
plcd_dat Mean
recv_vce Mean
comp_vce Mean
comp_dat Mean
custcare Mean
ccmdmou_Mean
cc_mou_Mean
inonemin_Mean
threeway Mean
mou_cvce Mean
mou_cdat Mean
mou_rvce Mean
owylis vce Mean
mouowylisv_Mean
iwylis vce Mean
mouiwylisv_Mean
peak vce Mean
peak dat Mean

A
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82

Me 124n v kAdon churn.

METABAHTH
mou_peav_Mean
mou_pead Mean
opk vce Mean
opk_dat_Mean
mou_opkv_Mean
mou_opkd Mean
drop _blk Mean
attempt_Mean
complete Mean
callwait Mean
blck vce Range
blck_dat Range
unan_vce Range
unan_dat Range
pled dat Range
recv_vce Range
comp_vce Range
comp_dat Range
custcare Range
ccmdmou_Range
cc_mou_Range
inonemin_Range
threeway Range
mou_cvce Range
mou_cdat Range
mou_rvce Range
owylis vce Range

mouowylisv_Range

iwylis vce Range
mouiwylisv_Range
peak dat Range
mou_peav_Range
mou_pead Range
opk vce Range
opk dat Range
mou_opkv_Range
mou_opkd Range
drop blk Range
complete Range
callwait Range
months

AJA
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

METABAHTH
unigsubs
actvsubs
crclscod
asl _flag
totcalls
totrev
adjrev
adjqty
avgmou
avgqty
avg3mou
avg3qty
avg3rev
avgbmou
avgbqty
avgbrev
REF _QTY
tot ret

tot acpt
div_type
area
dualband
refurb_new
hnd_price
phones
last swap
models
hnd webcap
marital
mailordr_mailresp
agel
age2
infobase
income
numbcars
ethnic

kid0 2
creditcd
car buy
retdays
egpdays



ATMNOTEAEZMATA AIAIQNIZMOY NMAPOXOY AEAOMENQN



Churn Modeling fo
Mobile Telecommunicatio

Winning the Duke/NCR Teradata Center for CRM Compet

N. Scott Cardell, Mikhail Golovnya, Dan Steinber
Salford Systems
http://www.salford-systems.com
June 2003

Copyright 2003, Salford Systems



The Churn Business Problem

e Churn represents the loss of an existing.customer to a competitor

e A prevalent problem in retail:
— Mobile phone services
— Home mortgage refinance
— Credit card
e Churn is a problem for any provider of a subscription service,or
recurring purchasable.
— Costs of customer acquisition and win-back can be high
— Much cheaper to invest in customer retention

— Difficult to recoup costs of customer acquisition unless customertis
retained for a minimum length of time

e Churn is especially important to mobile phone service providers
— easy for a subscriber to switch services.
— Phone number portability will remove last important obstacle
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Churn aCore CRM issue

e The core CRMissues include:
— Customer acquisition
— Customer retention
— Cross-sell/Up Sell
— Maximizing Lifetime Customer Value
e Churn can be combated by
— Acquiring more loyal customers initially
— Taking preventative measures with existing customers
— Identifying customers most likely to defect
o oOffering incentives to those customers you want to keep

e All CRM management needs to take churn into account

Copyright 2003, Salford Systems
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Predicting Churn:Key to a Protective Strategy

e Predictive modeling can assist churn. management
— by tagging customers most likely to churn

e High risk customers should first be sorted by profitability

e Campaign targeted to the most profitable at-risk customers

— Typical retention campaigns include:
e Incentives such as price breaks
e Special services available only to select customers

e To be cost effective retention campaigns must be targeted to
the right customers
— Customers who would probably leave without the incentive
— Costly to offer incentives to those who would stay regardless

Copyright 2003, Salford Systems
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Duke/NCR Teradata 2003 Tournament

e The CRM Center sought to identify
In a real world context

e Solicited a major wireless telco to provide customer
level data for an international modeling competition.

e Data suitable for churn modeling and prediction
e Competition was opened Aug 1, 2002 to all interested

participants.

— Publicized in a variety of data mining web sites, mailing lists,
and SIGs (special interest groups)

— Participants were given until January 10, 2003 to submit their
predictions

Copyright 2003, Salford Systems
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Nature of the Data and Challenge

e Data were provided for 100,000 custemers with at least 6
months of service history

— One summary record per mobile phone account
— Stratified into equal numbers of churners and non-churners
e Historical information provided in the form of
— Type and price of current handset
— Date of last handset change/upgrade
— Total revenue (expenditure)
e Broken down into recurring charges and non-recurring charges
— Call behavior statistics (type, number, duration, totals, etc.)
— Demographic and geographical information,

e including familiar Acxiom style direct mail and marketing variables
e Census-derived neighborhood summaries.

© ight 2003, Salford Systems
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Accounts by Months of Service

Months of Service

O g K o
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Time Structure of Data

e Data in the form of a “snapshot” of customer at a
specific point in time
— Month of data capture was one of:
— July, September, November, December, 2001
e Historical data referred to
— Current period (current plus prior 3 months)
— Prior 3 months, prior 6 months
— Lifetime (at least 6 months, as much as 5 years)
e Forecast Period
— Churn or not in period 31-60 days after “snapshot”

Copyright 2003, Salford Systems
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Time Shape of the Data

Current Month Forecast
sample Point hanth

3 month Averages
b month Averages

Lifetime Averages

e Data were captured for an account at a specific point in time

e From the perspective of that time retrospective summaries were
computed

e Churn models were evaluated on forecast accuracy for the period
31 60 days

e To reflect data from different calendar months accounts were
captured in July, September, November, December, 2001

e Which month arecord was captured in was not available to the
modelers
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Jrain vs. “Test”
Churn Distribution

Churn Distribution

[ stay l Churn

Care required when forecasting from Train to Test data

Copyright 2003, Salford Systems
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Nature of Call Behavior Data

e Summary statistics describing number, duration, etc. of:
— completed calls
— failed calls
— voice calls
— data calls
— call forwarding
— customer care calls
— directory info
e Statistics included mean and range for
e Current period
e Preceding 3 months,

e Preceding 6 months
o lifetime.

Copyright 2003, Salford Systems



Evaluation Data

e Models were evaluated by performance on two different groups
of accounts

— “Current” data
e Unseen accounts also drawn from July thru December 2001

— “Future” data
e Unseen accounts drawn from first half of 2002
e Evaluation on “current” datais the norm
— Arranged by holding back some data for this purpose
e “Future” datais a more realistic and stringent test
— Data used to test comes from a later time period
— Markets, processes, behaviors change over time

— Models tend to degrade over time due to changes in customer base
and changes in offers by competitors, technology, etc.

e Model for best future performance may not be best for current
performance, and vice verca

Copyright 2003, Salford Systems
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Modeling Observations

e Competition defined a sharply defined task:

— churn within a specific window for existing customers of a
minimum duration.

— Objective was to predict probability of loss of a customer 30-
60 days into the future.

e Challenge was defined in a way to avoid
complications of censoring
— Censored data could require survival analysis models.
e Each customer history was already summarized.
— Only a modest amount of data prep required

— No access to the raw data was provided so new summary
construction was not possible

e Data quality was good
— Perhaps because derived largely from operational database
e Majority of effort could be devoted to modeling

Copyright 2003, Salford Systems
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Model Evaluation

e Liftin top decile

— Fraction of churners actually captured among the 10% “most likely
to churn” as rated by the model

e Overall model performance as measured by the Gini coefficient
— Area under the gains curve as illustrated on following slides

e Measures calculated for two different time periods
— “Current” (June thru December 2001)
— “Future” (First quarter 2002)

Two measures calculated on each of two time periods yields 4
performance indicators in total

e Salford models were best in all four categories

Copyright 2003, Salford Systems
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Gains Chart: TreeNet vs Other

— random — simple model — TreeNet




Top Decile Lift and Ginl

— andom — simple model — TreeNet

Copyright 2003, Salford Systems

e To produce the gains chart

we order the data by the
probability of event (churn)

We plot the %target class
captured as we move
deeper into the ardered. file

In the example at left we
capture 30% of churners in
the top 10% of accounts
and 70% in top 40% of
accounts

Models can also be
evaluated by the “area
under the curve” or Gini
coefficient
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Comparative Model Results:
Top Declle Lift

Future Data Current data

Number of Accounts 100,000 51,036

Number Churning 1,808 924
Top decile capture

Salford entry SYAS 278

2"d pbest model 506 253

Average of models 387 193
Salford Advantage

Over runner up 3.8% 9:9%

Over average 35.7% 44.0%
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Comparative Model Results:
Overall Model Performance (Gini)

Future Data Current data
Number of Accounts 100,000 51,036
Number Churning 1,808 924
Gini Coefficient

Salford entry 409 400

2"d best model 370 361

Average of models .269 261
Salford Advantage

Over runner up 10.5% 10:8%

Over average 52.0% 53.2%

Copyright 2003, Salford Systems
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Comparative Model Results

Data Set Measure TreeNet Sinqle‘“TreeNet 2nd Best | Avg. (Std)
Ensemble
Current Top Decile Lift 2.90 2.88 2.80 2.14 (.536)
Current Gini 409 403 370
Future Top Decile Lift 3.01 2.99 2.74
Future Gini 400 403 361

Copyright 2003, Salford Systems




Model-Observations

e Single TreeNet model always better than-2nd best entry in field.

e Ensemble of TreeNets slightly better than a single TreeNet 3 out of 4
times.

e TreeNet entries substantially better than the average.

e Minimal benefits from data preprocessing above and beyond that
already embodied in the account summaries

e Virtually no manual, judgmental, or model guided variable selection
— We let TreeNet do all the work of variable selection

Copyright 2003, Salford Systems
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Business Benefits of TreeNet Model

e In broad telecommunications markets the added accuracy and
lift of TreeNet should yield substantially.increased revenue

e For each 5 million customers over a one year period our models
could capture as many as 20,000 more churnaccounts in top
decile

e Average revenue per month per account is $58.69.and $704 per
year

e A customer retention rate of 15% should yield over $2'million
per year in added revenue from the top decile alone

e The larger mobile telcos in the US and Europe have huge
customer bases. Sprint PCS boasts 50 million accounts, sa for
Sprint the benefits could show in the vicinity of $20 million per
year in added revenue.
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Data Preparation

e A minimal amount of data preprocessing was
undertaken to repair and extend original data.

e Some missing values could be recoded to “0.”
e Select non- nssing values were recoded to.missing.

e Experiments with missing value handling were
conducted, including the addition of missing value
Indicators to the data.

— CART imputation

— “All missings together” strategies in decision trees
e Missings in a separate node
e Missings go with non-missing high values
e Missings go with non-missing low values

Copyright 2003, Salford Systems
G A Slide 22



Modeling Tool of Choice:

TreeNet™ Stochastic Gradient Boosting

e TreeNet was key to winning the tournament.

— Provided much greater accuracy and top decile lift than any other
modeling method we tried.

e A new technology, different than standard boosting, developed
by Stanford University Professor Jerome Friedman.

e Based on the CART® decision tree and thus inherits these
characteristics:

— Automatic feature selection

— Invariant with respect to order-preserving transforms of predictors
— Immune to outliers

— Built-in methods for handling missing values

Copyright 2003, Salford Systems
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How TreeNet Works

e Goal is to model atarget variable Y as-a function of the data X
. Y = F(X)

e \We make this nonparametric by expressing the function as a series
expansion

F(X)=Fy+BT(X)+B,T,(X)+...+ B, T, (X)

e Expansion is developed one stage at atime
— Each stage is a new learning cycle starting again using “all” the data
— Atermis learned once and never updated thereafter

e Each term of the series will typically be a small decision tree
— As few as 2 nodes, typically 4 to 6 nodes, occasionally more

e Fit obtained by optimizing an objective function
— e.g: likelihood function or sum of squared errors.

Copyright 2003, Salford Systems
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TreeNet Mechanics

e Stagewise function approximation in which each stage models
transformed target ( e.g. residuals) from last step model

— Each stage uses a very small tree, as small.as 2 nodes and
typically in the range of 4-9 nodes

— Each stage is intended to learn only a little
e Each stage learns from a fraction of the available training data,
typically less than 50% to start
— Slow learning intended to protect against overfitting
— Data fraction used often falls to 20% or less by the last stag

e Each stage updates model only a little: severely downweighted
contribution of each new tree (learning rate is typically 0.10,
even 0.01 or less)

e In classification, focus is on points near decision boundary;
Ignores points far away from boundary even if the points arelon
the wrong side

Copyright 2003, Salford Systems
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Decision Boundary: 2 predictors

Copyright 2003, Salford Systems

e Red dots represent

YES (+1)

Green dots
represent NO (-1)

Black curve isythe
current stage
decision boundary

TreeNet will not
use data points
too far from
boundary to learn
model update
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TreeNet Objective Functions

e [or categorical targets (classificatio
— binary classification
— multinomial classification
— Logistic regression

e [or continuous targets (regression)
— least-squares regression
— least-absolute-deviation regression
— M-regression (Huber loss function)

e Other objective functions are possible and will be added
future
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Simple TreeNet Example

e First two stages of aregression model
— Each stage below is a 2 node tree

-5.291 otherwise

Copyright 2003, Salford Syst
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TreeNet Model-with Three-Node Trees

yes
LSTAT<14.3<
Yes
MV = 22.5 + RM<6.8 < +

yes

yes
RM<6.8 < CRIM<8.2. <

yes yes
RM<7.4 < +LSTAT>5.1 <

Each tree has three termina nodes, thus partitioning data at each
stage into three segments

Copyright 2003, Salford Systems
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if TOTMRC_MEAN_LOW < 38.0062

then goto T-Node 1
else goto Node 4

T-Node 1
response = -0.00547216

if MONTHS < 105
then goto Node 3
else goto Node 5

if REV_RANGE_LOW < 48.165
then goto T-Node 2

else goto T-Node 3

T-Node 2

T-Node 4
response = -0.003316%4

et churn model first tree

if EQPDAYS < 304.5
then goto Node 2
else goto Node 7

if RETDAYS < 381
then goto TO_7
else goto Node 8

T-Node 7
response =-0.00143574

if RETDAYS < 479.5
then goto T-Node 4
else goto Node 6

if MOU_MEAN_LOW < 0.125
then goto T-Node 8
else goto T-Node 9

T-Node 9
response = -0.00382699

T-Node 8
response = 0.00123443

if HND_PRICE_AVG < 100.933
then goto T-Node 5
else goto T-Node 6

T-Node 5

response = -0.00997009

Copyright 2003, Salford Systems

T-Node 3
response = -0.00685312

T-Node 6
response = -0.00771369

response = -0.00509914



Treenet n model second tree

if REFURB_NEW in (-5)
thengoto N1 3
else if REFURB_NEW in (-9)
thengoto T1 4

if RETDAYS < 562 T-Node 4
then goto N1 4 response = 0.000424834
elsegoto T1 3

if MONTHS < 105 T-Node 3
thengoto T1 1 response =-0.00335246
else goto T1 2

T-Node 1 T-Node 2

response =-0.00229145 response = 0.000244265
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if EQPDAYS < 2935
then goto N1 2
else goto N1 5

if RETDAYS < 394.5
thengoto T1 5
else goto N1_6

T-Node 5 if MOU_MEAN_LOW < 0.875
response = 0.00298261 then goto T1 6
else goto N1_7

T-Node 6 if CHANGE_MOU_LOW <-131.625
response = 0.00530493 thengoto T1 7
else goto N1 8

T-Node 7 if MOU_CVCE_MEAN < 229.403
response = 0.0024237 thengoto T1 8
else goto T1 9

T-Node 9
response = 0.00073118



TreeNet Objective Function for Churn :
Logistic Log-Likelihood LL

L = log(L+ e i)

e The dependent variable, y, is coded (-1, +1)

e The target function, F(x), is /2 the log-odds ratio.

e F,isinitialized to the log odds on the full training data set.
— equivalent to fitting data to a constant.

F (X)=1logl:

0 -y

Copyright 2003, Salford Systems
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Patient Learning Strategy:
Key to TreeNet Success

e Do not use all training data in any ene iteration.
— Randomly sample from training data (we used-a 50% sample).
e Compute log-likelihood gradient for each observation.

e Build a K-node tree to predict G(y;, x;).
— K=9 gave the best cross-validated results.

— Important that trees be much smaller than the size of an optimal
single CART tree.

Copyright 2003, Salford Systems
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Gradient Optimization

o Let

)\(ZﬂG(y X))

e Select the valueof m<T that produces the best fit to the test data.

(%)= Fm(x)injﬂmnl(x Oo,,)
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Newton-Raphson Step

e Compute ), a single Newton-Raphson step for £,

e Use only asmall fraction, p of Y. (B = £PVor):
e Apply the update formula

Fra(X) = Fm(&)+;ﬁmnl(>ﬁ 0®,,)
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Learning Rates, Step Size, N Trees

e p Is called the learning rate, T is thernumber of trees grown.

The product oT is the total learning.

— Holding pT constant, smaller pusually improves model fit to test
data, but can require many trees.

e Reducing the learning rate tends to slowly increase the optimal
amount of total learning.

Very low learning rates can require many trees.

Our CHURN models used values of p from .01 to .001.
We used total learning of between 6 and 30.

Our optimal models contained about 3,000 trees
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The Salford CHURN Models

e All the models used to score the datafor the entries used 9-
node trees.

e Our final models used the following three combinations:
— (p=.001; T =6000; poT = 6);
— (p=.005; T =2500; pT =12.5);
— (p=.01;, T=3000; poT =30)
e One entry was a single TreeNet model
(p=.01; T =3000; pT = 30).

— In this range all models had almost identical results on test'data.

— The scores were highly correlated (r = .97).
— Within this range, a higher gI was the most important factor.
— For models with gT =6, the smaller the learning rate the better.
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TreeNet Results Screen

B (=183

Training data:
T arget wariable: CHURMN1 TreeSize: g  Last ree data fraction:| 04352054
Mumber of predictors: 287 Wieightz? Mo Trees growr: 2000
Impartant predictors: 213 Coztz? | Mo Trees optimal; | 2912

Lozz crtenor: Logistic Likelihood

F2912 [1.2556458]

Lo

kMumber of Trees

| Deviate Fizk. | S ample | Summary Bepart. ..
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Variable
CRCLSCOD$
AREAS$
ETHNICS$
EQPDAYS
RETDAYS
CHANGE_MOU
DWLLSIZE
MOU_MEAN
OCCU1s%
MONTHS
TOTMRC_RANGE
CSANODE
AVGQTY

AVGMOU
HND_PRICE

Copyright 2003, Salford Systems

Model Results:
Variable Importance

Description Score
Credit Rating Grade (A-2) 100.00 rrrsxkrkkrik|
Geographic Locale or Major City (19 lewvels) 85.67 |Fr¥rkrkrix |
Race/Origin (17 Lewels 51.91 x|
Age of current handset 46.39 [Frxex |
Days since last retention call 45.95 [ |
Recent Change in Monthly Minutes 37.51 | [F*** |
Number of Households at address 36.10| [***** |

Lifetime average minutes usage 35.40 |x***
Occupation (Blue/White, Self) (22 levels) 34.16 |F***
Length of senice to date 33.42 |***
Range of monthly recurring charges 31.38 |****
CSA condensed to 8 levels (CART nodes) 31.08 |x***
Avg monthly calls (lifetime) 26.35 |***
MOU_CVCE_MEAN Awg Monthly Minutes (completed wvoice) 24.02 |***

Awg Monthly Minutes (lifetime) 23.90 [+
Hand Set Price 23.43 |**
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Impact of Hand Set Age and
Time Since Retention Call

One Predictor Dependence For
CHURN1

) EQPDAYS

400 500 600 1000 1100

One Predictor Dependence For
CHURN1

1000 1200 1400
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Effect of Recent Change
In Minutes Usage

One Predictor Dependence For
CHURNL1L
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Effect of Tenure:
The One-year Spike

One Predictor Dependence For
CHURNL1L

MONTHS
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Prob of Churn vs Minutes

One Predictor Dependence For
CHURN1

Unconditional; other variables varying in typical fashion
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Interaction of Minutes and
Change-in Minutes

Two Variable Dependence for CHURN1; Slice CHANGE_MOU_LOW = -1675.891903119212
CHURN1

Partial Dependence

1000 2000 3000 4000 5000 6000 7000
MOU_MEAN_LOW

Two Variable Dependence for CHURNL1; Slice CHANGE_MOU_LOW = 938.72975814036613
CHURNL1

Partial Dependence

1000 2000 3000 4000 5000 6000 7000
MOU_MEAN_LOW
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