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ITgoAoyog

H EAMvikn yAoooa givar po yAoooa pe wotopio 40 kot tAov aidvov. Onwg yiveton
AVTUANTTO o TETOW TOPElRL GTO YPOVO EMNPEOCE Kl SUUOPPOCE TN YADGSO TNV
omoio. opAovpe kot onuepo, t Néo EAAnvikn T'Adooca. 'Etotr, pmopodue va
woyvpotovpe 0t N Néa EAAnvuan IMoooa givar éva kpapa dta@dpmv yYAOGGIKOV

CLOTATIKAOV OO OAEC TIC TEPLOOOVG TNG 10TOPIAG TNG.

Expetailevopevol Aoumov v avamOQeLKTN TOKIAOpopPia 1 omoio d1émetl T
Néa EAAnvikn I'uocoa tpootadnoape va kivnBodpe og dvo enineda : To mpdTo TV
N avanTLEN EVOG GLGTNUATOS TO 0010 Vo Umopel pe peyain axpipela va Kabopicet
Kot vo. taSivopnoel ta €10 tov AGYov TO. Omoio YPNOLUOTOOVVTOL GE €VO. GO
KkeWévov. To dehtepo Ntav péSH 68 v GLYKEKPIUEVO €100C AOYOL Vo UTOPECOVIE
eMioNg pe peyain axpifela va dtoaympicovpe Tovg cvyypoeeis (] oty TepinTmon Hog,
Tovg oA TéS ). Efva avtovonto 6t to dg0teEPO HEPOG TG epyaciog elval copdg mo
ATOLTNTIKO Kol SUGKOAO v OAOKANP®OEl omd TO0 TPAOTO Kot YU ovTd TOTEV® OTL M

épevva TAvm o€ avTdV ToV Topén Ba cuveNIoTEL.

Oocov agopd v doun avtg g epyocioc, 10 Kepdiato 1 avapépeton ota
YEVIKGL YOPOKTINPIOTIKA TTOL SEMOVV TNV OAN gpyacio Kabmg Kot TIG YpNOES Kot
EQOPLOYES OV pmopel va €xel, 10 Kepdiaro 2 ovopEPETOL GTO TPOYPOALLATE KOL TO
Aowmd epyaAeio TOL YPNGIULOTOMONKAY Yo TIG HETPNOELS Kot TNV enelepyacio TOvg,
10 Kepaiaio 3 peletdet Tic TpoomADEIES LOG Y10 TOV O WPIGHO TV ELODV TOV AOYOL
kol 0 Kepdiato 4 emkevipdVeTol GTNV MPOSTADELD S0 ®PIGUOD OMUANTOV Od
ypantd Keipeva. TErog, 10 Kepdiaro 5 cuyKevipadvel OAo T0. GUUTEPAGHLOTO Kot OIVEL
Kdmotleg Katevbivoelg v otig omoieg Oa umopovoe va Kwnbel oto péAloOV pia

EMEKTOON TNG EPYACIOG AVTNG.
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Kol koOnuepvy  ovumapdctacn tov, TV Ap.  ZtéAlo  MopkaviovaTov
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Kepdiaro 1 : T'evikd

KEDPAAAIO 1
I'ENIKA

1.1 Eroorywyyn

270 KEQAAOLO QLTO YIVETOL L0 EKTEVIG OVAPOPH GTOVG EMLOTNLOVIKOVG TOUEIG KOl TIG
EQOPUOYES OTIS Oomoieg efvar amapaitnTog 0 SY®PIGUOS £V TOL AOYOL KOl O
S ®PIGUOS  GLYYPAPE®V N OMIANTAOV. AVOQEPOVUE OVOAVLTIKG 7O  aKPBOG
xopoknpotikd g EAAnvikng I'Adocog eKUETOAAEVTNKAUE VIO VO ETLTUYOVUE TNV
Ta&VOUNGY] TOV KEWEVOV KOl TToleS avaAoyes mpoomdbeleg £xovv yivel v GAheg
yAwoaoeg. Téhog, yivetal ava@opd 6T GCOUATO KEWWLEVOV TOV YPNGLLOTO|CULE Y10l TIG

LETPNGELS LLOG.

1.2 Avel{ytyon ningopoprwdy (Information Retrieval)

H ta&wvounon pog cuALoyng KEWEVOV €101 MGTE 1) €DPECT] TOVG VAL YiveTal eOKoA
Kot ypryopa elvar o apketd OOOKOAN epyacio, OIw¢ otV TEPITTOON TOL

TEPLOCOTEPOL TOV EVOS YPNOTH TPOKELTAL VO YPT|GLLOTO|COVV T1] GLAAOYY| OVTH.

H napadocioxn pnébodog opydvoong keypnévov ko BipMov eivar n ta&vounon
TOVG 0€ Kotnyopieg ot omoieg éxovv mpoemdeyel. To Pacikd HEWOVEKTAUATO TNG
pnedddov avtng eitvar 0t 0 ypnotng Ba mpémer va efowkelwbel pe 10 cHoTUA
Ta&vounong — ovyva givar dSVOKOAO va Egx®PIcEL GE MO KATNYOPioL GVIKEL £Vl
Kelpevo — Kot OTL éva Kelpevo pmopel Aoyikd kol OoucHONTIKGA va ovikel o€
neplocoTEPEG amd o katnyopies. Mo Adom oto mpoPAnquota ovtd sivor m
dnpovpyia evog evpetnpiov (index) yio ™ cvAroyn kewévov. Ta gupetnplo cuvNIOmG
dNuovpyovvtor omd vITAAAA0LG o1 omoiot S Palovv Ta Keipeva Ko o apyelofeTovy
Kéto amd T1g avtiotolyeg kotnyopies. H yeipovoktikn onpiovpyia €vog gvpetnpiov
elvar o opketd dVoKOAN, fowg Papetn epyacia, n omola avtipetomilel Kot ToO

petovékTuo 0t Koaveig dev umopet va mpoPAréyel mowo akplPdg pmopel va eivar n
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HEALOVTIKY] YpNoN €VOG KEWWEVOL £TOL OOTE VO TO KOTATAEEL KAT® omd OAEG TIG
avOAOYEG KOTNYOPIEG. XVVETMS, 0ONYOVUACTE GTO GUUTEPACHO OTL OVTH Eivor pua
gpyocia 1 omola mpémer vao. ovtoparomomBel. Ouwg okdun kot 1 ovtdpot

dnpovpyia evdg gupetnpiov dev glvar kdTt €0KOAO va Yivet.

Ot akyopiBuor avalnmong mAnpogopuiwv Poaciloviar otig €vvoleg g
axpipelag (precision) ka1 ¢ avaxinong ntinpogopiag (recall) [Yan99]. H axpifeia
ota Keipeva ta omoia avevpédnoav petpdrol g o Adyog Tov aplfol TV GYETIKMV
pe to 0o avalnmong KeWEVOV TPOg ToV GLVOAKS apBud kewévov. H avarinon
TAnpogopias peTpdror ®G 0 AOYog ToL aplOUOL TOV CYETIKMV AVELPEDEVTOV KEWNEVOV
PO TOV aPOUd TOV GLVOMK®V GYETIKOV KeEWEVoV. Edv évag akydpBuog Bpioket
KGBe popd Ao ta keipeva g Paong tote €xel mocootd avakinong 100%, aAld
pupn akpifeta. Ot évvoleg g axpifelag Kot g ovaKkAnong minpogopiog eivor

GUVETIMG AVTIGTPOPM®S AVAAOYES.

Y& OpIoUEVEG epYACIEg M IKOVOTNTO AVTANONG TANPOPOPiag £xEl O10POPETIKO
avtikTumo OTIG évvoleg NG okpifelag kot g ovikAnong mAnpoeopiag. I
mopdoetypa, edv Kdmolog epyaletal mive og po ToviKY] vrobeon N o evpectTeyvia
tomg yperaletor va £yl GTNV KOTOYXN TOLV OAQ Ta Eyypopa pog Bdong Keywévov. Apa
TO TOGOGTO NG OVAKANGNG TANPOPOPIaG GE avTh TNV TEPimTon moilel oNUAVTIKO
poro. 'Evag dAhog xpnotg Oums iomg vo ovalntel ami®dg o, omdvtnon o€ KAmolo
ePOTNUE TOV. g AT TNV TEPIMTOON TO TPOTO Kelpevo mov Ba Ppebel iomg TOL

dmoel TV andvinon kot o ayvoneel OAa To vITOAOUTA.

Emumiéov, vmapyovv yopokplotikd Tov KEWEVEOV TO omoio {0 MG
odnynoovv oe AavOacpuévn avtinym ywoo to mdco oyeTikd elvar pe to Bépa mov
avalntape. o mopddetypa, vopkés 1 10Tpikés cLUPOVAEG Ol 0TToiEG KLKAOPOPOLV
elevbepa 010 internet, yopig va Exovv eleyyBel amd apuoOdIEG VINPEGiES, UTOPOHV Vo
nepExovy avakpifeleg N topamiavntikd otoryeio. Eniong, n mokaidtepn £kdoon evdg
BiPAriov 1 evig eyyepdiov pmopet va avoarpeitor TANPOS amd TG vedtepeg EKOOGELS
KOl GUVETMOG vaL UV pog evolapépetl. Tétotov eidovg mpofAnuata sivor moAd 6vckolo
va. mpoPAepBovv Kol 1owg advvaTov Vo, aVTIIHETOTIoTOVV. Emedn Aowmdv dev

UTOPOVUE VO PPOLUE KOl VO EQAPUOCOVUE €Vo. PETPO YLl TNV CYETIKOTNTO TOV
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KEWWEVOV, KOTOAYOVLE GTO CLUUTEPOCHO OTL KATOwo Keipeva pmopel va givor povo

UEPIKMOS CYETIKAL.

Yvvoyilovtog, mpémeL va. avapEPOLUE OTL eV 1 OKpiPfela Kol TO TOGOGTO
avdxkinong mAnpogopiog eivor mTOAD ypnoyleg €vvoleg yio TV OOKIUN KOU TNV
a&oAoynon tov adyopiBuwv avaltnong TANPoPopL®Y, 1N YPNCWOTNTE TOVS CE
TPAYUATIKG cvuoTtnpoTo Teivel va givor dvodidkpitn. Ot alyopiBuotl givor povo éva
UEPOS TOL CLGTHHATOG avalntnong mAnpoeopldv. O akpPrg TPOGIOPIGUIS NG
epyaciag mov BEAovpe va QEPOVLUE €1 TEPAG, Ol TPOTIUNGELS TOV YPNOTN, TO
YOPOKTNPIOTIKG KAOE KEWWEVOL, Ol TEPLOPICUOL GE YPOVO KOl KOOTOG Kol GALOL

mopdyovteg Tailovv onuavIikd poro otV a&loAdynon evog GLGTHLOTOG.

1.3 I'Toro etver to mpoBAnuc

Yto. cvotipato ovalntnong minpogopiwv (information retrieval systems) m oyéom
HETOED TOVL EPMTNUATOG TOV BETOVHE GTO GUGTNUO KOl TOV KEWEVOD TTOV avalnTaue
TpocdlopileTor Kupime amd tov aplfud Kot TNV cLYVOTNTO TWV 00 KOWVOU TOUG 0PV
[HG96]. Ta epyodeio mov ypnGUYLOTOOVHE CNHEPA Yol OvalATNON TANPOPOPLOV
evtog oG Paong kewwévov Paciloviol otnv EULPAVIOT] CUYKEKPIUEVOV OpOV GE Eva
keipevo. O gpeguvav glodystl Tovg OPoLS ToL avalnTel Kot AAUPAvEL OG OTAVTNOT Lo
Mota kewévov ta omoio. TEPEXOVV TOVS GLYKEKPIUEVOLS OpovLG 1] OTEVA
oxetilopevoug pe owtog dpovg [KBD98]. H péfodog auth Asttovpyel kokd péypt
evoc onueiov. Avtd eivor dtonoOnTKd Katavontd, LG Kot Yo tkavovg YpYoTeG Kot
v KaAd opiopéveg Baoelg kelpévav, ta amoteléopato Bo etvar amd péTpia £mg KoAd.
Opwg n péBodoc avt| moapovcualel Ko mpogoavy peovektiuato. H  ypnon
oLYVOTNTOV Op®V HOG OlVEL Lol YEVIKA QTOYY] OTEIKOVION TOV TEPLEYOUEVODL TOL
KEWEVOL Yo dVo kvpimg Adyovs. [lpadTov, yati 1o kébe keipevo €xel meprocdTEp
YOPOKTNPIOTIKE 0md G50 Umopel Vo ToL amod®aoetl pa Aiota Opwv (1diwg dv o1 Opot
avtol 0gv glval avTITPOSMTEVTIKOL) Kol dgvTEPOV Yol eivar cuvNB®G SVGKOAO Vi
TOVG YPNOTEG VO CNUEWOGOVY pe akpifela pio M meplocoTepeg AEEEIG-KAEWOD Ol

omoieg Ba Tovg ddcovv ta PEATIoTA amoTELEC AT,
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Ta keipeva dev dtapopomolovvtal HOVo ®g TPog 1o BEpa Tovg. Ot dtapopés oe
VO¢ (style) petadd keévav tov 16iov Bépatog eival cuyva to 1010 Katapaveig 6o
Kol Ol Jlpopég BEHOTOG HETOED KEWWEVOV SOQOPETIKOV Bepdtmv, aAld Tov 1010V
Veovg 1M eidovg [Kar96]. Ot dapopéc Hpovg pmopodv va opeilovtar o Evo amd Tovg
akolovBovg AOyovg : emdoyn A€EEmV, EMAOYN OCULVTOKTIK®OV doudv K.0.K. Ot
SPOPES AVTEC OQEIAOVTOL EITE GE TPOCOMIKEG TPOTIUNOCELS, €1TE GTO OTL TOL KEIUEVA
amevBivovTol 0 KATOL0 GLYKEKPIUEVO KOO, €ITE GTNV OVAYKT VTOPENS CLUVEYELNG
petald mopdpolwv Keévav. Qg HEog opilovpe TNV GLVETN KOl OKPLTH TACT Vo
YPNOLOTOOVUE KATOEG Omd TIS OvOTEP® YAMoowkés emoyéc [Kar99]. 'Evoag
YEVIKOTEPOG OPIOUOG TOL VPOVG Elvar 1 dtopopd peta&h 600 TPOTWV TEPLYPAPNS TOL
10100 TPAYUATOC. XVVETMG Ol S1oPOPES HETAED TV KEWEVOV — TOv Ogv givorl Kat’
apynv Bepatikéc — eivor dpopég Veovs. Duoikd, elivar addvato va dwaywpicovpe
TAMPOG TG Bepatikés dapopésg amd TIC VEOAOYIKEG dtapopés. Opiopéva Keipeva
mpémel M TElVvOLV va. EKPEPOVTAL GE GLYKEKPLUEVO VPOG @ vopka Béuata,
ONUOCIOYPAPIKA KeipeVa, TEYVIKY opoAoyia K.T.A. ['lo Tapdderypa, He SLOPOPETIKO
gldovg Adyov Ba meprypaget éva £ykAnpo amd o oKovooAodnpikY| epnuepida Kot pe
teheimg Sropopetikd €idog Adyov Ba cuvvtaybel n mowiky dikoypagio 1 omoio Oa

apopd o 1010 £yKAnua.

Oocov agopd Vv avalitnon TANPoeopL®dV, ival YEVIKE O EVOLOQEPOV Vi
LLEAETIGOVE TNV TEPITTMOON TOV SAPOPDV GE VPO GE GYEOT UE KEIUEVA TapPOUOI®V
Oepatikddv evotntov. Ot dapopéc ot omoieg Ba cupmAnpdcovy KaALTEPO TNV
avalfTnon TANPOPOPIOV GE KEIUEVA TOPOUOIOV OEUATIKOV EVOTHTOV dgvV €lval Ol
SPOoPEG HETAEL CLYYPUPEDY (1] OMANT®V), OVTE Ol JPOPES HETAED avTOHVOU®Y
KEWEVOV, OAAG Ol cLVEREIC, TPOPAEWIIES Kol EVAIAKPITES OLLPOPESG LETAED OHAd®V
KEWEVOV. XVVETMG To mepdpota to. omoio o mpaypatoromBodv OBa mpémel va
E0TIOOTOVV GE YOPOKTNPIOTIKA TOV KEWEVOV T 0oia pmopohv va. LeTpnBovv kot ta
omoio. 00MYOUV ©€ WETAPANTEG OV UITOPOVV va dlaywpicovy N vo Ta&vouncovy
keipeva. O okomdg eivon va Bpodue petafintég pécm tmv onoimv Ba pmopécovpie va.
KataAdBovpe TL VEOLS Eival TO VEO 1] AYVOOTO KEILEVO Kol GUVETAOS Vo TPOPAEYOLE

edv Ba evolapEPEL TOV YPNOTN 1] TOV AVOLYVAOOCTY.

‘Eva dg0tepo mpoOPAnua eivar to mpoPAnua g tagivounong keywévov. H

ta&vounor KeWWEVeOV ouvviotatal otnv omddoon GE o Katnyopio, €vioc oG
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JedOUEVIC LEpaPYIOg KATYOPLDV, TOV VEOEIGEPYOUEVOV KEILEVMV TTOL EPYOVTAL GTNV
kotoy] poag [DKM'98] kot pmopei vo ypnowomomBel yur vo vmootnpifel v
avaltnon N v e&oywyn TANPOEOPIOV KOODG Kol  TO QIATPAPIGUA KEWWEVOV.

[Mou96].

H yepovaxtikn tafivopunon keévov sivor pia doitepo domavnpn Kot
ypovoPopa dwdikacio. Idwitepo onuepa, ot avdykes g TavOUNoNg KEWWEVOV
&xovv avénbel dpapatikd, Adyw® Tov TAOVTOL TOV TNYOV KEWEVOV, OTTmG To Internet.
Emumiéov avtipetomiCoope k1 GAha mpoPAnuata, OTmMG Yoo mwopdderypo Ot €va
Kelpevo dev pmopel vo amodobel wg £vo S1VOGUA YOPAKTNPIOTIK®OV -0KOUN Kl €0V
YIVEL QDVTO TO YOPAKTIPIOTIKA TOV UITOPOVV VO, Eival Tapa TOALA- 1] OTL | TANpOPOpin
nov Ba pog odnynoel otn 6ot Ta&vounon Tov i6mg dev etvar gudtdkpirn 1 TEAOG
ot givar amolvto Quolohoyikd Yo €va kelpevo va mepiéyet Aabn (opbBoypapikd,
ouvtokTikd k.T.A.) [LT96]. Ola 1o mopomdve kavovv 710 TPOPANUO  TTOL

AVTILETOTILOVE 1010{TEPOL EVOLAPEPOV.

1.4 Xotgosernoeorica EAAnvirng IAwooug

H Néa EAMnvikn T'Aoooa, A0y ¢ adidAiewttng Topovsiog e Toug tedevtaiovg 40
awwveg €xel TpooAdfel otoryeion T omoia St povvTol akoue kot onuepa. Kamolo
and to otoryelo ta omoio. pmopovv va kabopicovv ce peydro Pabud 1o VEog ™G

YADGCGAG TOV YPNCLUOTOLEITOL TAPOVGLALOVTOL GTIG EMOUEVES TTAPOLYPAPOVG.

1.4.1 IToAvtomiex

‘Eva. tétolo otoyeio, 10 0molo EKUETOAAEVTNKOUE OTNV GUYKEKPIUEVT €pyaciol
[TMH00a] sivar 1 moAvtomia. Mg tov 0po molvtomior evvoovpue TV VTapEN TOAADY
SLLPOPETIK®V TOHMV Ol OTTO101 YPNGLUOTOIOVVTAL EVPEMS KO EXYOVV TNV 1010 oNpacio
N amodidovv 1o 610 vonua. ‘Eva mapddetypo epgdviong molvtomios divetar otnv

TOPOKATO TEPITTMON :

éfotav — Potav - falove (1.1)
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OOV KOl 01 TPELG OpOot ypNoiponoovvTal eVpémg ot Néa EAAnvikn Adooa. Emiong
TOAD GUYVE GUVAVTALE TO POVOUEVO OTL TOPATAVE® Omd pio AEEELS XPNOUYLOTOLOVVTOL

Y TV 10100 évvola, OTmG T.Y. :

DOwp — vepo, TPLaVvTapvAilo — podo (1.2)

H moivtomio otv EAAnvikn yAdoca evvonnke omd v vmapén g
KaBopevovoag n onola Ntov n enionun yAocsca tov EAAnvikov kpdtovg émg 1o 1979,
omote Ko avtikotaotddnke and v Anguoniky. H Néa EAAnviky 'looca, mapodtt
Bpioketow mo wovid otv Ayuotikn, €v toOTOG TEPLEXEL €vol peydAo aplBuod
Yopaxtnpotikewv ™ Kabapebovoas. TETow YOPAKTNPIOTIKO OTOVIOVIOL GE
JPopeTIKEG avoroyieg ot Oldpopa €101 Tov Adyov. ['evikd, ta €10m Tov Adyov 1O
omoio gpeaviouv éva mo emionuo VEO¢ (OTMG M. 0 aKAINUAIKOS AOYOS M M
vopoBesia) ¥pnotpomotohv Teplecdtepa YopakTnpLotikd ™ Kabopebovoas amd dtin
Aoyoteyvia 1 0 TPoPopikdc AOYos. [lpémer €0 vo toviotel OTL OPKETEG Ao TIg
YPOUUOTIKA 16000VOLEG AEKTIKEG HOVOOEG OAMOVIOVIOL OPKETE cvyvd otn Néa
EXMnvuien ThAdooa. Qoto6c60, emeldn pepkés amd avtég sivol yopaKTnploTikés evog
emionuov VEOVE M €VOG GVETIOMUOVL VPOVLS, M YPNON TOLG OGS QOVEPDOVEL TNV

TPOTIUNGON G€ EVOL GUYKEKPLUEVO YAWGGIKO 100G,

H ovykekpyévn epyacio ypnoiponotel 10660 HopPoAOyIKd OGO Kol dOUIKA
YOPUKTNPIOTIKA Y10l TNV OLTOUOTH KOTNYOPLOTOINoT KEWEVAOV. TNV TEPITTMON NG
Néag EAnvikng Mdocog, to ocOotnuo HOG EKUETOAAEVETOL TO QPOIVOUEVO TNG
rolvtomioc Omw¢ emiong kou TNV éviovo KMTIKR @von e yhdooag'. ‘Eto,
GLAAEYOLLE TANPOPOPIES YOl TIG PNUATIKES KATUANEELS, KAODS emiong Kot Yo SOUIKA
YOPOKTNPIOTIKA, OTmwg to pEYeBog twv Aéfewv kol Twv mpotdoewv. Oia ta

HLOPPOAOYIKA KOl SOUIKE YOPOKTNPIOTIKA GUYKEVIPDOVOVTOL GE £VOL 0PYEL0 OEOOUEVDV,

"H évtova ik oon g EAMvikig TAdooag sivat sudidkpien kKupimg ov T cuykpivovps pe GAAeg
YA®ooeg, 6mwg N Ayylikn. [ Topddetypo Kot avoeepopevol ota pripata, 1 EAAnvikr I'idooca €xet
Eexmprotég kataAngels yio kabe Tpocmmo Kot aptBpd (Kav -o, -€1G, -€1, -OVLE, -€TE, -0LV) o€ avTifeon
He o prpato TS AyyMKNAG TO OTolo —Kol G€ GUYKEKPLUEVOLS HOVO XPOVOLG- SL0POPOTOLOVY TIG
kataAngelg Toug povo oto Tpito mpdowno evikd (I/you do, he/she/it does, we/you/they do). Eriong, To
010 ovpPaiver kot ota ovslooTikd, 6mov oe avtiBeon pe v EAAnvikn I'hocca (drhoy —o, -ov, -o, -a, -
@V, -0) T0. OVGLOOTIKG 6TV AyyAikn dwapopomolody pdvo v katdinén tov minbuvtkov (horse —
horses). Axoun mo évtovn eivar 1 dwpopd ota emibeta, Omov eKTOC TV OOV ovaPEpOnKay
TPONYOLUEVMG, TO OyYALKA €tifeTo Srotnpodv TV 1010 popen kat ota Tpia Yév (KaAdS, KaAT, KaAd —
good).
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TOV 01010 OTNV GVVvEYELn ene&epyalONaoTe He oTATIOTIKEG HeBOdOVS KabBMS Kot pE TV

APNOT VELPOVIK®V OIKTOMV.

1.4.2 Agvroetg

H ypnon opiopévov apvntikev ALEewv (ovdeis, ovdémote, ovdauov, aven) NADOVEL
kaBopd (o mpotipmon v v KoaBapgvovoa, eved n ypnon GAlov (diywg, unte,
xwpic) etvan evdelTiky mpotipnong g Anpotikng. Ev tovtoic, ot mo ovyvd
YPNOLOTOIOVUEVEG apVNTIKEG AEEELS (Oyt, unv, dev) dev eival YOPAKTNPIOTIKEG TOV

evog 1 Tov dAlov gidovg [MTOO0].

15 Avdloyes mpoomalstes ot ovopPOQES O ETUITTHUOVINES
EQYUTIES.

[IpoomdBeteg avaroyeg pe T Ok pag €xovv yivel, kupiwg Yo v Ayylkr I'Adocoa.
Mo mapaderypa, o Adam Kilgariff emidéyet v péBodo ¢ HETPNONG TOV GLYVOTHTMOV
Tov AéEewv. Z1o dpbpo tov “Which words are characteristic of a text ? A survey of
statistical approaches” [Kil96] oavoapéper 0t o1 Aéfeic-kAedd elval 1dwaitepa
xpoweg oty mepintwon g ovalnmong mAnpogopdv. Ov AéEelg TiIc omoieg
avalntovpe &govv yevikd peyaAvtepn ofio oe 660 Mydtepa Keipeva kdvovv v
enpdavion tovc. 'Evag emumhéov Adyog 0 omoiog av&avel v onuavTikdTnto piog AEENG
oe éva kelpevo elvar o oplBuoc eppavicewv g oto keipevo avtd. Emiong,
HEAETMVTOG EVa KEILEVO, EIVOIL OIVOUEVOIEVO OTL €AV Lol AEEN £xEL 101 ELPOVIOTEL LI
Qopa ce 0oVTO, TOTE €ivar mOAD mMBAvVOTEPO Vo TNV EOVOGUVAVTICOVE GTO 1010

KEIUEVO, TTAPA AV PEXPL TOPO. EV £XEL EPPOVIOTEL KABOAOV.

e éva aAro apBpo tov [KRI8] o id1o¢ mpoomabel va avortvEer o péhodo
Yo TNV PETPNOT TG OUOOTNTOS HETOEL copdtov keévov. Emonuaiver BéPara ot
VILAPYOVV EYYEVH TPOPANUATO GTNV TPOOTAOELD VTN OTTMG T.). OTL TO ATOTEAECUATOL
&xovv peydin e&aptmon amd v avtiinyn tov kabevog. Avtd ovuPaivel yoo dvo

Kupiovg Adyovg : mpdTov, YTl Kaveig dev pmopel gvkoda va dwupdoel Eva peydro
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OOUO KEWEVAOV KOl VO TO GUYKPIVEL e KATO10 GAAO Kot OEVTEPOV YlaTL 1) CLYKPLION
TOAOTAOK®V KOl TOAVOLACTATMOV OVTIKEILEVOV 0V UTOpel vo OMGEL pid OmAn

OTAVTNGT GTO EPATNUA : “TTOCO OUOL Eivart TaL OVO AVTIKEILEVA ;7

H Ellen Riloff axoAovBel pio S10pOPETIKN TPOGEYYIOT) GTNV OVTLUETAOTICT] TOV
TPOPANUATOG. ZVYKEKPIUEVA, EPEVVA TO KOTE TOCO Ol TOAD ocvyva (Ko cvvinBmg
niKkpéc oe uéyebog) xpNOOTOIOVUEVEG AEEELG LTOPOVV VAL ETVOIL TEMKA YPTOLUES Ko
onpavtikés oty tasvopnon kewévov [Ril95]. To anotélecpa oto omoio KataAnyst
etval 0Tl -avTIBETMG e TO TL MOTEVOVV Ol TEPIGGOTEPOL- Ol AEEEIS OVTEG OVTMG
pumopovv va maiEovv kaBoploTikd pOLO GTO GLYKEKPUEVO £peuvnTIKO Touéa. 'ETot,
AeEelg Omwg ov mPobBécelg kol o1 apvNoELS, oAAG akoun kot 1 Vmapén evog
OVGCLACTIKOD GTOV EVIKO N TOV TANBLVTIKO aplOud, 1 eVOG PILLATOG GE JLOLPOPETIKOVG

YPOVOLG puopov va pog fondncovy SpaaTIKG GTNV KOTNYOPLOTTOiNoT KEWEVOV.

O Mehran Sahami gpoappoler tov odyopiOuo tov Multiple Cause Mixture
Model ywo. vo, dnpiovpynoet o dopr| TOAAATADY KATyopldv Ta&tvounong oe éva un
YopoKINPIoHEVO copa kelévov [SHS96]. O alyopiBuog avtdc péca and éva oTdolo
expadnong avev emifleync pmopel vo eKTIUNGEL 0€ Ol amd TIG Kotnyopieg Oa
KataAnEel éva veogioepydpevo keipevo. To Pacwkd petovéktnua g pebodov avtrg
elval n moAD pHeEYAAN LTOAOYIOTIKY] TOALTAOKOTNTO TOL aAyopifuov mov Kabotd

OTTOYOPEVTIKN TN YPNON TNG GE CLGTNLLOTA TPOAYLOTIKOD ¥PpOVoV (real time).

H Yiming Yang cvykpivel tpeig texvoroyieg avTOHATOV S0Y®PIGUOD KEWUEVOV

[Yan96].

i. “To taipraopa pe Baon AéEers” (word-matching), to onoio cvuvtapralet keipeva
oe kortnyopieg pe Paon TG Kowég AéEelg avdpeco ota keipeva Kol TIg
Katnyopieg. Baowkod petovéktnuo g pebodoov avtig eivar 0Tt edv T Kelpeva Ko
ot Katnyopieg dev €govv kamoleg Kovég AéEelc, TOTe dgv cuvtapldlovror akdun

Kot ov dtoncOntikd o Empeme.

. “To rtaipiaocuo pe Paon Aelikd cvveovOpmv” (thesaurus-based matching), to
omoio ypnoiponotel AektikoOg cuvdéopovg (lexical links) —KoTaoKELOCUEVOVG

YEPOVOKTIKA 1] OVTOUOTO €K TOV TPOTEPOV- YO VO GLGYETICEL Eva KElLEVO e
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TOL OVOHOTO 1] TIG TEPLYPUPIKES PPAGELS Hag Katnyopioc. Baowd pelovéktnua
elval 0Tl o1 AekTikol ovvoesuol givar cuvNB®G GTaTIKOL Kol OV HTOPOLV Vol
amodMooLV pe okpifela To vonua pog AéEng otav avtd efaptdTon amd To
ovpppalopeva. Emiong, ov 10 Aefikd ocvvovopmv elval KOTOGKELOGUEVO
YEPOVOKTIKG TOTE EYOVUE VO OVIIUETOTIGOVHE HEYOAO KOGTOG Kot YOUNAN

TPOGOPUOCTIKOTNTA GE OLLPOPETIKA £IOM TOV AOYOV.

. “Tnv eumepwn ekpdOnon oyxéong Aéénc-xamnyopioc” (Empirical learning of
term-category associations) 1 omoio €mTVYXAvVETOL amd TNV €KUAONOM €vOG
oLVOAOL KEWWEVOV KOt TIC Katnyopieg ol omoieg Toug £xovv amodobel. H pébodog
avt) ompiletor oty avBpodmivn aloAdynon TG CYETIKOTNTAG TOV KEWUEVOV
Kot Ogv €xer ypnowomomBel tOGO TOAD pEYPL ONUEPA YIATL OVTIKEWEVIKA

VILAPYOVV YIAAOEG KT YOopies OTIG omoieg umopohv va taStvopunovv keipeva.

Téhog, o Jussi Karlgren omnv mpoomddelo Tov va dloympicel YA®GOIKA €10M
yxpnoonolel Kupimg dopkég TAnpogopieg kabmg Kot TAnpopopieg yio o LEPN TOL
Aoyov [Kar99]. O Karlgren ypnoiuonolel oG oTATIOTIKY HEHOSO TNV OOKPITIKY
avéivon [KC94] kot ta T0G00Td emiTvyYiog TOV TEWPAUATOV TOL KLUAivovTol oo
52% (&govtag emAéger 15 woatnyopieg dwoympiopov) €og 96% (Yo 2 katnyopieg
dwympiopov). BAémovpe 011 10 TOGOOTO EMITLYIOG UEIDOVETOL OPUUATIKO OGO
avédvovtor ot Kotnyopleg doywpiopod, katt To omoio eivor avopevopevo. O 16106
e€nyel 6T T0 POVOUEVO OVTO £XEL VO KAVEL KUPIOG LE TNV EMAOYN TOV KATNYOPLDV
Kol e TO TL €Yl oplotel va meprhapPdavel n kabe pio. Eniong, avagépet 6Tt o dAAn
OTOTIOTIKN TEXVIKN Y10 VO OVOKOADWYOLLE KATNYOPieg elval 1 TOpOyovTiKY avaAvoT)
(factor analysis). To mpOPANUo aVTAG ™G TEXVIKNG £ival OTL VA HEV OL KOTNYOPLES
TOV TPOKLATOVV UTOPET va £xovv AoYiKn €vvola, iowg Ba eival duckoro va eEnynbovv
o€ KOmOowo un €WKO o omoiog mpoonabel va avalnmmoetr mtAnpoopies. Kieivovtag,
EMIONUOLVEL OTL KATTO101 TAPAUETPOL UTOPEL VAL EYOVV LEYAAT SLOKOHOVOT 1) aKOUN Kot
ACOUUETPT Katavour o€ optopéva Keipeva. Avtd ogv givor dvokoro va kabopiotet

HEG® TNG TLTIKNG ATOKAIONG, AALL TAVTOG vl KATL TO 0010 TPEMEL VO, dlepeLVNOEL.
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1.6 Xugoxernotorixd Corpus

Ta xeipeva mov ypnoiomomacape yo TIg LETPNOES pag yopilovior e 600 peydia

COUOTO KEYLEVOV.

1. To mpoto copn kewwévov (wivakog 1.1), 10 omoio ypnolwomomdnke yw tov
dywplopd TV WOV TOV AGYOL KOl TTO GLYKEKPUEVE TOV SLoY®PIoUO UETAED

TOALTIKOV, IGTOPIKOV KOl AOYOTEYVIKOV AOYOL, amoTeAeiTon omd :

1. 12 ovvedpuaoelg g EAAnvikng BovAng amd to mpdTo Hied tov £tovg 1999,

cuvorov 509.917 AéEewv (moitikog A0yog).

1. 32 xeipeva, 24 SOQOPETIKOV CLYYPUPEDY, YOP® OO TNV 16TOPia NG

Moxkeodoviag, cuvorov 360.933 AéEewv (1aT0pikds 10Yog).

iii. 24 Aoyoteyvikd Keipeva, 6 OPOPETIKAOV GLYYPUPE®Y, cLVOAOL 363.873

MeEewv (Loyoteyvia).

2ouo Keyuévov 1 || Ketueva AéCerg
TloJitikog Aoyog 12 509.917
lotopikog Adyog 32 360.933
Aoyoteyvia 24 363.873
XOvoho 68 1.234.723

IMivaxag 1.1 — To copa keypévov 1

2. To devtepo copa kewévov (mivaxas 1.2), 10 omoio ypnoyomomOnke ywo tov
S ®PIGUO TOV OUIANTAOV KOl TO CUYKEKPIUEVO TOV OoWPIoUO HeTalh mévte
(amd €dd ko oto €€ng opkntég A, B, I', A, E) npocomikomtaov g EAAnviKng
BovAng (évav amd kabe koo 1o omoio eknpocsmrovvtay ot BovAn v tepiodo

1997 - 2000), amwoteAobvTay amo :

1. 418 opdieg Tov oA A, cvvorov 463.680 AéEewmv.
il. 85 opthieg Tov opnt B, cuvorov 177.853 AéEewv.
iii. 245 opthieg Tov opdnt I, cuvdrov 241.882 AéEewv.
iv. 154 optAieg Tov opAnt A, cuvorov 217.305 AéEewv.

10
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v. 103 opieg Tov opuAnt) E, cuvorov 190.601 AéEewv.

Oleg avtég o1 opuhieg Ehafav yopa Katd ™ odpkela g teptodov lavovaprog 1997 -
Méptiog 2000, evd Onmc o avapEPOVLE Kol GTO aVTIGTOL0 KEPAAMIO EKTOC OO TO
OUVOAO TV OWIAMV YPNOIUOTOMGOUE Kol €VO DTOGUVOAO TOVLG Yo TN ANYM

OTOTEAECUATOV.

2ouo Keyévov I || 1997 || 1998 || 1999 | 2000 || Owidicg || AéCeig
Ouiintng A 161 | 107 | 125 |25 418 463.680
Owiintng B 36 28 18 3 85 177.853
Ouidnng I’ 81 71 67 26 245 241.882
Ouiintig A 72 49 30 3 154 217.305
Ouiintig E 16 42 38 7 103 190.601
XHVoLo 366 [297 | 278 | 64 1005 1.291.321

ITivaxag 1.2 — To copa keypévov 11

[Ipéner ed® va emonuavOel 6TL OO ToL KElPEVO TAL OTTOl0L YPNCULOTOGOLE
elyav dopbwbel yio toxdv opBoypapikd v dArla AdON. EmmAéov, ta mpaktikd g
BovAng éyovv vrootel kau o mpoemeEepyacio pe KHPLO oKOTO TV amdAelyn TV
SAOYOV HIKPNG €KTOONG 1] TOV TOPEUPACEDV (EAAEITTIKES TPOTAGELS), PULVOUEVO TO
omoio. €lval TumiKE Yoo cvvedplacels ™S BouvAng, oAdd dev omotelobv delypa

OAOKANPOUEVOL AOYOL Kol OEV AVAUEVETAL VAL XopoKTNPIlovV KAmol0 OpAnTY.

11
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KEPAAAIO 2
EPI'AAETA

2.1 Etoocywyn

210 KEPAAOO OVTO YivETOL AVaPOPd G OAOL TO. EPYOAELD TOL OTTOT YPTCLULOTOMGOE
KOTA TNV OIOPKELD TOV TEPOUATOV, TOGO Y10 TNV AYT TOV OTOPoiTNTOV HETPTCEDV

000 KOl Yo TNV ENEEEPYOCIO TOV OAMOTEAEGLUATOV.

2.2 AMP (Automated Morphological Processor)

To wpoPAnua ™ LopPoroYIKNG enelepyaciog AEKTIKOV LOVASI®V EYEL OVTILETOMIOTEL
pe dvo Kupiog mpooeyyicels. H mpdn éykettar otn ¥pnom YAOCCGOAOYIKOV KOvOVmV
[PWI3] vy v povtelomoinon TV HOPPOAOYIKAOV QAIVOUEV®YV, TNV GUUTIECT TNG
TANPOPOPIaG OTO LOPPOAOYIKA AEEIKA, TNV ANUUOTOTOINGT KOl TEAOG TNV TOPAY®OYT
TOV HOpPOrOYIKOV TOmwvV. H dgvtepn mpocéyyion ypnoipomolel LVITOAOYIOTIKEG
OPYLTEKTOVIKEG Ol OTOIEG TPOGOUOLDVOLV TN dopN| PLOAOYIKGOV VELPOVIK®V OIKTOH®V,
dote vo emttevyBel n popeoroyikn eneepyacio twv AéEewv [GAS94]. To mpdypappa
OV YPNOOTOMoapE Yoo TS peTpnoelg pag (AMP) ypnowwomolel kot a&lomoret
YA®WGGOAOYIKOVG KOVOVEG, OAAL TOLTOYPOVE EVOMUATMOVEL KOTOWL OTOTICTIKA

oToyelo Yo va EmTOYEL TOV GKOTO TOV.

Ol PETPNOELS TOV HOPPOAOYIKAOV YOPOKTINPICTIKOV Yivovtol pécm tov AMP
(Automated Morphological Processor). To AMP é&yet oyedocbel étor wote va
EKUETOAAEVETOL TTANPOG TNV OGKPpOS KAMTIKA @Oon g EAnvikng [Mooccac,
EMTPEMTOVTOG KO OLEVKOAVVOVTOG TNV TAPOYWYN HOPPOAOYIKAOV AEEIKAOV LE AVTOUATO
tpomo [TK99]. H yepovaktikn mopaywyn HOopeoroyiKav Ae&ikmv eivor pa emimovn
ka1 ypovoPopa epyacio kot 10 AMP emrtpémel v avtoOpaTn Onpovpyic Toug UE

peyoAn oxpifeta. Mo ovykekppéva, n axpifeie mov emtvyydver 1o AMP

13
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OLYKPIVOVTOG TO AMOTEAEGUOTA TOV LE TO TEPLEYOUEVO TOV LOPPOAOYIKOD AeEIKOV, TO

omoio €yel Kataokevaotel yepwvaktikd oto IEA, ayyilel to 96%. [AMIS5].

To AMP Bociletar oty teQVIKT NG TOOTIONG KO amOKpLyNG (matching and
masking technique), 1 omoio. YPNOYLOTOIEITOL EVPEWS GE EPOAPUOYES OVAYVAOPLONG
mpotun®V (pattern recognition). TOUPOVO LE TNV TEYVIKN OVTN, TO KAOE TPOTLTO
Slupeitol o€ TUNHOTO KOl EMLYEPEITAL 1] TAOTIOT OHOEO®V TUNUATOV TOV TPOTHT®V
EVD TAVTOYPOVO, OTOKPVTTOVTOL TPOCOPVE TO LTOAOUTO. TULOTO TMV TPOTLTMV.
2TV CLYKEKPIUEVN TTEPITTOOT, OOV TA TPOTLTAL EIVOAL AEKTIKES HLOVAOES, 1| KOALYT
KOl atOKPLYN ovoQEPETOL 6T BEPOTO KO TIG OVTIOTOLYES KOTAANEELS TOV AEKTIKOV
povadwv. ‘Etol, av vmotebel O6tL vwdpyovv Vo cvykekpiuéveg AEEELS Ol OTOlEg
TapleTavovTol o¢g 0;K; Kot B2kp, O0mov 0; 1o ekdotote Bépa ko ki M avticToym
KaTtdAnEn, T0TE N EMTVYNG TAVTION GVVETAyETAL OTL gite 0;=0, (TawTion TV BepdTmv

TV 000 AEEmV), elte K=K, (TaTION TOV KATOANEE®Y TV dVO0 AEEe®V).

H dwodwkacio evtomopod mbovadv Bepdtov kot katoAnéewv vionoteitat pe
TNV EMOVOANTTIKY €QOPUOYN NG TEYVIKNG TOVTIONG Kol Omdkpuyng. Xe kdébe
EMOVAAN YT, LEAETAOVTOL OAEG Ol AEKTIKEG LOVAOES TTOL VITAPYOVV GTO CAUO KEWWEVMV
wote and 11§ NON wpocodlopiodeiceg KataAnéelg kot Oépata va TpocsdiopioBovv véeg
mlavég kotaAn&elg ko Oépata. ‘Etol, otadiokd ompovpysitor éva cOvoAo amd
mbavég katanéelg kot Bépato yuoo kébe Aektikr] povado. dvowd, 10 cvoTHUL
CUUTANPAOVETOL OO £VO, GOVOAO YPOUUOTIKOV TEPLOPICUDV O TPOS TIG OTMOOEKTEG

Kol PN popeég fepdrov kot katainéemv g EAAnvicc F'hooooc.

Me v mopondve dwdikacia, yio kébe AEEN TOL COUOTOC TAPAYETAL £VOG
aplOpdc and duvatég AVoELS dlay®PIGHoL o€ BEpa Kot KatdAnén. Avtéc ot ADGELS
Katatdooovtor ovoioyo pe v mhovonTd TOLg VO amOoTEAOVV TOV PEATIOTO
S PGS TNG OESOUEVIC AEKTIKTG HOVASOC 6€ B Kol KATAANEN (P OLOTOUDVTOG

£Va KPUTNPLo KOTATAENG, KOl IO GUYKEKPUEVA TO ELAYIOTO KOG KATAANENGS.

o tovg okomolg Tov Olaywplopoh €WAOV AOYOL KOl OWANT®OV givol
OTOPOITNTO VO LETPNICOVLE TIG GLYVOTNTEG EUPAVIONG CLYKEKPIUEVOV KATOANEEMV,
omwg avapépovpe avarivtikd ota Keg. 3 kot 4. Zuvenwg, ot nepintoon pog 1o AMP

nepopiletar  va  ypnolpomomost  dedopéveg  KATOANEElg, o1 omoieg  €lvan

14
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YOPOKTNPIOTIKEG Yoo TO kGPBe €idog, ¢ a priori yvoon. o kdbe pio and TIg
KatoAngelg avtég 1o AMP petpder ™ ovyvotnta gpEdviong g, Kotaypagel to

avtiotorya BEpata Kol LETPAEL T CLYVOTNTO ELPAVIONG TMV.

Eneidn to AMP dgev eiye apyikd oyediocbel yio v ektéleon avtdv TtV
eEEOIKEVUEVOV LETPNCEMV, YPELAGTNKE VO YIVOUV KATO1EG LETATPOTES KOl PEATIOCELS
o010 apywo mpoypaupo. Emiong, Adym tov 6tL M Alota TV KaToANEE®V TOL
YPNCLOTOUCOLE MTAV OPKETO EKTEVIS, TO TPOYPULLO LTOPOVCE VO EKTEAEGTEL LOVO
oe mepPdAiov Linux kot 0xt oe SunOS mov Ntav apyikd n TAaTEOpe VAOTOINGNG

TOVL.

2.3 Aiher pergormpoygduparo

Ot peTpnoelg TV OOMKOV YOPAKTNPIOTIK®V Yivovtor pe tv Ponbsio GAiov
HETPOTPOYPOUUATOV T OoToio. Exovv ypapel o€ yA®ooa mpoypappaticpod C ko
tpéxovv og meptPdAlov Linux, kabdg kan o€ shell scripts To omoia ekteAovvTOL EMioNg

oe mepPdArov Linux. Ewdikdtepa, ypnoiponomoape Kupiowg 600 TpoypapupoT :

1. To mpdTO déYeTON WG €10000 €va KEIPEVO Kol PETPAEL TOV aplBnd Tov AEEEmV,
TPOTACEWV, KOUUATOV, TOPEVOECEDY, TOVADY, EPOTNUATIKOV, KOODS Kol TIG
KATOVOUES AEEEMV UNKOVG X GE YPALLLLOTO, KOt TIG KOTOVOUEG TPOTAGEMV UNKOVG

X og MéEets.

ii. To devtepo mpdypappa (shell script) To omoio otnpileTon oTn ¥PNOT TS EVIOANG
grep Tov unix, 0&YeTOl MG €16000 To AnupaToTompéva apyeio amd tov tagger
(§ 2.4) kou petpdel T ovVYVOTNTO TOV HEPDY TOL AOGYOV, TO OVCLUGTIKG KOl
enifeto ta omoia Ppiockovial Ge YEVIKN TTMOGY, TO TPOCOMO Ova oplUd TV

PNUATOV, TIC OPVIOELS KOl TOL OO0 AT LLOLTO, YPT|CLLOTO|COLLE.

iii.  Téhog, ypnowomomOnkav Kot GAAL OCOVOS GNUAGIOG TPOYPELLOTO Y10 AAAEG
gpyaociec, omwg N tagwvounon (sorting) Anupdtov, kobng kot £€vo, macro Tov
Microsoft Word 97 1o omoio “kaBdpile” to Keipevo amd to onueio otiEng,

agnvovtag Hovo Tig AEEELC.
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2.4 Tagger — Lemmatizer (Anupuoronrornryg)

Mo mv kammyopromoinon tov AéEemv TV KeWwévav ce pépn tov Adyov (PoS)
x¥pnoonomdnke o tagger, o omoiog €xel avantvydel oto IEA. O tagger avtdg €xel
axpipeta mave omd 96% [PPG 00] oty TaEvoumen Temv HePGY TOL AOYOV, TOGOCTO
T0 omoio &lvol OpPKETE KAVOTOMTIKO 7YoL TIC EQOUPUOYEC OTIG OToieg TOV

XPNCLOTOUGOLLE.

2.5 Xrocriorieer Tpoyoauporo

H avéivon tov petpricemv éyve xot’ apynv pe v Pondeia ototiotikav pebddmv.
["a 1o okond avtd ypnoponomoaye ta wakéta Statgraphics 3.1 ko Statistica 5.0. Ot
V0 otatioTikég pnEBodotl mov ypnoonomcape stvar n avaivon oe opddes (Cluster

Analysis) kou 1 droxprtikny avaivon (Discriminant Analysis).

O 6pog cluster analysis (avdAvomn o€ OUAOES) OTNV TPOYUATIKOTNTO TEPIKAELEL
éva peydro oplBud amd dwpopetikodg aryopiBuovg taSivounons. ‘Eva Poocikod
epOTUA To omoio avtipetomilovy moAlol epeguvntéc oe Bépata  avalnTnong
TANpoeopiag eival To T®G UTOPOVV v opyavwBoLV Ol TapaTNPNCES GE OOUEG Ol
omoieg va. €yovv vomuo. o mopddsrypo, o Prordyoc o omoiog mpoomabel va
opyavacel Ta d1dpopa £10m LoV ympic va AdPet kot apyv VIOYN TOL TIG SLUPOPES
HETAED TOVG, KOTATACGEL TOV AvOpmmo ota TpwTevovTo INlactikd, To OnAlacTtikd, Ta
omoVOLAWTA Kot To {®a. v KoTdtoén outh Tapatnpovue 6tt OCH TEPICCOTEPN
péEAN €xer o opdoa, t0c0 Aydtepo Opota givar ovtd ta péAN petafd tovg. Ev
TPOKEWEV® 0 AVOPWOTOG £YEL TEPIGGOTEPO KOWA UE TAL AAAD TPOTEVOVTA ONAACTIKA
(.. miOnKog) mapd pe o dAAo INAaoTtikd (m.y. oKOAOG). AvoAlvTiKOTEPO, OEOOUEVOL
eVOG 0pOLOV AVTIKEWEVOV 1) TAPUTNPNCEMY TOV £YOLV YIVEL GE N YOPAKTNPIOTIKA (N
petafintéc), n avdivon o opddes (cluster analysis) acyoleiton e TNV EVPECT] TOV
“amootdoe®v”’ (VOUOOTATOV) NG KOOEUIG Tapatnpnons ond OAEG TIC VITOAOITES
Kol ot ovvexeln ywpilelt T0 ohvorlo TV mopatnpnoewv o va apBpd K opddwv
KOTA TETO0 TPOTO MOTE dVO TOPATNPNOELS TOV OLOOOTOLOVVTAL GTNV 1100 opdda Vo

etvar 660 10 dvvaTOV TO Opoteg peTAED TOVG KOl TAPATNPNOES OV PpicKoviol o€
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JdtpopeTikég opdodeg va gtvar to duvatov mo “avopotes”. Ipoeavag, ot péBodo

ot avdAlvong onuavtikd poro dadpapatilel n pEBodog PETpnomng TG andGTAoTG.

H discriminant analysis (S1oxpitiky] ovéAvomn) ypnoylomoleital yuo vo
kabopicovpe moteg LeTaPANTEG S10pOPOTOLOVY dVO 1| TEPICTOTEPES OPAdES. MEcw NG
discriminant analysis, n omolo d€yeTo OC €16000 Mo ORAdO OO TPO-TASIVOUNUEVOL
otoyeio Ko OAEG TIg aveEaptnTeg HETOPANTES TOVS, AAUPAVOVIE MG ATOTEAEGHA EVaL
OET OO GLVOPTNGELS S ®PIGHOV 01 0ToiEG TAEIVOLOVVY TIG aVTIoTOTYEG OUAdES (Yo n
onades €yovpe n-1 ocvvaptioelg daywpicpov) [Man86]. Ot cvvaptioelg avTég
UTOpOVV GTN GLVEXELD VA xpNGomomBovy v va TtpofAéyovy v katnyopio otnv
omoia Ba taivounBovv o kovovplo oTotyeia, KATL To omoio £xel QUPUOCEL Kot O
Karlgren [Kar00]. Avolvtikdtepa, Oedopévov evog aplpod avtikelévov 1
TOPOTNPNCEDMV TTOV EYOLV YIVEL GE N YOPAKTNPIOTIKA (N PETAPANTEG), 1 OLOKPITIKY
avéivon (discriminant analysis) aocyoleiton pe tov mpocsdopiopd K dakpirikmv
ovvaptnoewv (ONA. K ypoupik®v cuvovacudv Tov n uetafAntdv) mov ywpilovv tov
Y®Opo TV n dotdcewv e K+1 vrdympovg 6toug omoiovg Katatdocovtal OAEG ot
TOPOTNPNGELS KOTA TETOL0 TPOTO MOTE TO TOGOGTO TV TOPATIPCEDV OV dEV EXOVV

tomoBetn el 610 CWGTO TOLG LLOYWPO VA VO TO ELAYIGTO OLVATOV.

Ext6¢ and 10 mAnpeg povtého discriminant analysis vdpyovv o0VO oK, To

omoio YPTCIULOTOMGALE Kol EENYOVLE TAPUKATO :

1. Eumpdg Bnuatikr) Avaivon (Forward Stepwise Analysis). Mg ™ péfodo avtm
ytiCovpe €vo povtélo olakprtiknig avdivong Pruo-pipo. To poviélo avtd
apywd doev meptapPaverl kopto petafint). H dwdwacio Prua mpog Priuoa
e€aptaton amd T1g dvo Tiég F1 kan F2, mov €yovv kabopiobei yio v mpocsOnin
KOl Yo TV agoipeot HETOPANTOV 6TO HOVTELD. XvyKeKpUEva, o€ KAOe Prina (1)
eCetdlovtalr Olec ot petoPAnTég mOL gupickovIol EKTOG TOV  HOVIEAOL,
TPocdOPILeTal AT TOV GLVEICPEPEL TEPIGGOTEPO GTO OLOYMPIGUO GE OUAOES
Kol €QOCOV 1 GLVEICPOPA ot vepPaivel v Tun F1, n petafint eicdyston
oto povtéro kat (ii) eEetdlovton OAeg o1 PETAPANTEG TOL EVPICKOVTOL EVIOS TOV
HOVTELOVL, TPOGOOPILETOL VT OV GCULVEIGPEPEL TO AyOTEPO OTOV 0pBod

dty®plopd G€ OLASES KoL - EPOCOV 1] GLVEICPOPA OLTT fvarl LIKpOTEPT OO TNV
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ywq F2 - n petofnm aeapeitor omd to poviého. Me tov 1010 tpdmO

ocvveyiloope pEYPL va YTiCOVUE TO TEAKO HOVTELO.

ii. Ilicw Bnpoatikn Avaivon (Backward Stepwise Analysis). To povtého oty opyn
nepthopPdvel OAeg TIg HeTaPANTEG Kol 6TV CLVEYELD, amOPAAAOVTAL OAAL Kot
enavelcayovion petafAntég pe owdwacio aviroyn pe avt g Eupmpog
Bnupatikng Avaivong. Zuvenmg, oV TEPIMTOON TNG EMTLYOVS avdAlvong, Ha

KPOTHGOLUE HOVO TIC ONUOVTIKEG LETAPANTEG GTO LOVTEAO.

Toéco n Forward Stepwise Analysis 660 xou M Backward Stepwise Analysis
YPNOLOTOLOVVTOL OTIS TEPUITMGELS TOL EXOVUE UEYOAO aplOUd TAPAUETPOV DOTE VO,
e€etaclel edv évag pkpdtepog aplduog YopaKTNPIoTIK®OV Umopel vo daywpicet pe

v 010 TaEN axpifetog Tig dESOUEVEG TAPATN P CELC.

H dwdwkaocio frpa mpog e eCaptdror and tic tipég F1 yia v mpocbnkn
kot F2 ywo v amofoir| petapintov. H tun F piog petafintig vrodeuviet v
OTOTIOTIKY] CNUOVTIKOTNTA TNG GTO S0y ®PIoUO G€ OUAOES, ONAAOT TO LETPO TOV KOTA
OGO 1 OLYKEKPIUEVN HeTAPANT €xel povadkn ovuPoAn otnv mpoPreyn twv
opdowv. I'evikodtepa 10 povrédo OBa cvveyioer vo mpocoBétel petafAntég 6co ot
avtiotoryeg TéC F xamoiwv petafAntaov eivon peyoivtepeg amd v T g F1 mov
kaBoploe o yxpnotg, evod Oa oaeoapel petofAntéc omd TO pOVTEAO, €AV 1

oNUAVTIKOTNTA TOVS VIToAgineTon TG F2 mov kabdpioe o ypnotc.

2.6 SOM Toolbox

211 GULVEYEWD 1] OVOADOT) TOV PETPNCEWDV EYIVE LE TN XPNOT VELP®VIKOD JIKTVOV Kol
Mo oLYKEKPIEVA pe to mokéto SOM Toolbox yw to mepipdArov tg Matlab. To
SOM (Self Organizing Map) givol £va LOVTELO VELPOVIKOL dTKTVOV Kot aAyopifpov o
0moi0g LAOTOLEL 10l YOPOKTNPLOTIKN UN YPOUUKY OmEKOVION omd €£va xDPO HeYEA®V
S100TACEMY G £val TivaKo VELPOVOV KpOV dtaotdoenv [KOS96]. Avtd Béfora
yivetar pefodikd kot akoAovBoviag Kdamolwovg koavoves. O xbptng mov mpokHTTEL
TElVEL VO O10TNPTOEL TIG TOTOAOYIKEC GYECELS TV dedopévav. TTo avaivtikd, to SOM

amoTEAEITAL OO VELPMOVES OPYOVOUEVOLG O €VO KOVOVIKO HOVOOldoTato M
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dwwdotato mAEypa. Ilepiocotépwv dwotdoewv mALypota pmopovdv  emiong va
ypnoporomBovv, aAld to cuykekpipuévo Toolbox dev vootnpilel TV ontikomoinom
TOVG. XTNV TEPITTMOT TOV OOLAGTATOV TAEYUOTOS Ol VEVPAOVES TOIPVOLV TN HOPPN

eite opBoymviov, gite e€aymvikob mAéypatog (aynua 2.1).

o OO0 0 000
o0/OC o NDO O clooooololoo
SO O O0|010 O
OO0 0000 O
SO0 O 00|00 O
G OO0 000
OO0 GO GO 00 cCOO0DO0000C

(o) EE oty vkt Mgyt (A1 OpRoy oo Ny o

Xypa 2.1

Edv ot mhevpéc tov yaptn cvvdéovtal HETAED TOVG, TO GYNUO TOL YXAPTN
yivetal KoAMvOopKo M pe popen topov (axruoe 2.2). O aplBudg Tmv veupovmy pmopet
vo mowkiAMel amd pepikég Oekdoeg €mg  pepkéc yaadeg. Kdabe vevpdvog
AVTITPOCOTEVETOL OO €va K-O100TOTO TivaKa Papdv X=[X; . X(], OTOL K &ivar m
dtdotaon tov Tivako €10600v. Ot VELPAOVEG GUVIEOVTOL PE TOVS YELTOVIKOVG TOVG
HECM oG oXEOMG YEITVIOOMG, 1 omoia SIEMEL TNV TOTOAOYi 1) TN doun Tov XapTH. XTO
SOM Toolbox, n tomoloyio. JStavEUETOL GE OVO TOPAYOVTEG: TNV TOTIKY] OOU| TOL

SICTLAOUATOC Kot TO GYfpa Tov xaptn [VHA00].

Xympa 2.2

O oryopBpog ekpabnong tov SOM opordlet pe arlyopBpovg kfavtonoinong
dtvocpatov (vector quantization), 6nwg o k-means, 1 o LVQ (Learning Vector
Quantization). H onpovtikny o6w@opd eivar 0Tt €KTOG TOL O1VOGHOTOS PApovg
EVIUEPDVOVTOL KOl Ol YEITOVEG GTO YAPTN : M TEPLOYN YOP® Omd TOV KAAVTEPQ
Taplootd  mivaka mpocapudletor oto mapdv  delypo  exkpdbnong. To  teAko
amoTéAecpo. ivol OTL Ol VELPAOVES TOL OIKTVAOUOTOG Eivol JTETAYUEVOL Kot Ol

yerrovikol vevpaveg petd to téAog g dwdwkaciog ekuddnong (dvev emifieync)
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&xovv mopodpola davoopoto Papovs. Ta Papn TOL  EMKPATOVVIOS VELPDOVA
pvOuilovtar pe ™ ypnon tov kavoéve ekpddnong Kohonen. Ymobétoviag oti

emkpatei 0 i% vevpmvag, 1 i ypouun tov wivako Bapdv (IW) npocapudletor o eERG

AW (g)= 1w (g-1)+a(p(q)— IW "' (¢ -1))

YVVETMG, O VELPMVOG TOL OTOOL O Tivakag Papmdv givoal TANGIEGTEPOG GTOV
nivako €l6000V evnuep®VeETAL £T61 MoTe va Ppebel axopa mo kovtd (oypua 2.3). To
amotélecpo gival OTL 0 emKpoTOV vevpovag (Best Matching Unit - BMU) €yel
TEPLOCOTEPES MOAVOTNTEC VO EMKPATNOEL EAVEL €AV EUPOAVIOTEL TOPOUOLOG TIVOKOG
€16000V evd avtiBeta £yl MyodTEPEG MOAVOTNTES EMKPATNONG €AV O TIVOKAG E1GOO0V
etvar moAV dapopeTikds. ‘Oco mepiocdtepeg €icodol mapovsidlovial, TG0 KAOE
vevpavog tpocopudletoar Karvtepa. Tehkd, edv vrdpyovy apkeTol vevpaves, kabe
opudoa Tapopolwy 1660wV Ba £xel Eva vevpavo o omoiog Ba divel €£odo 1 (1 Kovtd
oto 1) 6tav mapovcsualetar (o €i60d0g amd v mopamdve opdada kKot £0do 0 (1
kovtd oto 0) yio kdBe GAAn €icodo. Apa, T0 dikTLO poBaivel Vo KOTIYOPLOTOLEL TIG

véeg €16000VG.

Yympa 2.3 — Eviuépoon tov onueiov BMU kot ToV ye1tOvev Tov ¢ TPog T
véo €6000 X. O ovveYOpPEVES KOl OLUKEKOUNEVES YPUUNES GVTIGTOLOVV GTNV
KOTAOTOO TPV KoL HETE TNV EVI|UEP®OT], UVTIOTOLYO.

To SOM pumnopet eniong mpoPAréyet to emdpevo detypa, Aappdvovioc vadyn

TOV TI§ TANPOPOPIES TOL TEPLEYOLV T TTPoTyovpeve dsiypata. Me n ypnon g

YPOUWKNG ToAwvopounong (linear regression) €vo. vevpwvikOd SiKTvOo UTOPEL Vo
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“udber” v 10Topic. TOL GLGTAUATOG KOL GTNV GLVEXEWL VO TNV EPUPUOCEL GTNV

TpOPAeYN TV pEAOVTIK®OV amotelesudtov [KKI6].

AoV ta dtavocpoto PBapovs Tov SOM €xovv KaAd OPIGUEVES GUVTETOYLEVEG
otov x&ptn, 10 SOM umopet va BewpnBel Kot g évag ahydplOpog S1oVUGHOTIKNG
npofoing. Ot mpwtdtumol mivaxkes Ko ot wPoPoréc Tovg opilovv éva OAlywv-

SO TACEWDV YAPTN TOV aPYIKOD (TOALDY S10GTAGEMY) TOTOAOYIKOD YAPTN.

Ov mo ypnowes epappoyéc tov SOM egivar 1 ontwkonoinon cvotnudtemv
peyGAwv Olaotacemv Kou 1 emefepyacio Kol €0PECN  KATNYOPLOV OO  pun
eneéepyacpéva dedopéva. ‘Etotl, to SOM Bpiokel medio eQapproyng oty avoyvaopion
npotumeV (computer vision, speech recognition), ©TnN POUTOTIKY) KOl OTIS

mAemkowvovieg [Koh90].

Oocov apopd 0 SOM kot v avalntnon TANPoeopidv 1 TV TtaStvounon
KEWWEVOV, TPEMEL VO AVOPEPOVUE OTL 1] GLYKEKPLUEVN LEBODOG €xel TOYEL EVPVTOTNG
YPNOoNG omd TOAAOVG epevvnTEG (Yo Tapdostypo [Mer99] kot [Hyo96]). Ot yépteg ot
omoiol TpoKVITOLY amelKovilovy TNV OUOOTNTA OV £YOLV TO. KEIPEVO TA Omoid
pueretape. ‘Etol, 6ca keipevo eivonl mapdpoto Tomobetodvion G€ YEITOVIKES TEPLOYEG
oV YapTN. BéPara, Aoy ¢ aneikdviong evog YOPov TPOTHT®V TOAADY SUCTACEWDV
o€ €vo, LOvo xaptn 000 JCTACEMY TPOKVITOVY KATOL01 TEPLOPIGHOL OGOV APOpPA TNV
axpifelo aneikdvions. Mia akodun EAienyn mov mapovotdlel N néBodog vt givor 1

advvapio g va opicetl emakpPmg Ta OpLo TV OUAd®V TOL TpokLTTTOLY [Mer97].

To SOM Toolbox eivor pa viomoinon kot amewdvion tov SOM o710
nepdAlov g Matlab. To Toolbox ovtd upmopei va ypnoipomombel ywo v
enefepyacio dedoUEVOVY, TNV apykomoinomn kot ekmaidgvor SOM ypnooTOI®VTOG
po TAEWGO0 omd TomoAoyiec, TNV amekovion tov SOM pe d1apopovg TPOTOVS Kot TNV
avaivon tov 1T Tev Tov SOM kat tov dedopévev (todtnta SOM, opddeg otov

YOPTN KO CUGYETICEIS LETOED TOV UETAPANTOV).
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KEPDAAAIO 3
AIAXQPIXMOL EIAQN AOI'OY

3.1 Erouywyn

To tpito kepdroro eoTlaleTanl 6T TPOSTAOELD TOV KAVOLE VO oL ®PIGOVLE TO. TPia
mpoavaeepEivta £10M AOYWV : TOATIKO, 1GTOPIKO Kot AOYOTEXVIKO. XTIG TapoypAPOvG
oL aKOAOLOOVV, ETCLVATTOVE OAEC TIC OYETIKEG TANPOPOPIES YO TAL KEIUEVO TTOV
LEAETNCOE, TIC UETPNOELS MOV KAvape, TNV eneEepyacio Toug kol Té€A0G KAmolo

cuumepaopaTo yio TV akpifeta tng pebdd0v mov aKOAOLVONGALE.

3.2 Ketiuever

Ta keipeva mov YPNGYLOTOMGAUE GTN CLYKEKPIUEVT] EVOTNTO €ivon To KEIPEVO TOL

amoTEAOVV TO TPATO GO KEWEVDV (Tivokoag 1.1).

3.3 Pypocteeyy TloAvrorie

H moivtoria, dnwg avapépOnke kot Tponyovpévms, eival éva apketd SladEO0UEVO
eowvopevo ot Néa EAAnvicny I'Adooa, eved mapatnpeitol Kupimg 6Toug pnpaTikons
tomovg (1.1). Ze pkpotepo Pabud, N moivtorio TOPATNPEITAL GTO OVGLUCTIKG KOL TOL
emppnuata (1.2) [MKOO0]. Zta ovclaotikd 1 molvtumia givol meplopGUEVN GE Eva
TOAD LIKPO aplBud Opwv, EVA T, ETPPNUATO EIVOL GOPDS TLO GTAVIOL OTO TO. PTLLALTOL.
Emumiéov, oy nepintwon tov emppnudtov, VIdpyel OAANAETIOPACT) LOPPOLOYIK®V
KOl OTUOCIOAOYIK®OV Bepdtmv  pe QUEST] CLVEREWNL M QVTOUATN emeEepyacia va
kofiotatar odvvaty [TMH'00a]. ‘Eyovtag vmdyn pHoG To TOPOTOVD YeEYOvOTO
OTOPACICAUE VO TEPLOPICOVUE TIG UETPNOELS MHOG OTNV TEPIMTMON TNG PHUOTIKNG

ToAvTLTTIOC.
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H pnuotixn molvrorio g EAAnvikng Iuoocog opesideton katd koplo Adyo
oTIG KataAn&els tov pnudtov kot oe pkpdtepo Pabud ota mpobépata. Mepikég
TOVTOC OO TIC OLOPOPETIKES KOTAANEELS OEV GUVIGTOVV OOPAITITA KOO0 O10pOPa
avdpecso o KabBapedovosa kot Anpotikn) ['Adcca. Xtnv epyacio avtn eotialovpe og
aVTEG aKkPPOG TIC KATAANEELG O 0TToleg Umopohv va. pog 0McoVV o Kobapn eiova

v o €100¢ TOL AdYOL TTOVL YpMoLoTOlEiTOL GE KAOE TEPpiTTOON.

Ot dpopeticég KataAngelg opeiloviat 6Tig eEeMKTikég Tdoelg TS EAAvikng
INoocag [KM99]. Mia tétown tdon G Anuotikng eivor vo €xet AéEelg mov
KotaAfyouv oe ‘ovoiktés’ ovlhoféc. Ily. ot katarnéelg o —v tov 3% TPOoc®ROL

mAnBuvtikov yivovion —ve (3.1)

eleyov (Kab.) — Aéyove (Anu.) (3.1)

M devtepn TAoM TG ANUOTIKNG €lval Vo HETATPETEL TIC OUAOES CLLPDOVOV
ot omoieg amoteAovvVTOL amd 600 TVPPRMON 1 EKPNKTIKE GUUPOVO GE OUAOES TOL
amoteAoLVTAL amd £va TVPPMOOEG Kot Vo EKPNKTIKO COUPMOVO. L& OUAOEG CLUPDVOV
ol omoieg meplEyovv 10 &, T0 Un 0EHL GOUPMOVO TOV TO GLVOOEVEL UETOTPEMETAL GE
EKPNKTIKO. X& OHAOEG CLUEAOVOV UE CLOTNPA TUPPDON GOUE®VO TO. OToiol OEV
MEPLEYOVY TO 6, TO TPAOTO €K TOV CLUPOVOV givor TupPddeg Kol 1O OEVTEPO

EKPNKTIKO, OTMG PAIVETOL KOl GTO ETOUEVA TAPUdELYLALTA,

w1l — merota (3.2)
Kool — koAvetd (3.3)
omolLayOnka — amoliaytnko. (3.4)

Tpitov, ot Néa EAAnvikn ['hocoa vtdpyovv KAACELS pnudtov To onoia gite
aKOAOVOOVV TO KMTIKO TopAderylo TV apyoiov pnudtov to omoio TeEPEYovV Eva a
(3.5), 0 (3.6) M € (3.7) ®¢ Bepotikd VeV, gite emAELYoLV TNV KATAANEN TOLG Amd
o omd T1g kataAngels g Anpotikng ['Aowococ.

eCoptaron (Kab.) — eCapriéron (Anu.) (3.5)
ocrobue (Kob.) — aliovooue (Anu.) (3.6)
Oewpeiro (Kab.) — Oswpodvray (Anu.) (3.7)
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Mepikég opég 1 ANUOTIKY XPNCULOTOLEL PILLOTIKES KATOANEELG O OTTOlEeg Etvan

TOPOUOIES OAAG Ot TavTOoLES HE TIS KoTaAnEelg g Kabapebovoag (3.68) :
oetkvow (Kab.) — deiyva (Anu.) (3.8)

TéNog, vapyel o TAEd0 pnudToV T omoio elvatl @avepd OTL TPOEPYOvTUL
and v Kabapevovoa, opwmg gite dev £xovv avtikataotadel otn Anpotikn (3.9), eite

10 avtioToro pnpa g Anpotikng yapaxktmpiletar og kabophovpevo (3.10) :

rpoiotauot (3.9)
ogxeron (Kob.) —viobw (Anu.) (3.10)

Oleg avtég ot HOPPOAOYIKES avTIOECELS emeKTEIVOVTAL UEGM TNG KALTIKNG
QOoONG TOV EAMVIKOV pnuatov kol ennpedlovv ekaTovtdoeg HOpPES AéEewmv.
MeretdvTag TV KOTAVOU| TOV HOPO®OV 0VT®V, B deiovpe OTL To LOPPOAOYIK(L
xopokmpotikd  mailovv  €va onuovTIKOTATO POAO  GTNV  OVAYVAOPLON  TOV
YAOooOAOYWKOD  €ld0vc. XNV ovyKekpuyévn gpyacia  ypnowyomomcaus 230
yopaxtnpotikés Koatanéewg pnudtov (Hopaptnue 1) ywo vo dwokpivoope Tig

HOPQOAOYIKEG TANPOPOPiEg OV pag divel KAOe keipevo.

3.4 Mezpynoetg

H emioyn tov yapaktpiotik®v mov Ba egtdoovpe Eywve Aapfdvovtag veodyn pog
TOAOTEPEG UEAETEG, OAAA Kol pe Pdomn TNV LIOAOYIOTIKY] TOALTAOKOTNTO TTOL

ATOLTOVGE 1 KABe pétpnon.

3.4.1 Metoroetg Mogpgpoloyuiwy Xegaxrnotorixwy

Ta pop@oroyiKd YopaKINPIGTIKE GUVIGTAVTIOL GTN HETPNOT TOV GLYVOTHTOV TOV
pnuotikov katonéewv (Hapaptyuo I11) o1 onoieg exPALoOVY TIG dLOPOPES OVALEGH
ot KaBapevovoa kot ™ Anpotikr. Ot 230 avtég ouyvotnteg eppdviong pog dtvovv

teMkd 14 petapintés, ek tov omoiwv ot 12 elvarl ypapukd aveEdptnteg (wivorxog
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3.1). To éBpoioua Tov AdYI®V KOl SNUOTIKOV KoTtaANEE®V HeETpNONKE Yo Vo oG
OMOEL O YEVIKOTEPT €KOVO, OAAG emedn eivor YPAPUIKOS GLUVOLOGUOC T®V

EMUEPOVS LETPNGEMV OEV YPNCILOTOLEITAL GTNV GTATIOTIKY AvAAvoT).

1o Evikd Adyo 1o Evikd Anpotikn
20 Eviké Adyo 20 Eviké Anpotikn
30 Evik6 Adyo 30 Evik6 Anuotikn

1o ITAnBvvtikd Adyo 1o ITAnBvvtikd Anpotikn
20 ITAanBuvtikd Adyo | 20 ITAnBuvtikd Anpotikn
30 [TAnBvuviikd Adylo 30 [TAnBvuvtikd Anpotikn
2bvolo Adyiwv 2bvolo Anuotikng

Hivakog 3.1 — Mop@oroyika XapaKTNpLoTIKG

3.4.2 Meronoetg Aourxwyv Xeposrynororisxwy

H pétpnon tov dopukdv yopaktnpotik®v (unkog Aééng, unkog mpdtaong K.T.A.)
elvarl n mo Khaoown pebodoroyia otnv mpoomdbeia day®PIGHOD YAOCGIKOV EW0MV.

2NV GUYKEKPLUEVT] EPELVAL LETPNCOLE TO 0KOAOLVOO :

1. ApBudg AéEewv Kot TPOTAcE®V VA KEIEVO.

1. AplBudg KoppdTov Kot Aomav onueiov otiEng (mtapeviEécelg, mavieq).
1. Méco unkog AEEEmV Kol TPOTAGEMV.
v. Zvyvomra AéEewv unkovg x [ 1 <x <30 ypaupoata ].

v. Zoyvomta mpotdoewv pnKovg X [ 1 <x < 150 Aéeic |.

O oxomdc pérpnong tov (i,iii,iv,v) eivor tpopavig. O Adyoc mov pag odnqynoe va
petprnoovpe Ko to (ii) rav 6t 1 Evrovn ¥pNon oNUeiov oTiEng cuyvd QovePOVEL TNV
OmapEn VTOMPOTAGE®V PEGO GE U0 TPOTOCT). ZUVETMS €ivol KL avTh pio EvOedn

POPETIKOD DPOVS GE £VOL KEILEVO.

[Tapopota dopukd yopakTnploTikd petpndnkay kot ond tov Karlgren [Kar00],
pe v mpocHnkn tov peydAov AéEewmv (ot omoieg elval YOPAKTNPIOTIKEG KATOL®V
€OV Tov A0yov omnv Ayyhkn ['Adooca) kot tov aplBudv. Xty epyocio pog to

aplOUNTIKA GVUTEPIAPONKOY GTNV HETPNOT TOV AEEEMV.
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O mivakxog 3.2 pog Otvel pio eova Yo TiG HEGEG TYEG KOl TO €0POG TIUADV

Kepdrato 3 : Awayopiopdc Ewdov Adyov

KATOL®V oo TIG Topamdve PETAPANTEG GTA KEILEVO TTOV LEAETCOLE :

TloJitikog Aoyog || lotopikog Adyog || Aoyoteyvia
Aéerg 509.917 360.933 363.873
Ilpotdoeig 29.269 17.653 24.831
Mnkog 5,3 5,7 4.7
Aécewv (5,2-35.5) (5,4—-6,0) (4,5-15,0)
Mpnxog 17,4 20,4 14,7
Ilpotdoewv (15,5 -20,1) (13,2 - 36,6) (7,5 -29,3)

Mivakog 3.2 — Amorvteg TIpES Yo TOV 0pBpd AEEEMV KoL TPOTAGEMV KOl PEGESG
TIEG (0€ TapEvOEST TA VPN TILOV) Y10 TO. UK AEEEOV KOl TPOTAGEMV avd

Keipevo.

3.4.3 Méon rov Acyov

To tedevtaio PéPOg TV LETPNCEMY APOPOVCE TIG UETPNOELS Yo TO LEPT TOV AOYOU.
[T  ovykekpéva,

dwympicovpe Tig AéEelg v Kewwévov ota 11 pépn tov Adyov (mivoxag 3.3),

HEG®

TOV  OMOTEAECUATOV  TOV

npocBétovtag £tol dAAeg 11 petafintéc 6to cOGTNUA.

O peTpNGELS OVTEG EKPPAGTNKOV GOV TOGOGTA L TOIG EKOTO, KATA GUVETELN EXOVLLE

1-Enifeto

7-Avtovopuieg

2-TIpoBécelg

8-ApBuntikd

3-Emppnuota | 9-Mopia
4-ApBpa 10-Ppata
5-X0vdeopor | 11-Aowmd

6-Ovolootikd

Mivaxoeg 3.3 — Mépn Tov Adyov

10 ypoppkd aveEdptmreg petafAntés.
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Kepdrato 3 : Awayopiopdc Ewdov Adyov
3.5 Arnoreiéouara

[Ipotov mpoympncovpe otV eneEepyacio TV 0EO0UEVOV Kat ETEWN Ta. KEipeva Tay
SPOPOV UEYEBMV, KOVOVIKOTOMGCOUE TIG HETOPANTES £TOL DOTE OAEC Ol TIUES VO
avtiototyovv o keipeva peyébovg 100.000 AéEewv. Omov NTav duvatd (.. HEPT TOL

AOyov), exppdoape TG LETAPANTEG € TOGOOTA £ TOIC £KATO.

To amoteléopato TV HETPHOE®V TOL KAvapE OIVOVIOL GLVORTIKO GTOVG
mivokes 3.4 — 3.7 pe TNV HOPON HECOV OP®V KO TUTIKOV OmOKAIGE®V Yo kAOe Eval
and ta petpnoévia yopaxtnpotikd. O mivaxog 3.4 TEPLEYEL TIG GLYVOTNTEG ELPAVIONG
TV pnpatikov katoinéewv e Kabapgvovsag, evd o mivakos 3.5 T1G avtioTtolyeg
OLYVOTNTEG EUPAVIONG TOV PIUATIKOV KATOANEEOV NG AnuoTikng. Mildpe @uoikd
v T 230 katainéelg Tov Hapoptiuatog 1. EmmAéov, emeidn n xpron evog wivoka pe
230 petapintéc Ba MTav LTOAOYIOTIKA adVVATN, OAAG KOl EMEWN TO UEPIKA
amoteAéoHaTO O )TOV GTATIGTIKG OAGTHAVTO, Ol KATAANEELS eKPpalovTal 0BpoloTiKd

v KaBe apOud Kot Tpdo®mO.

[Toapatnpwvtog TOVE TIVAKEG OVTOVG, UTOPOVUE VO KOAVOLUE KATOLEG
aflonpooekteg mapatnpioelg [TMH 00a] oe oygon pe to Tpio £idn Adyov mov

peAeTapE

= Y10V TOMTIKO AOYO (mivokes 3.4 wor 3.5) ot pruotikés KataAn&elg or omoieg
avtiotoryovv otnv Koabapebovoa eivar yevikdtepa Mo GLYVEG omd OVTEG NG

ANPOTIKNG, 6€ cVYKPLoN UE Ta GALD dVO €101 AdyOV.

= Jlopaddémg Opms, TNV TEPIMTOON TOL SEVTEPOV TPOGMOTOV TOGO TOL EVIKOV OGO
Kol TOv TANOLVTIKOD GTOV TOMTIKO AGY0 1 GLYVOTNTO TV KATOANEE®V NG
Anpotikn|g  etvar  cuykpitik@  vymAdtepn  amd  ovTH  TOV  KOTOANEE®V
KoBapegvovoag. Avtd etvar meptocOTEPO EUEAVES GTN TTEPITTWON TOL OELTEPOV
TPOGAOTOV EVIKOV, OOV 1) cLYVOTNTA EUPAVIONG TOV KATOANEE®Y ANUOTIKNG fvan
moveo ond 50 @opég vynAdtepn amd avty g KoabBapegvovooc. Avtifétmg,
TOPOATNPOVUE TO OVTIGTPOPO OTO TPMOTO KOt TPpito mpocmmo Evikov kot
[TnBvvtcod, 6mov ot cuyvotnteg epeavions kataAnéewov g Kabapesvovoag

elvan peyoAvrepec.
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210V 16TopIKO AOY0 1 TAEWOYN QIO TOV PNUOTIKOV KATOANEEDV AVTIGTOLYOVV GTO
pito TPoOc®To (evikov 1 TANOLVTIKOV), YEYOVOG TO OmMOi0 LWOONAMVEL TNV

EMKPATNON EVOS QPN YNULATIKOD VPOVG.

To tpito mpoécTO givar emiong Mo GVYVE ¥PNCYLOTOIOVUEVO KOl 6T AoyoTeyvia,

®oTOCO 6€ PKPATEPO Pabud o€ oyéomn pe ToV 1I6TOPIKO AOYO.
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1o Eviko || 20 Eviko || 30 Eviko || 1o [IAinBovtiko | 20 [TAnGvvtiko || 3o IAnQovuixo
THolitikog Aoyog 166,0 1,0 2473 308,0 51,8 4727
(51,9) (1,6) (62,1) (38,0) (20,6) (100,8)
lotopixog Adyog 0,7 0,2 208.3 43,8 04 3439
(2,9) (1,1) (129,8) (51,0) (1,9) (140,3)
Aoyoteyvia, 157,2 33,5 55,7 103,8 2,0 1233
(108,5) (41,3) (56,6) (182,0) (9,1) (67,3)

IMivakoeg 3.4 — Méoog 6pog 6UYVOTHTOV Kol TUMIKT antdkion (o€ mapévieon) Tov pnpatik@v kataléemv e Kabapevovsac,

kavovikomommpéves o€ 100.000 LéEers, Yo kaBéva amd Ta Tpia £idn Adyov.

1o Eviko || 20 Eviko || 30 Eviko || 1o IIAnGvvuko || 20 [1inBovaxo || 3o ITAnOovtixo
Tolitikog Adyog 50,4 67,0 180,2 82,2 48,6 77,9
(32,9) (16,0) (32,4) (28,9) (26,9) (16,6)
Iotopikog Aoyog 0,0 37,7 2283 8,9 0,0 153,0
(0,0) (53,3) (102,0) (16,1) (0,0) (72,6)
Aoyoteyvio, 69,0 85,9 330,8 493 37,3 67,2
(57,2) (65,8) (154,2) (74,3) (64,2) (45,6)

Mivaxkag 3.5 — Méoog 0pog GUYVOTHTOV KOl TUAIKY awoKAon (o€ mapévheon) TOV pRATIKAOV KOTAANEEMV TG ANPOTIKIG,

kavovikorommpéves o€ 100.000 AéEers, Yo kaBéva amd Ta Tpia £idn Adyov.




lpotaoeis | Kouyuoro || IopevOéoeis | Taveg Kotoinleig Kozoinleig
KobBapebovoog | Anuotixng
Tlolitikog Aoyog 5772,4 6726,0 56,2 570,1 1252,5 506,3
(463.5) (442,0) (49,5) (69,8) (137,7) (49,5)
lotopixog Aoyog 4678.2 68349 849,1 495,2 597.4 427,9
(1164,1) | (1422.4) (463,1) (254,5) (221,5) (161,1)
Aoyoteyvia 8649,0 77287 40,7 1793,8 475,5 639.5
(2975,0) | (1435,8) (95,4) (1386,2) (294.,4) (223.5)

IMivaxag 3.6 — Méoog 0pog GUYVOTHTOV KOl TUAIKY aroKAon (o€ Tapévleon) Yo To SOMIKE YOPUKTPLOTIKA KOVOVIKOTOUUEVA GE
100.000 Aé€erg, Yo koOéva oo Ta Tpia £ion Adyov. Ot dV0 TELEVTAIES GTNAES KOTOYPAPOLY TO GUYKEVTPOTIKG OTOTEAECRAUTA TOV
mvakov 3.4 ko 3.5. Ereon oev givar ypoppikd aveSaptntes petafAntég oev Aapfdvoov pépog otny 6TaTIOTIKY EMEEEPYAOIO KOL OTTAMG
T AvaQEPOVUE Y0 AOYOVS TANPOTNTOG.

1 2 3 4 5 6 7 8 9 10 11
Ilolitikog Adyog | 7,91 6,52 5,10 | 12,85 || 6,73 | 19,70 | 5,18 7,31 | 14,78 || 13,03 | 0,50
lotopikog Aoyog || 11,15 || 7,78 5,15 | 16,22 || 5,18 | 24,02 | 1,72 4,02 | 15,55 || 8,46 0,76
Aoyoteyvio, 6,40 5,94 6,92 | 11,80 | 6,31 | 16,35 | 4,84 | 10,01 | 14,39 | 16,61 | 0,43

ivakag 3.7 — Eal towg ekato (%) avaroyia yro ta 11 pépn tov Adyov, Yo kabéva amd ta Tpia £idn Adyov. Ov avtiotoryicg (1=¢emifeTa
K.T.A.) divovton otov wivaka 3.3.
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= H loyotgyvio mapovoidlel peyoardtepo aplfud Tpotdcewv Kot VId-tpoTdoemy (o
AdPBovpe vroyn pog cLAAOYIKG To KOPUOTO, TIG TOPEVOECELS KOl TIC TAVAES) OF
oyéon pe to Ao dVo €idn AOYov, Ta omoia Exovv LYNAO Pabud opotdTNTAG OF

VT TO YOPOKTPLOTIKAL.

»  E&etdlovtag tic tumikég amokAicelg, mapatnpovue OTL M Aoyoteyxvior £xel
peyoAvtepn Stakvpavon o€ OAd oxeddV To XOPOKTNPLOTIKE. AkoAovOel o€
dtkOHOVen 0 16TopKOg AdYog kol Tehevtaiog gival 0 TOMTIKOS AOYOS 0 0moiog
éxel ™ pkpoOTEPN Stokvpavor. Apa kot apyxds pmopodue vo PydAovpe To
CLUTEPACHO. OTL O TOMTIKOG AOYOG €lvol MO GLUTOYNG Kol {0MG Vo, EXOVUE Va
KOVOLLE KOl PE M0l E01KT HOPPT] AGYOL OV YPNGLUOTOLEITOL OTOKAEIGTIKG Omd

TOVG TOATIKOVG,.

211G emdpeveg mopaypapove o kévovpe o WO EKTEVI] avAAvon TOV
dedopévov akorlovbmvto oTaTioTikéG Kol dAAeg peBodovs. Tlpénel va onpelidcovpie
OTL oV avAALGN OLTH YPNCLLOTOMGAUE £V VITOGHVOLD TOV TPOAVAPEPHEVTOV
YOPOKTNPIOTIKOV, UE OTMOTEPO OKOMO VO, TETVYOVLUE €VO IKOVOTONTIKO TOGOGTO

avayvOPIoNG He 060 To OLVATOV AYOTEPES LETAPANTEG.

3.6 Encéepyaoix

AxoAiovBel M emefepyacia TOV TOPATOVEO HETPNGEMV HE TN YPNOY OTOTICTIKNG

pneBOd0L aAAG Ko e TN PonBeld VELPOVIK®OV SIKTVMV.

3.6.1 Lrarioriey Enelepyooio

[Tpoxewévovr va ocvykpivoope to tpion €idn Adyov emdé&ape ™ péBodo ToOL
olympiopod oe opdoeg (cluster analysis). Tlpwv amd omowadnmote mpoomabeln
OlY®PICUOD  KOVOVIKOTOWOOUE OAEG TIG TOPAUETPOVS, £TGL (MOOTE OAEC Vo
Kupaivovtol 6to 1810 €0pog TIUAV, Vo OTAALAYOVUE amd TV EMLOPOOT] TOV HOVAS®OV
HETPNOEMV Kol KAOE HETAPANTH VO GUVEICPEPEL OUOIOUOPPA GTY OLUOPPMOGCT] TOV

TeEMKOV amotedécpatos. EmumAéov, ypnowomomoope OAlo To duvatd Kpurniplo
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(nearest, furthest, median, centroid «xou average) yw TNV ovOAvon YOPIG
apywonoinon (non-seeded analysis). Onwg @avnke OAec ov mopamave pEHodot
OUAOOTOINONG TOPNYAYOV TOPOUOLN OTMOTEAECUOTO KOU KATO GUVETEW Ogv O

avaeepBoipue Eexymprotd ot kdbe pia.

v apyr] TEPAUATICTIKOUE LE TNV opadomoinon ywpic apywonoinon (non-
seeded) mpoomabdvtag va fpovie TO1EG OUASES VTTAPYOVY GTO GOUO KEWEVDV. OTov
YPNOCLOTOMGALE £E1 OUADES, O1 TEVTE A0 AVTEC TEPLElYAY £val 1] TO TOAD dVO Keipeva
amo ™ Aoyoteyvia evd n €ktn mepielye ta volowto Aoyoteyvikd keipevo poli pe

ola ta [ToMtikd ko ta Iotopikd Keipeva.

2m ovvéyelo emiéape ™ ypnowonoinon 10 opddwv yu v tagvounon
tov keévov. To melipapo avtd katédeiEe 0t 1 Aoyoteyvia ivor To €idog Adyov pe
TN UEYOADTEPT HETOPANTOTNTA, LOG Kot TO KEIPEVA TNG KATEAaPaV EvvE amd TIG OEKA
obéoeg opddec. Amd v GAAN mAevpd, OAo ta keipeva tov TToArtikov Adyov
Eeympoav Kotorappavovtag o opdda, n omoia dev mepleiye aAia keipeva. Ocov
agopd tov Iotopucd Adyo, Ola ta keipeva Tov kKatélofav o opdada, 1 omoia OU®S

nepieiye Ko keipeva g Aoyoteyviag.

Ao to Tp®OTO 0VTE amoteAéouaTo Exovpe o kabapn £voeiEn Ot Ta Keipeva
Mg BovAng amotehovv pa cupmoayn opdda 6to xdpo TPOTHTMV oL opileTat omd Tov
TvaKo OPOKTNPIOTIKOV, KATL To omoio emiPefordvel kol Tnv TOPOTAPNOT NG
rapoypapov 3.5. O lotopikdg Adyog Mrov emiong OYETIKA GLUTAYNG, €VAO 1
Aoyoteyvia meplelye opketd keipevo amopakpvouéve amd tov Pocikd mTupnva
GLYKEVIPMOOTG TOV AOYOTEXVIKMV KEWEVOV. [0 Vo moTIU GOV E KAAVTEPD OVTEG TIG
TOPOTNPNOELS TPOYMPNCALE EMTAEOV OTNV AvAAVGON G€ OUAdES (cluster analysis) twv
kelévav kdbe gidovg Aoyov. H avaivon avt) £diEe ot o TToMtikdg kot lotopikog
Aoyog oynuoatilovv apketd cvopmayeic opdoes, oe avtiBeon pe ™ Aoyoteyvia, mévie

LEAT TG omoiag NTay aPKETA SLUPOPETIKA GE GYECT] LE T VITOAOLTAL.

Katomw, mpoywpnoape otnv avdivon pe apyikomoinomn (seeded analysis).
Apykd, ypnopomomoape 61 OpdOES, NTOL OVO OpHAdES avd 100G AOYOV. AkoAovOmC,
0 apBuog TV opadmv peumdnke oe téooepis, e tov [lohtikd kot tov Iotopucd Adyo

va katoAappdvouy amd pia kot t Aoyoteyvia Tig dAleg dvo. Téhog, ot opddeg Eyvav
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TPpELS, pe kaBe eidoc Adyov va kotarapPavel and pio. Ta mepdpato avtd £ytvay pe )

xpNom TV ENG TVAK®V SEGOUEVOV :

i. Ilivaxog 16 petafAntdv amoteAoOUeEVOS amd TIC PETPNGELS YO TIG PNUOTIKEG
KATOANEEG OA®V TV TPOSOT®V Kot aplfudv Anupotikng kot Kabapgvovcag

KOOGS Kol TOV TPOTAGEWV, KOUUAT®V, TOPEVOECEDY Kl TOVADV.

it. ITivaxog 14 petafAntodv amotehoOUeEVOg amd TIG LETPNOELS Y10 TIG PNLLOTIKES
KATOANEELG OA®V TV TPOSOT®V Kot aplfudv Anupotikng kot Kabapgvovcag

KaOMOG Kol TOV TPOTAGE®V KOl KOUUAT®V.

iii.  ITivaxoag 12 petafAntodv amotehoOUeEVOg amd TIG LETPNOELS Y10 TIG PTLLOTIKES

KATOANEELG OA®V TOV TPOSOT®V Kol apldumv Anpotikng kot Kabapgvovoags.

O apykég Tipég (seeds) yia tov [ToAtikd kou tov Iotopikd Adyo emdéybnkov
toyoio. H pio and 116 apyikég tipég yio  Aoyoteyvia emAEyKe €161 AGTE VoL Unv
elvar éva amd to mévie o omoia Eepevyovy amd o vrorouwta. To amoteAéspoTa Yo
TOVG JLAPOPOVS TVAKES GE GLVAPTNON HE TOV aplBUd TV OUAd®V divovtal GToV

mivoxa 3.8 mov akoAovOel :

16 uetapintés || 14 uerofintes || 12 uetafinrég
6 ouadeg 98,5 % 92,7 % 95,6 %
4 ouadeg 98,5 % 94,1 % 97,1 %
3 ouadeg 97,1 % 92,7 % 95,6 %

Mivakog 3.8 — Akpifero opadomoinong pe apykonoinon (seeded) cav cvuvaptnon
TOV OPLOLOV TOV OPASMV KOl TOV PHETUPANTAOV.

Ta amotedécpato mov Katoypdeoviol otov wivako 3.8 Oglyvovv OtL M
BéATiot opadomoinon emttvyydvetal 6tav ¥PNOLLOTOloVUE Kot Tic 16 petafAntéc,
ONAadn kot To. dopkd oA Kol To. LOPPOAOYIKA yapaktnpiotikd. [Tapatnpodue ot
€0V 0QUPECOLLE PLEPOG TV SOUKMV YOPUKTNPIOTIKAOV (KaToAnyovtog o€ mivako 14
HETOPANTAOV) TO TOCOGTO avayvoplong meéetel oe 93-94%. Zn ocvykekpluévn
TEPIMTOON ATOOEIKVIETAL OTL Elval KOADTEP VO aPOpEGOVUE OAEG TIG OYETILOUEVEG
HE OOUIKE YopaKTNPIOTIKA LETAPANTEG, APOD TO TOGOCTO AVAYVAOPIoNS TOV Tivaka 12

HETAPANTOV glvar peyadldtepo avtod TV 14 petafAntov.
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2Oopeova pe tov mwivarxa 3.8, akOUN Kot €0V XPNCLOTOGOVUE TPELG OUADES
TO OMOTEAEGHO EIVOL TOPATAVE® OO IKOVOTOUMTIKO, HE UOVO eAdytoteg AavOOGUEVEG
talivopnoelg. MdMoto, to KoAOTEPO amoTeAEGHATO AdpfPdvovtal pe TN xpnon
TEGGAPOV OLAd®V, KATL TO 0oio delyvel OTL APAPOVTOS TIG TEPLTTEG OUADES Omd TOL
koAb opopéva  €idon Aoyov (IMotwd wor Iotopikd) avédvetar t0 TOGOGTO

aVayvVOPIoNG.

211 oVVvEYELWD, ETOVEAVOVLE TOV TIVOKO OEOOUEVOV LE TIG TANPOPOPIES Yol TaL

pépm tov Adyov, £xovtag £Tot :

1. Ilivaxog 27 petafAnt®V omoteAOOUEVOC OO TIG UETPNOELS Y10 TIG PIMUOTIKES
KATOANEES OA®V TV TPOocOT®V Kot aplfudv Anupotikng kot Kabapgvovcag

TOV TPOTACEMV, KOUUATOV, TOPEVOEGEDV TOVADY KOl TOV LEPDY TOV AOYOUL.

ii. Ilivaxog 15 petafintov amoteAoOueEVOS omd TIC HETPNGELS TOV TPOTAGE®MV,

KOUUATOV, TOPEVOEGEDY, TOVADV KAODS KOl TOV LEPDV TOV AOYOU.

[Ipaypotomomcape pio KovoOpla GEWPE TEWPAUATOV YPNOUOTOIDVTOS TN
1é0odo tov Ward pe m tetpayovicpévy Evkeidewn amdotacn [TMH 00b] yia va
OHAOOTOGOLE T Ogdopéva pe ™ HEBodo ywpic apyikomoinom (non-seeded). Ta
AMOTELEGLLATOL Y10 TOVG OAPOPOVS TVOKEG GE GLVEAPTNON UE TOV aplOpd TV OLAd®V

dtvovtal otov mivaka 3.9 Tov okoAOVOET :

12 perofintes || 16 uetofintés || 27 uerofintés || 15 petofintég
6 ouadeg 95,5 % 100,0 % 100,0 % 100,0 %
5 ouadeg 95,5 % 100,0 % 100,0 % 89,6 %
4 ouadeg 94,1 % 98,5 % 100,0 % 83,4 %
3 oudoeg 94,1 % 98,5 % 98,5 % 83,4 %

IMivaxoeg 3.9 — Akpipera opadomoinonc yopis apykonoinon (non-seeded) cav
oLVAPTNON TOL UPLOROD TV OPAIMV KUl TOV PHETAPANTOV.

Elvar @avepd 011 M mpocHnkn twv HETPNCE®Y Yo To HEPN TOL AOYOL

Bedtidvel TV omdS00T TOV GLGTHUATOG, 1 OToto PTAVEL akOuUN kot To 100%. Axkoun

KOl oV YPNOUYLOTOOVCAE HOVO TO UEPN TOL AOYou Bo giyope opkeTd KoAd
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amoteléopato ov kol BEPata Oyt TOGO KAAL OGO YPNCLOTOIDOVTIOS TO LOPPOAOYIKA

KOl QOUIKE YOPOUKTNPIOTIKA.

3.6.2 Nevowvister Aixrva

H eneepyacio 1@V amoTEAECUATOV HEGH VELPOVIKAOV OIKTOMV KOl TIO CUYKEKPIUEVL
tov SOM éywve oto mepifdiiov tg Matlab. [T ocvykexpyéva, n emneEepyocio
akoloVOnoe ta €&ng Prinata: Avayvoon Kot KOVOVIKOTOINoT TV dEd0UEVOV HECH
eVOG  YPOUUIKOD  pETOGYNUOTION0D, opyikomoinon (kavovikd Kot toyoin) Kot
eKTOIOEVOT TOL YAPTY, KOl TEAOG AVTOLATH ATOO0CT ETIKETMV GTO GTOLXELN TOV XAPTN
Kol anelkoévion tov. To oeT eviod®V TO OMOi0 YPNOCUYLOTOMGOUE TPOKEUEVOL VOl

AdPovpe Toug yapteg divetor oto mapaptnuo IV.

Xpnowonomoape yapteg peyédovg 8x4, 6x3 kon 3x2. ['a k4Be Evav amd Tovg
X0pTES aTOVG T0 SOM droympilel TANPOS KAl EMTLYMOG To TPl €10M AOYOVL. ZTOV
mivaxa 3.10 mov akoAovBel avaPépove o€ TOGOVG VELPAOVES dtacTdton To KAbe €100g

Adyov Yo kaBévay amd ToVg avVOTEP® XAPTEC.

Ilolitikog Aoyog | loropixog Aoyog || Aoyoteyvio. | Keva
8x4 2 11 7 12
6x3 1 5 5 7
3x2 1 2 2 1

IMivakag 3.10 — Katavop] TV 100V AOY0V 6€ VEDPAVES avd Y apTT).

[Mopatnpodpue mdAL v tdon tov [loAtikov Adyov va cuykevipwbei oe 660
T0 dvvatdv AyoTEpa keEMA (TEAMKA o€ éva), KATL TO OMOI0 OMOOEIKVVEL TO OGO
ovumayng eival. O Iotopikdg Adyog kou n Aoyoteyvia amd v AL, eEamidvoviot
apKeETd, aAAQ TAvTo oe YeEIToviKA keld. Ta 0o amoteAéopota TPOE KOL GTNV
TEPIMTOGT TOL 1] APYLKOTOINGT TOL XAPTN EYIVE LE TLYOLO TPOTO YPTGULOTOLDVTOG TN

ocuvaptnon som_randinit.

210 ogynuoe 3.1, to omoio axoAovbel, mapabiétovpe eVOEIKTIKG TOV YAPTN

peyébovg 6x3 ywoo v moapandve avdivon. O U-matrix (Unified distance matrix)
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OTTIKOTOEL € OVO JUCTAGELS TIG OMOGTAGELS HETAED TMOV YEITOVIKMOV KEAMMV, KOl LLOG
Bonbd va dwxkpivovope v douny TOL YXAPTN. YynmAég Twéc tov  U-matrix
KOTOOEIKVOOLV TO OPlO TNG TEPLOYNG MIOG OUAOAG, EVA YOUNAEG OLOIOUOPPES TIUEG
VTOONAGVOLVY TNV VTOPEN LOG 1 TEPLGGOTEP®V OpAd®V. Mmopole va dovpe Tov
U-matrix kot 1o eminedo oV Tov 29 ocuvictocodv (HEToPANT®V) ol omoieg
GLUVTEAOVV GTOV TEMKO SO ®PIGUO TV 0DV TOL AGYOL. AVAAVTIKA 01 PETAPANTESG
avtég otvovtar oto lopaptyuo V. Onwg pumopovue vo SOMIGTOCOVUE, O YAPTNG
ypnoonotel Beppokpaciokn KAipoka, 0mov ta keAd mov amewkoviCovrar pe Pabd
KOKKIVO  YPpOUN VTOOEKVOOLV VYNAEG TWWEG UETAPANTOV €VO TO KEAL 7OV
ancwkoviCovtar pe eAaepy Boraccoi ypodpo aviliotoryoOV € YOUNAEG TIUES TMV
petofAntav. BéPaia, ta keAMA Tov gyuatos 3.1 avTioToyovV TANP®S GTO KEAMA TOV

xOpTn TOV Tyruotos 3.2 (yaptng Labels ).

O U-matrix @aivetor axoun koAvtepa 6to oypuo. 3.2 pall pe v teMkn
KOTOVOUN TOV KEWEVOV T Omoiol amoteAobv Tto ocopo kewévov 1 (ue M
ocvpuporifovpe ta lotopwed xeipeva, pe A ta Aoyoteyvikd ko pe B ta molitucd

Keipeva).

3.7 Xourcpaoucre

MeletdVvTog To GUYKEKPIUEVO KEILEVO KATAAYOVUE GTO GUUTEPACLLO. OTL TO TPio 10N
AOyov €xouv SlapopeTikd yoapaktnplotikd. To keipeva tov IToAttikov Aodyov
oynuatiCouv pia KoAd optopévn KAAoT 610 Y®Opo TPoTLI®V, 0TS Kot 0 loTopikdg
AOYog, av Kol o KpOTEPO Pabud. Avtibeta 1 Aoyoteyvio oynuatilel o Atydtepo
GLUTOYT] KAGGT KO Y10, TNV EMLTUYN OVOYVAOPLIOT] TOV HEADV TNG OTTALTEITOL 1 YPNOoN
UEYOAVTEPOV OPIOLOD aPYIKOV TIUOV KOl OHAO®V Y10 Vo, KaAVeOEel 1Kavomomtikd o

YDOPOS TPOTLTTMV.

Ev to0t015, 6AEg o1 oTaTIoTIKEG HEHOOOL OLOOOTOINONG TOV YPNGULOTOMGAULLE
elyav amddoomn peyadvtepn tov 98% kol cuvendc 1 ovykekpuévn pebodoroyia
umopet pe peyddn axpifeia va avayvopicet 1o £100¢ Adyov £vog TuYX0i0L KEWWEVOL TTOV

aVAKEL G€ €va, amd TO XPNOHOTOloVpEVH €101 Adyov. BéPata, ta amoteAéopata avtd
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emobnocav pe évo mePoptopévo aptBd €0GV Tov AGYOoL Kol KEWEVOV, OUMOC TO
amoteEAéoUATO €ivonl TOGO OoKPPN OCTE Vo UTOPOVUE VO 10YLPIGTOVUE OTL QLT 1
puéBodog Ba 0oMnyel o€ KOAG OmOTEAEGLOTO TOCO YO UEYOAVTEPO COUATO KEWUEVOV

0G0 Kot Y10 TEPLGGOTEPQ €101 AOYOUL.

EmimAéov, &yovpe to mieovéktnua 0Tl Ta amoteAéopata avtd emPePorddnkov

otV TPAEN Kot pe T HEBOSO TV VELPOVIK®V OIKTUMV.

38



U-matrix

2
&
o® 1.5
® 1
Variable6
41.4
26.8
12.3
d
89.3
60.2
31.2
d
616
- 517
® 418
Variable24 d
" |
_ 20.3
: 18.2
Labels d

Variable1

Variable8

8940
7610
6270

4940
Variable7

221
159
96.1

d

d
309
283
258
232

d

d

d

Variable13

206
Variable19

10.3
8.94
7.6

6.26

Variable25

15.2
14.9
14.6
14.4

Variable14

.

T

Variable26

e
re

CEET I OEE U oOE | T oE 0 T SoE  am

Variable3

7960
7690
7410
7130
6860
6580

.Js

<
)
=
o
o
@
©

259
184
110

Variable15

A

Variable21

v

Variable27

=

3.64 §

d
d
90.7
63.3
36 :
8.63 g
d
d
d

946
687
428
169

31
20.2
9.44

65.1
43
209

7.48
6.73
5.98
5.23

10.2
8.58
6.95
5.32

Variable4

1 ¥
2 Y

CEET T OEE T T oOE Ol oET TSmO

Variable10

=2
oy

Variable16

“C

Variable22

i
L

Variable28

2010
1490
974

365
282
200

d
d
145
110
74.6
d
15.3
13.9
d
d

12.4
11

Variable5

Variable17

Variable23

Variable29

T

189
137
841
31.6

56.8
326
835

1010
834
658
482

6.37
5.86
5.35

16.2
14.2
12.1
10.1






Labels

U-matrix

1.2

0.8

Yympoa 3.2



41



Kepdrawo 4 : Awayopiopdc Opintdv

KEDPAANAIO 4
AIAXQPIZXMOY OMIAHTO2N

4.1 Eroerywys

270 TETOPTO KEPAAONLO EMKEVIPMVOVUE TNV TPOCOYN HOS GTOV OEVTEPO GTOXO OVTNG
™m¢ gpyacioc, o omoiog ivatl 0 dY®PIGUOC TOV KEWEVOV TOV TEVIE OMUANTOV TNG
BovAng. AkoAovBovv ot TANpo@opies Yo T KEIEVA TOV UEAETNOALE, Ol UETPNOELG
oV KAvapE, N emeEepyacio TOLG KOl TEAOG KOO GUUTEPAGLOTO Yo TNV axpifeia

g neBddov mov aKoAOLONGALLE.

4.2 Ketueva

Ene1dn, énwg sivor povepod (wivarag 1.2), To apykod pog oetypa dev eival otafucpuévo
(xvplog AOYy® TG Vmapéng peydhov oplBpov  kewévov ToL oAt A),
AVOYKOOTNKOWE KOTE TNV Ol0dtKacio ¢ eneEepyoaciog TmV HETPNCEMV VO, ETAEEOVE
Kémola Kelpeva MOTE 1 TOPOLGIN TOV OANT®OV va gival 1ooPapns péca oto Ao
detypa. I' avto, extdg amd to apykd copo kewévov I, ypnoyoromoapue yuo to
TEPAUATH LOG KOl £VOL VTOGVLVOAO TOL, T0 copo kewEvov I To copa keyévov 11

amotedeiton amd 127 mpwtoAoyieg mov ekpoviOnkav ta étn 1999-2000 xor wo

GUYKEKPLUEVA. :
2opo Keywévov 1T || 1999-2000 || Aéleig
Ouilntng A 36 90090
Ouilntng B 16 73988
Oudntng I’ 30 64905
Ouiintig A 21 60071
Ouiintng E 24 75550
XOvoro 127 364604

Mivakog 4.1 — To copa kewpévov 11
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MdéMota, ot mpotoloyieg ovtég emA&yOnkav va  Tpoépyovior  amod
GLVEDNPLAGELS OTIS OTO1EG TOLAGYIGTOV OVO amd TOLG MEVTE OPIANTEG EAafav To AOYO.
Onwc Ba pavel apydtepa 10 copo keywévov I elvar capdg mo 1coppomnuévo

(balanced) ko pe pkpdTEPES O1OKVUAVOELS.

4.3 Metoroetg

["a to 6e0TEPO AVTO GKEAOG NG EPYOCING EUTAOVTICAUE TIG LETPNOELS LOG LE KATOLES

TOPOTAVE PETARANTES.

4.3.1 Mezponon Mogpyoloyuwy Xepaxtnotorixwy

Extég amd 1o Lopporoyikd yopoKTNPIoTIKA T0. oToie avagépovtal 6tov mivaxa 3.1

npocOécape axoun to €N :

1. Tnv ypnom ecotepikdv avénoemv (katnyopieg a Kot f) otovg TapeAbovtikong
YPOVOUC TV prpdtev’ (300 emmhéov petaPpintéc). H pérpnon avth eivar ko n
OV M omoia £YVE YEPWOVOKTIKG A TNV YA®GGOAOYIKN opddo, aAAd emAeEape
VO TPOYWPT|COVE OTNV TPOYLOTOTOINGTN TNG Yol Vo doOUE av OvTeg elvol

ONUOVTIKT OTO OYWPICUO TMV OLUANTOV.

Ot pnuatikoti tomor mov amaptiCovv v katnyopio o €ivar THmoL mov €yovv

avénon (cuAhafkn, xpovikn). Avt 1 avénon elvar :

Q €0MTEPIKY, T.Y. OTEPVYE, TOAPHAAGAV

a eotepikn, wy. E00cav, HOEAAV

2 T100 TIC avAyKeS TOV TEPAUATOV [OC, PETPHOAUE To PHLLATO. T 0moio. Ppiokovial oe TopedovTicong
yxpovovg. IINpape Aadn tn AMota TOV ANppdtov Tov o tagger giye onueld®cel og pipata (tag : Vb)
Kot omd avtnv e&dyape 6oa Ppiokoviar oe maperbovtikd ypdvo (tag : Pa). Xt cvvéyeia €ywve
YEWPOVOKTIKY emelepyacio TOV PNUATOV VTGOV Yo TV eay®myn KOTOI®V CUUTEPACUATOV. MEow
VTG NG eme&epyaciog Tov £yve amd TV YAOGGOAOYIKT OLAd0, LETPCOLE KOl TO TOGOGTO OKPiPEtog
TOL tagger otn GLYKEKPIHEVN epyacia, To omoio Ntav 98,15% (98.142 cwotd mopelfoviikés pnuoTikég
pHopeég e chvoro 99.989 mov pag Edmoe o tagger).
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Ot pnuatwkol tomor g katnyopiag F elvar avadéntor, doev €yovv OMAaodM

avénon, m.y. KAAyave, andvince.

2T0Y0C TOV EVIOMIGLOV TOV €V AOY® PILOTIKAOV TOT®OV Evat vo SOVUE TN ¥PNoM
™mg avénong oty mopovca @dorn g EAAnvikng, mpokeévou va Pyovv kot

ocvunepdopoto yo v motkido Kabapegvovoag kot Anpotiknc.

H ypovikn adénon (mapyracav, omgvince) elvar POAAOV OTAVIO, EVO 1
ocvAlofikny ovénomn, T0 —&-, €ivor 1M KOTA KOPOV  YPTCLULOTOLOVUEVT.
Ymoompiletor [Mra72] 6t n adénon avt epeaviletar g opeas Tov tovou.
Mo mapdderypo, €xovpe Tovg mapeAboviikohg TOTOVG “ypdyaue”, “ypayote”,
Yopic avénon, aAld mapdAinio vdpyoLV ot TOTOL “Eypaya’, “Eypayes”, K.0.K.,

Omov 1 avénon epeaviletal, ylo va gEpeL Tov TOVO.

Me 11¢ kamnyopieg o kot B mpoomabnoape va dovue moHte 1 avénon esivon
amopoitntn, mote ivor dSuvatdg 0 EVOAAAKTIKOS TOTOG Kol TOTE N avénon eivan

evtelmg mepurtn. o mapdostypa :

a evolépepe — evoldpepe : Edd n adénon eivon amapaitnn kot n anovcio

™G €XEL OC UTOTELEGLOL OVTLYPOUUATIKO TOTO.

a é&wocav — dmwcave : Edd n adénon, maporo mov eépel Tov TOVO, eV glval

Gxpmg amapoitnTn, aeov gival SuvaTdg Kot 0 avadENTOG TUTOC.

a Jetédn — owrtédnke @ Ed®d m avénon dev eivon amapaitntm, kabocov
pdAota oev @épel tov tOvo. H ypriom g €xel og amotéhecua €va

pnuotikd tomo g Kabapedovsac.

To mpoécomo ol TOV 0OplOUd TOV PNUOTIKOV HOpQdV (mivakog 4.2),

TPocBETOVTOG £TG1 AAAEG 6 PETAPANTEG GTO CVGTILLAL LLOG.

lo Ilpdcwno Evikd | 1o ITpocwmo ITAnBvuvticd

20 [lpécwmo Evikd | 20 [Tpocwmo [TAnBvvtco
3o [Ip6cwmo Eviko || 3o [Tpocwmo [TAnBvvtikd

IMivaxac 4.2 — Emaiéov Mop@oioyikd XapaKTnploTika
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4.3.2 Mézronon Aourxwyv Xegaxryotorixwy

Extég tov 6cov onueiov otibng avapépovtar oty mapdypapo 3.4.2 LeTpCOE
EMITAEOV KOL TO EPOTNUOTIKA, EVAD OT®G Ba avapEépovpe kol otnv enesepyacio TV
HETPNOEDV GUUTTOEANE TO, KOUUOTA, TIC TOPEVOECELS Kot TIC TOVAES GE oL LETAPANTN
KOT® amd T0 Ovoua “onueio oticng”. Lrov mivaka 4.3 TapabETove TIg LEGES TIUES Kot

10 €0POG TILAV Y10 KATOEG OO TIG LETAPANTES AVTEG :

Ouiintnc A | Owiintng B | Owintng I' | Ouidntig A | Owiintng E
Aéeic 463.680 177.853 241.882 217.305 190.601
Ipotdoeig 23.564 10.944 12.832 11.520 10.312
Mnkog 5,3 5,2 5.4 5,6 5,5
Aélewv (4,6-5,9) | (4,7-5,6) (4,8-6,2) | (4,9-6,3) (4,8-5,9)
Mpjkog 19,7 16,3 18,8 18,9 18,5
Ilpotacewv | (8,1 —40,6) | (6,8—24,5) || (9,7—38,2) | (8,6 —34,6) | (11,8 —31,8)

IMivakag 4.3 — Awoérvteg TIHES Y100 TOV 0.p1ON0 AEEEMV KOL TPOTACEMV KL PEGES
TIpEG (o€ Tapévleon Ta VPN TIHOV) Y10 TO pKY AEEEOV KOl TPOTAGEMV Ovd
Keipevo.

EmumAéov a&lomomoape oe peyohdtepo Pabud Tic PETPNOELS Yol TO. UMK

AéEemv ko Tpotdoewv elcdyovtog Tic €ENG 17 petafantéc (zivokog 4.4) :

1-3 Tpaupota ové Aéén

1 Aéén ava [pdtaon

4-8 I'pappota ava AEEn

2-5 AéEeic ava Tlpotaon

9-15 I'pappato avé AéEn

6-10 AéEeig ava [1pdtaon

16-20 I'paupato ové AéEn

11-15 AéEeic ava Tlpotaon

21-30 I'paupato avé Aéén

16-20 AéEeic ava [Ipotaon

21-25 AéEeic ava [Ipotaon
26-30 AéEeic ava [Ipotaon
31-40 Aééeic ava [pdTaon
41-50 AéEeig ava [Ipdtaon
51-75 AéEgig avd TpoTaon
76-100 AéEeig ava [1pdtaon
101-150 AéEeic ava [potaon

IMivaxkoeg 4.4 — EmumAéov Aopikd XopoKTnploTikd

EmiléEape va opadomotoovpie T AEEEIS TOV amoTeAOVVTOL At Eva ¢ Tpia

ypbppota akpPog emedn exel meprhapfdvovtal OAa to dpbpa kabmg Kot GAleg

45



Kepdrawo 4 : Awayopiopdc Opintdv

AéEeig o1 omoieg elvarl opkeTd cLYVEG (OTMG Ol Kar, Vo) Kol U1 YOPOKTNPIOTIKEG.

Eniong ypnopomomcope pio petaffAnT yia tig Tpotdoelg unkovg piog AEENG.

4.3.3 Méon tov Aoyov

Onwg kot mponyovpéves petpriinkav mwéir to 11 pépn tov Adyov (mivarag 3.3) wou
EMMAEOV TOL TOCOOTH OVCLOCTIKOV Kot €MOETOV To. omoio. Ppiokoviol oe yeviky
ntoon. H pétpnon avt) emdéybnke va mpaypatonomOel yati n yeEVIKY] TTMOCY HOG
otvetl éva PETPO TNG YPNONS OLCLUCTIKAOV Kot eMBETOV 61N Béom TV prpdTomv Tov

oLV BMS YPNGILOTOLOVVTOL GTOV TPOPOPIKO AGYO.

4.3.4 Meronon Aexrixewy Xogaxrnotarixwy

2T1g HeTPNOES HOg, eMAEEAUE VO CVUTTUEOVUE TIG AEEEIS OVOEIS, OVIETOTE KO
ovdauod Katw omd o petafint, AOYy® G €EoPETIKA KPS CLYVOTNTOG
epupdviong tovc. Kielvovtag avty v avaeopd ot apvntikés AEEELS, TPEmMEL va
ovue OtTL &ywvav emiong HETPNOELS Yo Ta €ENG dtypappato / Tprypaupato (rivarag
4.5). Or petpnoelc avtég ogv a&tomombnKav otnv GLYKEKPIUEVT €peuva, givar OHmG

ciyovpo 6t Ba ypnoipomomnBovv 6to PEALOV.

un + oVGLGTIKO Oyl + 0VGLOGTIKO
un + emibeto oy1 + emifeto
pn + petoyn Oy + petoym

un + emippnua + enibBeto || Oy + emippnua + enibeto
pun + emippnpo + petoy) || oyt + emippnpa + petoyn

IMivaxag 4.5 — Avypappato / Tprypappoto Tov 4y Ko oyt
‘Eva Cevydpt AéEemv 10 omoio emiong KATadEKVOEL TN Slpopd avAUESH GE

KaBapedovoa kor Anpotikn etvon ot omoiog (Kaf.) xou mov (Anu.). Ov AéEeg avtég

Umaivouv 610 cHOTNUO KAT® omd pia LeTafANTY], TOV AOYO ELPAVIONG 0Toiog / To.
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Kotd v didpkela tov nelpapdtov Kdvope Sy UATOANTTIKA LETPOELS Y10l TOL
MO OLYVE YPNOIOTOOVUEVE ANUUOTO CE KAmOw KEIPHEVO Kol Tn ovyvotnta
eueaviong tovg. [epnmTikd avaeEpovpe OTL TO O GLYVA ANUUOTE  OTIG OLUALEG
TOV TEVTE TOMTIKOV Qoivetal va gival ta : o, kail, va, atov, einal. ATd ovtég T AMoTeg
AMUUATOV TOpaTpoaie EVIOVES OLPOPES OTN GLYVOTNTA EUPAVIONG OPICUEVOV
ANUUATOV Kol aro@acicape va To LEAETICOVUE TTo emtotapéva. Kdmowo and avtd ta
MUpOTO TEPIEYOVTOL OTOV Tivaka 4.6 v GUVOMKE ypnoipomomoape 17 Aquuota o

omoia TpocshETovy 6to cuoTnUa AAleG 17 ypappikd aveEdptnreg petafAntés.

Eyo A0o¢
Mnop® O&m
Kavo Yndpym

MMivaxac 4.6 — Afjppota

4.3.5 AAAeg Metoroets

2t 0gdopéva pog mpocHicape TV TANPOPOPia Yoo TNV Xpovid oty omoio EAafe
yopo M kébe opAla (0nwg Ba avagépovpe apyodtepa, Qaivetal va LEAPYEL o
HETABOAN TOV YOPOKTNPIOTIKOV KATOIWV OpANTOV o€ BABog ypdvov) kabmg kot tnv
TéEN ™C KoTd TV Nuepnow ddtaln ¢ cvvedpioons (mpotoroyia, devteporoyia
K.T.A).

4.4 Aroreléaucrre

[Ipotod mpoywpnoovpe oTN ANYN ONOLOVONTOTE OMOTEAECUOTOC KOl EMEWN TO
Kelpeva frav dSlopmv peyeddv, KavoviKOTOMGoae TiG LETAPANTEG £T01 DOTE OAES O1
TIES va avtiotoy oy o kelpeva peyéBoug 100.000 Aé€ewv. Onov ntav dvvatd (m.y.
pépn ToLv AOYOL M O1APOPEG KOTAVOUEG YPOUUATOV Kol AEEEMV), EKPPACOUE TIG

HETOPANTEG O€ TOGOOTA £ML TOIG EKATO.
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1o Eviko || 20 Eviko || 30 Eviko || 1o IIAnGvvtiko || 2o IIAnOovixo || 3o [1inBovtixo
Ouiinng A 114,30 0,43 208,76 199,28 58,66 429,39
(1,98) (0,07) (2,92) (3,30) (1,40) (6,26)
Ouilnting B 66,91 1,12 191,73 423,95 50,04 424,51
(1,89) (0,15) (4,83) (10,19) (2,01) (10,51)
Owitntng I’ 74,00 0,41 247,23 329,91 10,75 577,14
(1,48) (0,06) (3,43) (6,09) (0,46) (8,91)
Ouiinting A 63,97 0,92 174,87 185,45 84,21 473,07
(1,17) (0,16) (3,30) (4,37) (1,91) (9,00)
Ouidnmig E | 110,18 0,00 277,02 290,66 123,82 381,43
(1,98) (0,00) (5,95) (5,95) (3,90) (8,44)

ITivaxkog 4.7 - Méo0g 6pog 6VYVOTITOV Kol TUAIKNY aoKAon (o€ mapévleon) Tov pnpoTik@v katoinéemv s Kabapevovoag,
kavovikomommpuéves o€ 100.000 A&Eerc, Y10 kKaBEvay amd Tovg TEVTE OPIANTEG.



1o Eviko || 20 Eviko || 30 Eviko || 1o IIlnBovuxo || 20 [1inBovtiko | 3o [TAnBvvriko
Owiintig A 25,88 70,52 180,94 68,80 51,11 72,46
(0,60) (1,27) (2,66) (1,44) (1,42) (1,33)
OwAntic B 16,31 82,65 183,86 125,95 57,35 89,40
(0,66) (2,46) (4,68) (3,73) (1,75) (2,60)
Owiintng I’ 15,30 67,39 186,87 109,97 13,23 96,74
(0,39) (1,37) (2,62) (1,93) (0,64) (1,67)
Ouiintig A 13,35 115,97 239,76 69,95 71,79 124,25
(0,50) (2,39) (4,20) (1,83) (1,66) (2,44)
Owntig E 24,66 76,60 202,52 129,59 79,22 81,85
(0,70) (1,90) (4,10) (3,40) (2,26) (2,02)

Mivakog 4.8 - M&oog 0pog GuYvVoTITOV KOl TUTIKT 0T0KALoN (6€ TapEvOEsn) TOV PUOTIKOV KOTOAEEOV TS ANROTIKYG,
kavovikomommpuéves o€ 100.000 AéEers, Y10 KaOEVaY 0o TOVS TEVTE OPIANTEG.



Ipotaceig | Koupuozo | Hopevbéoeis || IHoadles || Epotnuatixa Karainéeig Koartainéeig
KobOapebovoag Anuotikng
Owintiic A | 5081,95 | 8222,48 136,73 829,45 386,69 1010,83 469,72
(61,75) (106,15) (2,37) (12,19) (7,64) (12,72) (6,22)
Owiintig B | 6153,40 || 7207,64 83,21 852,95 691,02 1156,01 555,52
(127,80) | (153,22) (2,33) (19,91) (16,75) (26,60) (12,45)
Owintic I' || 5305,07 || 7146,05 133,54 348,10 191,42 1239,45 489,49
(73,39) (96,09) (1,60) (5,82) (3,73) (17,86) (6,60)
OwAntiic A 5301,30 | 7442,08 103,08 235,61 557,74 982,49 635,05
(86,91) (119,25) (1,49) (5,70) (10,20) (16,64) (10,21)
Owintic E | 5410,25 || 8403,94 164,22 643,23 447,53 1183,10 594,44
(105,21) | (156,00) (4,64) (12,84) (10,66) (22,83) (10,89)

ITivaxag 4.9 - Méoog 6pog 6VYVOTITOV KOl TUMIKT 0TOKALoN (6€ TapEvlesn) Yo TO. SOPIKE YOPUKTNPLOTIKA KOVOVIKOTOUUEVO OE
100.000 A¢é€erg, Yo KaOévay amd Toug mEvTe oA Téc. O 000 TELEVTUIES GTIAES KATAYPAPOVY TO CUYKEVIPOTIKG OTOTEALEGPUATO TMOV
mvakov 3.4 kot 3.5. Ereon oev gival ypoppikd aveSaptntes petofAntég oev Aapfdvoov pépog oty 6TOTIOTIKY EMEEEPYAOIN KO OTTAMG
TO AVOQPEPOVUE Y10 AOYOVS TANPOTNTOS.



MMivaxag 4.10 - Eni to1¢ ekato (%) avaroyia yia ta 11 pépn tov Adyov, 1o keOévay amd Toug mévre opntés. O avriotoryiss (1=emifeTa

1 2 3 4 5 6 7 8 10 11
Ouiinmng A | 8,48 || 7,14 || 5,59 | 12,76 || 7,64 | 20,30 || 4,43 | 7,27 || 14,18 | 11,91 | 0,30
Owiintng B || 7,80 || 5,94 || 5,67 || 12,07 | 7,72 | 18,09 | 5,73 | 7,42 || 15,21 || 13,80 | 0,56
Owinmng I' || 8,23 || 6,38 || 4,00 || 14,46 || 5,71 | 20,83 || 4,86 || 6,50 || 15,98 || 12,78 | 0,26
Ouiintng 4 | 9,54 || 6,51 || 4,23 | 14,02 || 6,51 || 21,91 | 4,33 || 6,24 | 14,91 | 11,47 | 0,32
Ouinmig E | 9,34 | 6,60 || 5,77 || 12,05 | 7,13 | 20,11 || 4,68 | 7,17 | 14,38 | 12,54 | 0,23

K.T.A.) 6ivovton otov wivaka 3.3.

Tevikég Tevikég 1o Eviko || 20 Eviko || 30 Eviko || 1o [1AinBovtiko || 20 [TAnQvvriko || 3o IAnGovtixo
EmOétov | Ovoiaotikwy || Phudtov | Pyudtov || Prudtov Prudraov Prudtowv Prudzwv
Ouiintng A 21,57 23,62 8,64 0,52 45,89 8,54 11,58 19,24
Ouiintng B 16,35 20,72 5,26 0,70 39,35 11,86 10,45 17,28
Ouiintng I’ 20,50 23,42 7,08 0,18 50,73 16,63 1,91 19,71
Ouiinng A 25,13 29,54 5,35 0,14 45,42 7,24 11,36 18,26
Ouiintng E 20,49 24,49 7,92 0,09 39,66 9,44 9,61 11,58

ivaxkoeg 4.11 — Exi toig ekato (%) avaroyio yeViK®OV o€ enifeta Kol ovoraotikd. Eni toig ekatd (%) avaroyio Tpoc®dmov-aptdpod yio

oLa Ta prjpata (0L povo 6o £xovv Tig 230 TpoavapepOeioes KaTaAEELS).




oyl 0VOEIS ovoémote || ovoouod aVED oe(v) un(v)
Ouiintng A || 219,98 0,65 2,59 0,00 6,47 1735,90 || 421,41
(3,69) (0,08) (0,22) (0,00) (0,31) (22,93) (6,69)
Oudntig B || 299,69 2,25 3,37 0,00 3,37 2237,24 | 468,93
(7,98) (0,21) (0,26) (0,00) (0,30) (45,78) | (11,36)
Oudnmie I' || 101,29 0,00 2,07 0,00 1,24 1904,23 | 384,49
(1,77) (0,00) (0,17) (0,00) (0,14) (28,20) (7,09)
Ouidntnc 4 || 145,42 0,00 0,46 0,00 2,76 1878,00 | 500,22
(3,69) (0,00) (0,08) (0,00) (0,19) (27,94) (8,28)
Ounmig E || 200,94 4,20 6,30 0,00 7,87 1955,39 || 459,60
(4,25) (0,30) (0,45) (0,00) (0,51) (36,90) | (10,57)

IMivaxag 4.12 — Méc60og 6p0og ovYVOTHTOV KOl TVTIKY] 0ok o (o€ Tapévieon) ya Tig AEEELS o1 omoieg ekppdlovy apvnon,
kavovikomompéveg g 100.000 AéEers.

o b omolog / Tov
Ouiintic A || 11,01 1,82 0,115
(4,00) (1,00) | (0,16)
Owintic B | 9,31 124 0,117
4,97) | 0,95 | (0,20
Owiintng I’ | 12,92 1,58 1,041
4,68) | (0,93) |(23.67)
OwAntiic A | 10,56 1,14 0,243
(4,28) (0,79) (0,36)
Ouwiintic E || 11,19 1,06 0,144
42 | a1y | 0,22

IMivaxac 4.13 — Eai To1¢ ekoto (%) avaroyio kor TomiKy andkiion (o€ Tapivleo)) TOV E6OTEPIKOV AVENGE®V TUTTOV @ Kol f 6Ta prjpata
naperfovTikOV ypovov. Emiong, n avaroyio gp@aviong Tov AéEemv omoiog / mov.
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Ta amoteAéoUATO TOV UETPNCEMY TOL KAVOUE O{VOVTOL GUVOTTIKE GTOVLG
mivakes 4.7 — 4.13 xou ota gynuata 4.1 kon 4.2. Tho avolvtikd, o mivaxag 4.7 mepiéyet
TIC CLYVOTNTEG EUPAVIONG TOV PNUOTIKOV KatoAnEewv e Kabapehovoag, evod o
mivaxag 4.8 T avVTIGTOYES CLYVOTNTES EUPAVIONG TOV PNUOTIKOV KATAANEE®V TG
Anpotikng. Emedn n ypnon evég mivaxa pe 230 petofAntéc o Tov vIOAOYIGTIKG
advuvaT) 0AAL Ko To amoteAécpato mov mbavog Oa £dve dev Ba Bonbovoav otnv
e€aymyn CLUTEPACUATOV, Ol KOTAANEES ekppdlovtal afpolotikd Yo KGO apBud
Ko TPOGMOTO 6ToV mivaka 4.9, 0 omolog eniong mepiéyet Ta SOHKE yopaKTnpLoTikd. O
mivaxag 4.10 mepiéyel Ta otoryela yoo To. PPN Tov AOYOL, VD O mivaxas 4.11 Tig
YEVIKEG OLGLOCTIKAOV Kot €MOETOV KAOBMG Kol TO CTATIGTIKA Yo, To TPOCMOTO Kot
apBuovg tov pnudtov. O wivaxas 4.12 €xel to. oTOrXElD YLOU TIG OPVICELS Kol O
mivaxag 4.13 otoyyeia yuo 11g ecotepkésg avénoeic. Télog, ameikovicape oynuoTicd
TIG €mi TO1G €KOTO aVOAOYiEG TV YpappdT@V avd AEEN Kot AéEemv avd TpodTacn oTa

oynuato 4.1 xon 4.2.

[Hopatnpaovtag tovg mivokeg aVTOVG, UTOPOVUE VO KOVOLUE KATOEG

a&loTPOCEKTES TAPUTNPNOELS GE GYECT| LLE TOVG TEVTE OUANTES TOV LEAETIOOLLLE

* Onwg NToV aVOUEVOUEVO atd TNV OVAALCT TV 0OV TOL AGYOL KOl Y10 TOUG
TEVTE OJANTEG O1 PNUOTIKES KOTAANEELG 01 0moieg avTioTotyovv ot Kabapevovsa
glval yevikoTtepa mo GLYVEG amO AVTEG TNG ANUOTIKNG, EKTOG OO TNV TEPITTOGN
TOV OELTEPOL TPOSMOMTOL VIKOV Kot TANOuvTiKov. [Tapodia avtd dev eppavioviot
€VTOVEG OLOKVLUAVOELS HETOED TOV TEVTE OMANTOV, TO avtifeto pdAiota, Ha
UTOPOVGALLE VO, I0YVPLOTOVUE OTL OGOV OLPOPA TI PNUOTIKT TOAVTUTLO VILAPYEL it

opotopopeio petacd Toug.

= Ocov apopd To OOHKA YOPOKTNPLOTIKA TopaTnpovUE o Tédor Tov OpAnm A va
YPNOOTOIEL AYOTEPES TPOTAGELS, KATL TO 0oi0 dtapaiveTor Kot omd TV £viovn

ypMon onpeiov otiEnge.
= O Ot A ypnotponolel TePIocOTEPO TN YEVIKN OO TOVS VITOAOUTOVS TEGGEPLG

OUIMNTEG TOGO 0T OLOLACTIKG OG0 Kol oTa mifeTa, evd o Ouintic I' exppaleton

TEPLGCOTEPO OO TOVS GLVAIEAPOLS TOV 610 10 [TAnBuVTIKG pnudtov oe avtiBeon
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pe to 20 IMAnBvvtkod, to omoio ypnowonoteil erdyiota. Emiong, o Opintig B

KOVEL TN LEYAAVTEPT] XPNON OPVNTIKOV Hopiwv Kol AEEEWV omd OAOVG.

" MeleT®VTOG TIC AEKTIKEG LETPNOELS, Tapatnpovpe 6t 0 Opng I' xpnowonotet
™ AéEN omoiog oty 1010 mepimov avaroyio pe ™ AéEn mov, o€ avtibeon e Tovg

VLOAOITOVG TEGGEPLS Y10 TOVG OTOTOVG 1) awvaAoyia avtn givon tepimov 1 mpog 10.

*  TeleldvovTag UE TIG KOTOVOUES YPAUUATOV avd AEEN kol Aéemv ovd mpdTaom
TapoTNPOVUE OTL OTn Katnyopio ypappoto ova AEEN Kot ot mEVTIE OMIANTEG
aKoAOVOOVV TAPOOIEG KATAVOUES, EVD OTIG AEEELG avd TpdTaom eivat ELOvVIG M
npotiunon tov Ot B otic mpotdoelg éwg 10 AéEewv, tov Opinm T otig
npothoelc omd 11 émg 25 Aéets, kot Téhog —Omme avapévape- Tov Opant A o1ig

peyaiec mpotaocels (amod 31 émg 150 Aéerg).

211 emdueveg mopaypaeovg Bo  akoAlovONocovLUE OTOTIOTIKEG KoL GAAEC
peBOO0VG Yo VoL KAVOVLE 10l IO OVTIKELLEVIKT] avaAvoT TV dedopévaov. Tlpénet va
emonuivovpe 06Tl oty avdivon avty Bo YPNCIUOTOMGOVUE £va VTOGHVOLD TMOV
TPOOVOPEPOEVTOV  YOPAKTNPIOTIKDOV, HE OMMOTEPO OTOYO VO  TETVYOVUE £€Val

TKOVOTIOUTIKO TTOGOGTO aVayVMPLoTG LE OGO TO OLVATOV AYOTEPES LETOPANTES.

4.5 Ernc&egyocote

AxolovBel n enelepyacio TOV TOPOTAVEO UETPNCEWV HE TN YPNON OTOTICTIKNG

puefOd0Lv aAAG Ko pe T PonBEld VELPOVIK®V SIKTVMV.

4.5.1 Xrarioriey Encéegyocote

2V TEPInTOON TOL SOYOPIGHOD OHANTAV, 1| UEBOJOG TNG avAAVoNG GE OUAOES
(cluster analysis) dev divel mTOAD KOAG amoteAéopata, AOY® TOL OTL Ol OLPOPES GE
TPOCMOTIKA GTUA EIVOL COPOS AYOTEPO EVTOVEG OO ALTEG TTOL ERPOVICoVTOL aVALESH

ota €10Mm Adyov. AkOUN Kol OTOV XPNGLOTOOVCAUE OVO LOVO OMANTEG, Ol OUAOES
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mov oynuotickay TepteAdpuovay Keipeva kot omd Tovg dHvo [TMH00b]. Tt owtd

KaTaANEaLE oTn (PNoT TS OOKPITIKNG avaAvong (discriminant analysis).

‘Eva onpoviikd otorelo mov €mpeme va peletiioovpe givar to €4v ot
petafAntég mov emAéEope vo HETPNOOLUE elyov 1oyxvp ovoyEtion. Av OVImg
VINPYOV IGYVPEG GVOYETIGELS, TOTE OVTEG O UTOpOVGAV VO YPNOIUOTONOOVV OGTE VoL
HELWOOVV 01 OOTAGELS TOV YMPOL TPOTL®V. [0 TIG GLYKEKPIUEVEG LETPNOELS
ypnowonomooape 63 ypopuukd oaveEdptnreg petofAntéc ywri 6mwg Bo eovel
apyoTeEPO 0 OpPBUOS TOV UETOPANTOV OVTOV &ivorl VIEPAPKETOS Yoo TNV ARYM

TKOVOTIOUTIKMV OTOTEAEGULATOV.

210 oynuo 4.3 @aivetar o apBUOS TV GLCYETICEMV GE MOGOCTO €M TOLG
ex0to (%) ava Levyog pHeTafANTOV TOG0 Yo To omdpa kKelpévov I 6o kat yio 10 chpo
kewévav 111 Onwg PAEmovue, oto copa keywévov I, Babud cvoyétiong tave ond
0,5 éyovpe povo oto 1,23% twv (evymdv petafintav, KAt T0 0moio VTOJEIKVIEL T
YOUNAY cvoyétion Tov tapopétpov. Emmiéov and ta 1953 (ebyn petafintov, povo
10 éva €xel ovoyétion peyarvtepn tov 0,8 (cvykekpipéva 0,88). TTapduota givar kot
ta. omoteAéopota Yoo o copa Keywévov I, oto onoio pdévo to 3,33% tov Levyov
petafAntav Exovv cuoyétion tave ord 0,5 kol povo Eva £xel CLGYETION HEYOADTEP
tov 0,8 (0,94). Apa, KOTOAYOUHE OTO GLUTEPOCHO OTL 1 TAEWOVOTNTO TOV

peTAPANTOV elvar HETAED TOVS OCVLGYETIOT .

X ovvéyewn perethoape mapdAinia to copoto kewpwévov Il ko I pe
pébodo g OaKptikng avaivong (discriminant analysis). Ou 63  petafAntég
yYpPNOoOTOMONKAY Yoo T ONpovpyio. SlOYMPICTIKOV GLUVOPTNCEWV Ol ONOIEG UE
axpifeia avayvopilovv v TovTdTTO TOV OpUANTOV. EmimAéov ypnoyonomoaype Kot
To TPlo. HOVTEAQ TTOL TPOAVAPEPUUE TPONYOLVUEVMG (TANPES HOVTEAO, EUTPOS KO
oo Pnuatikd povtéro) pe tiun g mopapétpov F1 = F2 ion pe 4 xou péyioto

apud Pnudtov to 65.
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Ta omoteAéopota NG OOKPITIKNG avaAvong divoviar otov mivaka 4.16 o

0moi0g 0KOAOVOEL :

IlAnpeg || Eumpoc Bnuonixo | Iliow Bruotiko
2oua Keyévov 11 92,31 90,63 91,81
(63) (33) (41)
2ouo Kepéveov 1T | 100,00 97,64 97,64
(62) (16) (19)

ITivaxog 4.16 - AToteAéopOTO TG OLOKPLTIKIG 0VAAVOGS Y10 TO GONATO,
kewpévav I ko IIT ko o€ mapévleon o aprOpdg Tov petafAntdv ToL
YPNOLUOTOLEL TO HOVTELO.

AvoluTikotepo Yoo KAOE OMANT Kol OO0 KEWEVOV TO  TOPOTAVED

OTOTEAEGLLATO OLOULOPPDVOVTOL OG EENG :

2ouo Kewwévov 11 || Iinpeg | Eurpog Bnuotixo || Ilicw Byuotiko
Owiintng A 95,90 95,20 95,42
Owiintig B 84,71 77,65 84,71
Ouwdntng I’ 91,39 91,39 92,21
Owinig 4 90,26 88,31 87,66
Owiintng E 89,32 84,47 88,35

Mivakog 4.17 - [Io606TA OVAYVOPLOIS OPIANTAV TOV 6ORATOS KeWévav 1 Yo ta
povTéLa Tov avapépovtal oTtov wivaka 4.16.

2ouo Kewwévov 111 | [inpeg || Eumpog Bnuotixo || Iiow Byuatiko
Ouidntig A 100,00 100,00 97,22
OwiAntig B 100,00 100,00 100,00
Owidniig I’ 100,00 96,67 96,67
Owidntiig A 100,00 95,24 95,24
Ouiintng E 100,00 95,83 100,00

IMivakog 4.18 - [Io6o6TAa OVAYVOPLEIS OIANTAV TOV 6ORaTOS Keévav 1T o
T0, LOVTELD TTOV AVAPEPOVTAL 6TOV TTivaka 4.16.

[Mopatnpodpe 6TL 1 ardS06T TOV GLGTHUATOS PEATIOVETOL OTIG LETPTOELS TTOV
a@opovv 10 copo kewwévav III. Avtd opeiletal oto OTL To GLYKEKPLUEVA KEILEVA
glvan

TPOTOAOYie, ONANOY Keipeva peyokdtepo oe  péyeboc Ko  KoAvTEPQ

TPOETOAGUEVE, OO KAOe apeon ovvémew vo  givor  mo

oAnty, ue
QVTITPOCHOTEVTIKA Yoo KABe oAy (KPAOTEPES OLOKVUAVOELS TOV TOPUUETPDV

TOVG).
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Onwg avoaeépape Kot TPONYOLUEVEOS EMBLUOVUE TO CUOTNUO UOG VO
yPNoonolel 660 to dLuvaTOV AyoTEPES LETOPANTES. [0 TO GKOTTO AL TO TPOYWPT|CAULE
Kol 6€ po. okOpN avdAvorn tov copdtov keywévov I ko I, to aroteAéopata g

omoiag dtvovtal TopaKAT®.

Eurpoc Bnuontixo || Hiow Bruotiko
2ouo Keyuévov 11 66,97 65,47
(€)) (€)
2ouo Keyévav 11 72,64 72,31
&) &)
2ouo Kewpévav 11 81,66 81,26
(10) (10)
2ouo Kewpévav 111 73,23 73,23
€)) (€)
2ouo Keyuévawv 11 84,25 76,38
&) &)
2ouo Keypévov 111 93,70 91,34
(10) (10)

IMivaxog 4.19 — Anoteréopata discriminant analysis yio povtéha pe AMyeg
petafrntéc (o€ mapévieon o aprOpog TV peTafinTov).

[Mopatnpodpe OTL PTopoVUE VL EYOVUE TKAVOTOMTIKY OVOYVAPLIOT OUANTAOV 0KOLLOL

Kol e TPELG PETOPANTEG, TOGO PAAAOV e TEVTE 1 OEKA, YEYOVOS TO OTTO10 Elvall ApKETA

evOapPPLVTIKO Y100 TIG TEPALTEP® EPEVVEG.
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4.5.2 Nevowvyexa Aixroo

H eneEepyasio tov anotehecpdtov £yve kot Al pésm tov SOM oto mepiBdiiov
g Matlab, aAAd poévo yia 10 copa kewwévov Il Xpnowwonomooape 10 010 o€t
EVIOADV TOVL ovoeépeTol oto mapdptnua IV, yopic mhviog ™ ypnon g tuyaiog

aPYLIKOTOINoNG.

Xpnowonomoape xaptec peyébovg 10x5, 8x4, 6x3 wor 3x2. Emiong
YPNOLOTOMGAE TOGO TO GUVOAO TV UETAPANTOV (85) 0AAG KOl VTTOGVVOAQ TOV Yo
Vo dOVUE TOEG UETOPANTEG GLVEICPEPOLV TEPICGOTEPO GTO GMOGTO JYMPICUO TOV

OLUANT®V.

Anu—Kab. | lotoypouuara || Tevikég-Kiiceis | PoS || Anuuoza | Zvvolixa

(14) (17) ¥ (11 (17) (85)

10x5 57,48 69,29 73,23 72,44 78,74 85,83

8x4 52,75 69,29 58,27 63,78 73,23 81,89

6x3 44,09 62,99 53,54 59,84 64,57 77,16

3x2 40,16 53,54 53,54 48,82 59,06 65,35

IMivaxkog 4.20 — AmoteAéopaTo PEGCE VEVPMVIKOV OIKTVOV Yia O1aQopa. peysin

xaptn.
Ouiintng A | Owintng B | Ouidntic I | Owidntng A | Owiintig E

10x5 91,67 93,75 93,33 76,19 70,83
8x4 75,00 93,75 83,33 80,95 83,33
6x3 72,22 87,50 93,33 80,95 54,17
3x2 63,89 81,25 80,00 66,67 37,50

IMivaxag 4.21 — Anoteréopata (eni Tov 85 petafinrov) Yo kaOe opint
Eeyoprota.

[Mopatnpodue 611 T0 TOGOOTA dSlaWPGHOL gugovilovior piKkpoTepa 660
pikpaivel To péyebog tov yaptn, KATL TO 0MTOl0 £lval AVOpUEVOUEVO Y1OTE OE Eva LIKPO
YOPTN TO Kelpevo pmopovv vo KatoveunBovv ce Ayotepa KeAld. Avtd €xel m¢
OTOTEAECHO. KOTTOl0L KEIEVA VO ovoTifevTOL ovoyKaoTIKO o€ KEAMA To Oomoio Mom

TEPEXOVV KEIEVA GAADY OLANTAOV.
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Eniong mopatnpodpe 6Tt Kdmolor opiAnTtéc —kat cuykekpiuéva ot B ko I'-
avayvopilovtol GuGTNUATIKE KAADTEPA od TOVG AALOVG, v avtifeta o opuAnmg E

avayvopiletol Tdvto pe TEPIocOTEPT OLGKOALA.

X100 gynuoto 4.5 kot 4.6 mov axolovBodv mapabétovpe toug yapteg 8x4 moL
TPOKLTTOVV Yo KAOBe pio amd Tic 85 petafantéc (avoivtikd oto Hapaptnuoa VI)
kaBag kot tov avtictoryo U-matrix. O Opiintg A cvopPoriletar pe A, o Bue Bo T’
pe C, 0 A pe D kot o E pe E. Eivar pavepd 01t 0 dtoywpiopdg o€ auTn TNV TEPITTMON)
dgv emruyydvetor e tOcO pHEYOAN okpifeln -o€ oyéon mAvIo PE TNV OLOKPLTIKN
avéivon, n omoia mavimg eivor péBodog pe emifieym (supervised) wxor Oy ympig
enifreyn (unsupervised), OT®G TO VEVPOVIKO OIKTLO- LG KOl OPKETE Keipeva

OLANTOV ovaTifevTal o€ TEPLOYEG OOV EMIKPATEL KATO10G AALOG OLUANTIG.
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4.6 Xoumegotouaro

Ta amoteAéSHOTO KATAGEIKVOOUV OTL T KEILEVA TOV TEVTE OLANTAOV KOl YEVIKOTEPOL
tov [ToAtikod Adyov dgv pmopoldv vo Sloymplotovv €OkoAa pe Paon povo to
HOPPOAOYIKA YOPOKTNPLOTIKE Kot T ovykekpiuéva Tig olapopss Kabapevovsag —
Anpotikng. Avtd eEnyeitat, OTmG £xel NON avapepOel, amd T0 YEYOVOS OTL Ol OLUALEG
g BouAng @aivovtar va oynpatiCouv pia KoAd opiopévn popen Adyov m omoio
YPTCLOTOLEITOL AMOKAEIGTIKA OO TOVG MOAMTIKOVG. X& avtifeon pe tn dadikascio
Ol ®PIGHOD TV EWDADV AOYOV, 01 AEKTIKEG TapapeTpol Tailovy onUavTIKO POAO GTO
Sy mpopd opAnTdv. Avtd eaivetor Kot amd 1o Yeyovog 0Tt ot apvnTikég AEEELS Kot
popa (6mmg to dev) €xovv KAmoe onNUacio 6To d®PICUO OMANTOV, VO ovTifeTa
dgV HaG omacyOANcov KaOOAOV 6T0 Sty @PIoUd WMV AGYOL, I6MG TAVTOS KOl ETEON

glyape MO emTHYEL LEYAAO TTOGOGTO SLOYMPIGLOV KOl YMPIg TNV YP1O™ TOLG,.

Ta dopikd yapoktnplotikd eivon eniong onuavtikd : To péco punkog Aéénc, n
¥PNON ONUEI®V GTIENG Kol EPOTNUATIKAOV, OTMG Kot KAmoto péPn Tov Adyov (Gpbpa,

EMPPNUOTO KOl EWOTKE TO, PTLLOLTAL).

Téhog, mpémet var emonpdvoovpe Ot Yo OpIoUEVOVG OUANTEG TPOKVIITOVY Kot
Kkdmowo a&oonpeimta cvunepdopata. o mopddetypa, o Omdntig I' yevika
avayvopiletal cvotnuatikd pe peydAn okpipela, oe avtibeon pe tov Ount E
(avtd yivetor WAiTEPA AVIIANTTO GTNV OVOYVOPION HE TO VELP®VIKO O1KTLO).
EmimAéov, o Opiintc A opotdlet apketd pe tov Opint) B, 6mmg ko o Opintic A
pe tov Opunt) E. Xtig mepmtooelg avtég iomg o GAAn emhoyn petofintov Oa

BonBovoe axdun TEPIGGOTEPO GTO SOYMPIGHO TOVG.
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KEDAAAIO 5
ZYMITEPAYXMATA

5.1 Etoxcywyn

210 méumto ke@dAoio cvvoyilovpe To GLUTEPAGUOTA TO OTOi0. TPOKVLITOVV £MG
TOPO, EVO OOYOAOVUOOTE KOU UE TIG TPOONMTIKES Kol KateLOOHVOES TIG omoieg Ha
umopovoe vo. akohovbnoel 6to pHEALOV M gpyacio avt pe 6TtOYO TN PeltioTomoinon

TOV ATOTELECUATOV Kol TNV e£0y@yn VEOV GUUTEPACUATOV.

5.2 Xvurepaouara

Onwg ava@Eépape Kot ovaALTIKOTEPE OTO OvTioToro KeEQAAala, M okpifewd mov
UmOpECapE VO EMITUYOVUE HE TO OUOTNUO HOG €lvol KOATL TOPATAVE oo
wavoromtikn. [To ovykexkpyéva, AdPoape mwhpo moAd koAd amoteAéopato (pe
1060010 emttvyiog £mg kot 100%) oy nepintwon Tov da®PIGUOL TV EWMV TOV
Adyov pe TN pNOM OTATICTIK®OV PeBOO®V, VD avAAoyo KaAd amoteléopaTo elyope
Kol [E TN ¥pNomn TV avtd-opyavouévav xoptdv (SOM). Eniong moAd kadd —av kot
Oyl otov 1010 Pabuo- amoteAécpata lOE KOl GTOV OOYWPICUO TOV OMIANTAV, Yo
TOV OTO10 TAVTMG AVOYKOGTNKOUE VO LETPTICOVUE Lo TAELGO0 LETAPANTOV HOG Kot
OTNV TEPIMTOON OLTH TO HOPPOAOYIKE YOPOKINPIOTIKE Oev NTav opketd. To
TPOPANUA TOL AVTILETOTICAUE KOTA TNV SLdpKEW OANG TNG Epyaciog fTav OTL KATL
avédloyo dev elxe emyepnBel péyxpr topa yioo v EAAnvikn [Moococa ko €tot
OVOYKOOTNKOUE VO 0KOAOLONCOVLE TPOTAGELS EPELVNTMOV Ol OTOi0l ElY0V 0oy OANOEl

pe mapopoto (nripata yuo v AyyAkn kopiog I'Adcca.

YUVENMG, KOTOAYOVUE OTO GUUTEPOAGUN OTL EVD HEV TO ATOTEAEGUATO LLOG
elvol apkeTd KAAQ, LIAPYOVY AKOUN CNUAVTIKA Tepldpla PEATIOCE®MY, KUPIOG o€
Kdmolovg Topelg Toug omoiovg dev €EEPELVNGOUE EVOEAEXDS KOL TOVS OMOiOVG

AVOQEPOVE GTNV EXOUEVT] TAPAYPAPO.
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5.3 ITgoraoets yx Berriwoets

Av kol m epyocio vt pog €0MCE OKPMG KOVOTOMTIKG Kot gvOappuvTikd
amoTeAéoUATO, €V TOVTOIS 0ev Ba UTOPOVGALE VO 1OYVPICTOVUE OTL SEV VIAPYOLV

nepautép® mePimpla Yoo PEATIOCELS KOl TPOTONKEG.

‘Etor, n épevva pag Bo pmopovce o6to pEAAOV Vo EUTAOLTIOTEL pE TNV
TPOCONKY eMTALOV UETPNCE®VY, OMM®G YO, TOPASELYHo, Tn MHETPNON TOPADETIKAOV
dou®V, 1N TN OMUIOVPYIK AMCTOV HE TNV KATATAEN TOV YPNGUYLOTOLOVUEVAOV ANUUATOV
and Kabe opdnt) 1 ovyypagéa. Eniong 6o pmopovcape va gicdyovpe to 0épa kdbe
KEWWEVOL G pia ToPApeTpo TG epyaciog pag. 'Exovtag vmoyn pog 0t n Aoyoteyvia
(amd v TAevpd TOL S®PoHOD EW®V AdYov) kot o Ountig E (ywo tov
Slyopopd opANTOV) avoyvopilovior cuoTNUATIKG pe pkpoOTepn axpifela Ha
TPEMEL VAL GTOYEVGOVUE OTNV EVPECT] KOl EIGOYMYN VEMV TOPAUETPOV HECH TOV

omoiwv o avéndei 1 akpifela Tov cueTALATOC.

EmimAéov, Ba pmopovoape va vioBetioovpe kdmoleg peBddovg Kol LETPNOELG
ol omoieg axkoAovBovvtal amd AALOVG epevvnTég, OM®G Yo mapddetypa n Inverse
Document Frequency [CG95], xaBam¢ emiong kot va EPEVVIIGOVUE OV IGYVOLV KATOLL
amoteléopato oo omoian €xovv efaybel yuo v EAAnviky Adoco kot €xovv

onpooctevdel oty Eévn Piloypaeia (Yo tapdderypo [Hud94]).

BéBata, o1 petprioeig kKo ta amoteAéopatd pog o mpénet va devpuvOoiv (m.y.
He TNV TPOcHNKN TEPIGGOTEPOV €MV AOYOL, OGS 0 OpNoKeEVTIKOG 1| AOYOG TTOV
mEPEXEL  TEYVIKY] opoloyia) xor va  emPefoarwbodv pe TV mwPOypHOTOTOinoM
TEPOUATOV  PEYOADTEPNG KAIHOKAG, KOODC Kol pe TN ¥pNoON TEPIGGOTEPW®V
OTATIOTIKOV 1 Ko ALV pefddwv. O Topéag TS avayvapions OMUANTOV, 0 0Toi0g
elvatl Mo omoutnTIKOG Kot GopAdS o EVOPEPMV, TPEMEL EMioNG va gpevvnBel oe

peyoivtepo Babog kot va epmovtiotel pe véa dedopéva.

TéNog, evolapEépov mapovctdlovy Kot d1dpopa GAAN GTOTYEID TOL TPOEKVYOV
apudpd katd T SdpKEW TOV TEWPAUATOV, OT®G T.X. TO OTL TO YOPOUKTNPLOTIKA
Kamolwv opuAntov petofdirovior oe Pdbog xpovov kot icwg a&ilel va gpguvicovue

eqv pmopet va yiver mpoPieyn yuo v petafoin avtn. Emiong 0a lxe evdlapépov va
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HUEAETNOOVUE TO TMG UETAPAAAETOL O TPOMOG OMAIOG KOAT® Omd OSLPOPETIKES

TEPLOTAGELS KOl GLVONKEG.
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Abstract
In this article, a system is proposed for the automatic style categorisation of text corpora in the Greek
language. This categorisation is based to a large extent on the type of language used in the text, for

example whether the language used is representative of formal Greek or not.

To arrive to this

categorisation, the highly inflectional nature of the Greek language is exploited. For each text, a vector
of both structural and morphological characteristics is assembled. Categorisation is achieved by
comparing this vector to given archetypes using a statistical-based method. Experimental results
reported in this article indicate an accuracy exceeding 98% in the categorisation of a corpus of texts

spanning different registers.

1. Introduction

The identification of the language style
characterising the constituent parts of a corpus
is very important to several applications. For
example, in information retrieval applications,
where large corpora of texts need to be
searched efficiently, it is useful to have
information about the language style used in
each text, in order to improve the accuracy of
the search (Karlgren, 1999). Language style
can thus serve as a factor increasing the
accuracy of the search itself. In fact, the
criteria regarding language style may differ for
each search and therefore — due to the large
number of texts — there is a requirement to
perform style categorisation in an automated
manner.

Modern Greek presents itself as an
interesting case study in style issues. As a
whole, the Greek language has evolved
continuously during the past 3000 years. One
of the results of this evolution is that the
correspondence between a given set of
grammatical features, say,
Verb+Past+Imperfect+3“+Plural and the
surface morphological markers is one-to-many,
e.g. for the set of grammatical features given
above and the verb root: vrov- [din-] (to dress
someone) the following forms are in
widespread use (in the following phonetic
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transcriptions, a stress following a vowel
identifies the intonation point in the word.:

(1) évrovav [e’dinan], vrovav [di’nan],
vrovave [di’nane] (=dressed).
Politipia is the Greek term reserved for this
phenomenon. In addition, it is often the case
that more than one words are available for the
same sense (e.g. Dowp [1’dor] / vepo [nero’]
(=water)). Syntax also presents cases of

politipia.

Politipia in Modern Greek was endorsed
by the so-called Katharevousa which was used
as the official language of the Greek state (and
the secondary and tertiary eduction) until 1979
— when it was replaced by the so-called
Demotiki. Katharevousa was a somehow
haphazard mix of colloquial and ancient Greek
(Holton, Mackridge & Philippaki-Warburton,
1997). Modern Greek, while being closer to
Demotiki, contains a considerable number of
features which are easily identified as
belonging to Katharevousa. Such features
occur in varying proportions in the different
registers (Biber, 1993; Biber, Conrad &
Reppen, 1998). Typically, registers employing
a more “formal” linguistic style, such as
academic prose and the language of the law,
contain more Katharevousa features than, say,
fiction and spoken language.

It is important to stress here that several of
the grammatically equivalent word forms may
be encountered relatively frequently in Modern



Greek. However, as some of them normally
characterise formal versus informal speech, it
is the case that the choice of a particular word
form signifies a particular linguistic style.

In this paper, a system is proposed that
allows for the automatic categorisation of the
texts contained in a corpus on the basis of the
style employed by the respective author. The
proposed system draws on morphological and
structural features of the texts. In the case of
Modern Greek, the system takes advantage of
the phenomenon of politipia and draws heavily
on the inflectional nature of this language.
Information regarding the type of endings used
is collected using automated tools. The system
also employs information regarding structural
features such as the size and structure of words
and sentences. The morphological and
structural features are assembled to form a data
vector representing that text. This vector is
then compared with the use of statistical
methods to archetype vectors of the different
styles taught to the system and is classified as
belonging to the class with the highest
likelihood.

In the next section, the problem of text-
style categorisation is presented in more detail
and related work is reviewed. In section 3, the
morphological characteristics this study has
relied on are presented. In section 4, the
structural characteristics that were searched for
are detailed. In section 5, the methods used to
extract the structural and morphological
information are presented. The corpora used in
our experiments and the experimental results
are described in section 6. Finally, section 7
concludes this paper with a review and
discussion of the system structure and
performance.

2. Categorisation of text style.

The recent dramatic developments in
information technology assist in the integrated
storage and processing of linguistic resources.
For example, textual data is generated in an
electronic format and therefore can be readily
transferred and replicated by electronic means.
Additionally, as a result of the improvement in
the processing power and storage capacity of
computer systems, the storage of very large
corpora of texts has become possible. By
virtue of the increased quality and capabilities
of telecommunications it is possible to search
through a number of distributed databases in
order to retrieve the required information. As
the cost of such computer systems falls, their
use becomes more widespread, giving rise to
the need for advanced information retrieval
systems.

It has been argued (Karlgren, 1999) that in
information retrieval applications, the language
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style used by the authors of the different texts
is important to the accuracy of the search, this
being determined objectively as the number of
desired texts over the number of actually
retrieved texts. Evidently, in such systems,
this accuracy depends strongly on the selection
of the appropriate feature set. This feature set,
in turn, is dependent on the language used in
the texts, though the system principles should
hold over different languages, by selecting the
appropriate characteristics. In the following
two sections, the characteristics selected for
the style classification of texts in the Greek
language shall be presented.

3. Morphological Characteristics.

As noted earlier, politipia is a prevalent
phenomenon in Modern Greek. Politipia is the
phenomenon whereby a set of grammatical
features is mapped onto more than one surface
forms. Politipia is observed mainly in the verb
system of Modern Greek as noted earlier in
example (1). To a lesser degree, politipia can
be observed in the noun and adverb systems of
Modern Greek (see also Mikros & Carayannis,
2000). Adverbs, however, are not as frequent
as verbs. In addition, in the case of adverbs,
morphological issues interfere with semantic
issues  rendering automated processing
intractable. On the other hand, politipia in the
noun system is restricted to a very small
number of forms. In the light of these facts, the
research described in this article is confined to
the study of verbal politipia.

Verbal politipia in Greek is mainly due to
suffixes and, to a lesser degree, to prefixes (1).
That is, verbal politipia in Greek is mainly due
to the multitude of endings available for the
same cluster of grammatical features. Some of
the grammatically equivalent endings do not
reflect a  difference  between  formal
(Katharevousa) and informal (Demotiki)
speech but others do. This work focuses on the
distinction between formal and informal
speech.

Alternative endings are due to active
evolutional tendencies of the language. Such
is the tendency of Demotiki to have words
ending with an ‘open’ syllable. So, 3" Plural
endings in —n are augmented to —ne (2).

(2) éleyav [e’leyan] (Kath) /| Aéyave

[le’yane] (Dem) (=they said)

A second active tendency of Demotiki is to
convert Katharevousa’s consonant clusters
consisting of two fricatives or two plosives
into clusters consisting of one fricative and one
plosive. In clusters containing an /s/, the non-
strident partner converts to a plosive. In
clusters with voiceless fricatives not containing
an /s/, the first of the consonants is a fricative
and the second one is a plosive (Holton,
Mackridge & Philippaki-Warburton, 1997, pp.
14) as shown in examples (3)-(5).



(3) meobdd [pisho’] /merotadr [pisto’] (=to
be convinced)

(4) KoAvpOam [kalif6o’] /KOADQTD
[kalifto’] (=to be covered / protected)

(5) amallayOnka [apala’xfika] /
amollaytnro [apala’xtika] (=got rid
of)

Third, in Modern Greek there exist classes of
verbs which may either follow the inflectional
paradigm of ancient verbs having an /a/ (6) or
an /o/ (7) or an /e/ (8) as a thematic vowel or
choose the set of endings offered by Demotiki
(Clairis and Babiniotis, 1999).

(6) &lapraron  [eksarta’te] (Kath) /
eloprigTon [eksartiete] (Dem)
(=depends)

(7) abiovpe  [aksiv’'me]  (Kath) /
aliovovue  [aksio’nume]  (Dem)
(=demand)

(8) Oswpeito  [Oeori’to]  (Kath) /
Oewpovvrav [Beorv’dan] (Dem) (=

was considered)
It is sometimes the case that Demotiki uses a
verbal root which is similar but not identical to
the Katharevousa one (9).
(9) dexviow [dikni’o] (Kath) / deiyve
[01’xno] (Dem) (=to show, to point)
Finally, there is a bulk of verbs (and their
compounds) which are clearly inherited from
Katharevousa but either they have not been
replaced by some word of Demotiki (10) or,
the existing Demotiki equivalent, is marked as
colloquial (11) (Clairis and Babiniotis, 1999).
(10) mpoiorauon [proi’stame] (=supervise)
(11) draxepon [dia’kime] (Kath) / vicoBw
[nio’Ao] (Dem) (=1 am disposed)
These morphological contrasts run through
the inflectional paradigms of Greek verbs and
affect hundreds of verbal wordforms. By
studying the quantitative distribution of these
forms, it shall be shown that morphological
features play an important role in the
identification of linguistic style (Biber, Konrad
& Reppen, 1998). A total of approximately
230 endings which are characteristic of
Katharevousa or Demotiki have been selected
to determine the morphological information
within a given text.

4. Structural Characteristics.

In the experiments, several different
structural characteristics were measured in
each text contained in the corpus:

a) Word count and sentence count.

b) Count of commas and other punctuation
signs (parentheses, dashes).

¢) Average word and sentence length.

d) Frequency of words with length x [where

x varies from 1 to 30 letters].
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e) Frequency of sentences composed by x
words [where x varies from 1 to 150
words].

Apart from the obvious need to measure
the characteristics mentioned in (a,c,d,e),
characteristics (b) were also introduced since
punctuation signs such as brackets, dashes and
commas frequently indicate the existence of
sub-sentences inside a sentence. Thus, the
frequency-of-occurrence of these punctuation
marks provides an indication of the stylistic
variation in a text. It should be noted that in
our measurements digits were counted as
words.

Broadly similar factors were used in the
experiments of Karlgren (1999), who counted
characteristics (a, ¢ and ¢) with the addition of
long words and digits. Long words have not
been used in this piece of research as they are
not expected to be indicative of a given style in
the Greek language, in contrast to other
languages.

5. Extraction of Characteristics.

As noted earlier, the classification of text
styles relies on two main categories of
characteristics, morphological and structural.
To automate the extraction of these

characteristics, specialised programs are

employed.

5.1. Extraction of Structural
Characteristics

The structural characteristics mentioned
above were measured via a custom-built
program running under Linux. This program
calculated all structural metrics for each text in
a single pass and the results were processed
with the help of a spreadsheet software
package.

5.2. Extraction of Morphological
Characteristics
The extraction of  morphological

characteristics is performed via the Automated
Morphological Processor (AMP). The AMP
has been designed to take advantage of the
highly inflectional nature of the Greek
language and allow the generation of
morphological lexica in an automated manner
(Tambouratzis & Carayannis, 1999). The
generation of morphological lexica is a labour-
intensive task, which requires several man-
years to be completed. To encompass the
language evolution throughout the ages, one
would need to generate manually a large
number of different morphological lexica, each
one covering a specific Language Evolution
Sample (hereafter denoted as LES)
corresponding to a particular time-period in the



history of the Greek language and/or a
geographical area. The use of the AMP allows
the automated generation of morphological
lexica with a large degree of accuracy. This is
of particular importance in text retrieval and
information extraction purposes from texts in
the Greek language, where in order to
represent fully the inflectional evolution of the
language through time it is necessary to use
two or three different morphological
dictionaries.

The AMP is based on a rule-based
iterative  masking-and-matching  principle,
which relies on matching parts of different
patterns while ignoring the remainders of these
patterns. For example, if two patterns (here
words) X,x, and y,y, are to be compared,
the technique might focus on the possible

similarity between X, and ), (attempting to

match these parts) while ignoring X, and y,

(temporarily masking off these parts).

This principle may be augmented by a
modest amount of information regarding the
specific LES being used, in order to optimise
the accuracy of the morphological processing.
Indeed, different approaches (involving
various levels of a priori knowledge) have
been followed to investigate the system
behaviour (Tambouratzis & Carayannis, 1999).
These indicate that the inclusion of a modest
amount of LES-specific information (for
example, a handful of a priori endings) can
improve substantially the segmentation
accuracy. The optimal morphological
segmentation accuracy achieved by the AMP
is equal to 96%, measured against the contents
of the morphological lexicon, which has been
constructed manually at the ILSP.

As noted, the AMP is able to operate on
texts belonging to several different LESs. This
is ensured by providing the AMP with a
number of interchangeable modules, which
may be selected according to the current LES
requirements, while the core of the system
remains the same. The interchangeable
modules are of a declarative nature and may
incorporate a priori knowledge.

For the purposes of text-style
characterisation, it is necessary to calculate the
frequencies-of-occurrence of specific endings,
as detailed in section 3. Therefore the AMP is
constrained to use the selected endings which
are representative of style as a priori
knowledge. For each of these endings, the
frequency-of-occurrence as well as the
corresponding root and its frequency-of-
occurrence is recorded by the AMP. The
results obtained for the given corpus are
detailed in the following section.
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6. Experiments.

6.1. Corpus Composition and Pre-

processing

To study the performance of the proposed
style-characterising system, a corpus has been
created. This consists of three different types
of text:

)] excerpts from novels, which represent
the Fiction register. These novels
have been composed during the
period 1988-1997 and are contained

in the ILSP corpus of texts
(Gavrilidou et al., 1998).
(i1) a collection of essays concerning the

history of the Greek province of
Macedonia, which represent the
academic register. This collection of
essays was created in 1992 and forms
part of the ILSP corpus of texts. This
collection is hereafter denoted as
‘History’.

official transcripts from randomly-
chosen sessions of the Greek
Parliament, held during the period
January 1999 - May 1999. This set of
transcripts is  hereafter denoted
collectively as ‘Parliament’.

(1i1)

To perform the experiments detailed in
this article, all texts were spell-checked. A
more extensive pre-processing was performed
in the case of the Parliament register. The aim
of this piece of research has been to process
relatively large portions of text which provide
a sufficiently clear view of the style of speech
used at the Greek Parliament. Therefore, the
texts contained in the parliament sub-corpus
were processed and very short pieces of
dialogue (which typically were related to the
Parliament regulations) were removed from the
transcripts. Such pre-processing need not be
performed for the other two registers. The size
and characteristics of the different registers of
texts in the corpus are shown in table 1.

register sample texts size
(in words)
Fiction 24 363,783
History 32 360,993
Parliament 12 509,917
Total 68 1,234,693

Table 1: Corpus composition in terms of
register.

The tools detailed in section 5 were used
to process each text contained in the corpus,
generating a vector of characteristics. Since
the texts are of varying sizes, it was decided to
normalise them in order to remove possible



sources of variability prior to performing the
statistical analysis. Thus, all characteristics
were normalised so that the values reported
corresponded to occurrences per 100,000
words of text. The values of these vectors are
summarised in tables 2, 3 and 4, by providing
for each register a set of average values and of
the corresponding standard deviations for all
the characteristics studied. In table 2, the
frequencies of characteristic Katharevousa
verb endings are detailed, while table 3
contains a similar table for Demotiki verb
endings. It should be noted that these
frequencies do not represent all verb endings
but are restricted to the 230 endings that are
grammatically representative of Katharevousa
and Demotiki, respectively, as determined in
section 4. Furthermore, as the use of a vector
with 230  characteristics  would  be
computationally intractable, in both tables 2
and 3, the endings are displayed collectively
for each combination of the grammatical
categories ‘person’ and ‘number’. Tables 2, 3
and 4 provide a macroscopic view of the
vectors of characteristics used to describe each
of the texts contained in the corpus.

According to these collective results for
the three registers (while being restricted to the
set of 230 style-characteristic endings), certain
patterns seem to emerge:
< In the Parliament register (tables 2 and 3),

the verb endings corresponding to

Katharevousa are as a whole more

frequent than these of Demotiki, in

comparison to the other registers.
¢ Interestingly, though, in the case of the 2™
person (both plural and singular) in the

Parliament register the frequency of

Demotiki endings is comparatively higher

than that of Katharevousa. This is more

marked in the 2™ person singular, where
the frequency-of-occurrence of Demotiki-
type endings is 50 times higher than that
of the Katharevousa-type endings. On the
contrary, the situation is reversed for the

1" and 3™ persons (both singular and

plural), where Katharevousa endings are

as a rule more frequent.

< In History, the majority of verb endings
correspond to the third person (singular or
plural), indicating a predominantly
narrative style.

< The third person is also most frequently

used in the Fiction register, though to a

lesser extent than in the History register.
< Texts from the Fiction register have a

considerably larger number of sentences
and sub-sentences (if commas, brackets
and dashes are collectively examined) as
compared to the other two registers, which
have a relatively high degree of similarity
(see table 4).
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2,
o

Collectively, the Fiction register shows a
higher degree of wvariance over all
characteristics than the other registers. The
History register has a considerably lower
variance of its characteristics while the
Parliament register has the lowest
variance, indicating possibly more tightly
clustered representative vectors for its
members. This, in conjunction with the
previous observations, indicates the
possible existence of a sub-language
specific to politicians.

In the following paragraph, a more formal
analysis of the data shall be provided using
statistical methods. It should be noted that a
selected subset of characteristics were used in
this analysis, the aim of the vector being to
study whether the three registers may be
separated from each other with a sufficient
degree of confidence. This is the subject of the
following section.
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1* singular 2" singular 3" singular 1* plural 2" plural 3" plural

Fiction 157.2 33.5 55.7 103.8 2.0 123.3

(108.3) (41.3) (56.6) (182.0) 9.1) (67.3)

History 0.7 0.2 208.3 43.8 0.4 343.9
(2.9) (1.1) (129.8) (51.0) (1.9 (140.2)

Parliament 166.0 1.0 247.3 308.0 51.8 472.7
(51.9 (1.6) (62.1) (38.0) (20.6) (100.8)

Table 2: Average Frequency (in normal typescript) and standard deviation (in italics) of Katharevousa
verb endings over 100,000 words, for each of the three text registers.

1* singular 2" singular 3" singular 1* plural 2" plural 3" plural
Fiction 69.0 85.9 330.8 49.3 37.3 67.2
(57.2) (65.8) (154.2) (74.3) (64.2) (45.6)
History 0.0 37.7 228.3 8.9 0.0 153.0
(0.0) (53.3) (102.0) (16.1) (0.0) (72.6)
Parliament 50.4 67.0 180.2 82.2 48.6 77.9
(32.9) (16.0) (32.4) (28.9) (26.9) (16.6)

Table 3: Average Frequency (in normal typescript) and standard deviation (in italics) of Demotiki verb
endings over 100,000 words, for each of the three text registers.

sentences commas brackets dashes Katharevousa | Demotiki verb
verb endings endings
Fiction 8649.0 7728.7 40.7 1793.8 475.5 639.5
(2975.0) (1435.8) (95.4) (1386.2) (294.43) (223.5)
History 4678.2 6834.9 849.1 495.2 597.37 427.93
(1164.1) (1422.4) (463.1) (254.5) (221.5) (161.1)
Parliament 5722.4 6726.0 56.2 570.1 1252.5 506.3
(463.5) (442.0) (49.5) (69.8) (137.7) (49.5)

Table 4: Average frequency (in normal typescript) and standard deviation (in italics) of macroscopic

structural and morphological characteristics over 100,000 words, for each of the three text registers.

The final two columns represent cumulative results for the measurements summarised in tables 2 and 3
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respectively and are included here for reasons of clarity, though they do not represent independent
measurements and thus are not used as vector elements.




6.2. Experimental Results.

To compare and contrast the three
registers, a cluster analysis approach was
selected. During the  experiments,
normalisation was performed over all vector
parameters prior to the clustering operation, so
that they occupied the same ranges of values.
Additionally, different criteria (nearest,
furthest, median, centroid and average) were
studied when using non-seeded clustering
experiments. It was found that all these
clustering methods generated similar results
and thus they shall not be distinguished
henceforth, the results reported being those
obtained by the majority of criteria.

Initially a non-seeded clustering approach
was studied, to indicate the natural clusters
existing in the corpus. When 6 clusters were
used, five out of these each contained one or at
most two texts from the Fiction register, while
the sixth cluster contained the remaining texts
from the Fiction register together with all texts
from the History and Parliament registers.

Following that, 10 clusters were used to
cluster the text vectors. This experiment
showed that the register with the highest
variability was the Fiction register, whose
members occupied 9 out of the 10 available
clusters. Out of the three registers, only the
Parliament register was fully separated from
the other registers, its members occupying a
single cluster, which contained no texts from
the other registers. Finally, all members of the
History register occupied a single cluster,
though this also contained texts belonging to
the Fiction register.

These preliminary results indicated that
the Parliament register was the one whose
members were most closely spaced on in the
pattern space defined by
the characteristics vector, confirming the
conclusions of sub-section 6.1.. The History
register was also relatively tightly-spaced,
while the Fiction register contained several
“outlier” members which were at a large
distance from the majority of Fiction members.
To evaluate these observations, a cluster
analysis of the elements of each register was
performed. This confirmed that the Parliament
and History registers were the most tightly
coupled. On the contrary, the Fiction register
contained 5 elements, which were significantly
different to the others.

Following this analysis, a seeded
clustering approach was chosen. Initially, a
cluster number of 6 was used, the clusters
being equally distributed between the 3
registers, resulting in two clusters per register.
Following that, the number of clusters was
reduced to 4 (and then 3), in both cases one
cluster being devoted to Parliament and
History and two (and then one) being devoted
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to the Fiction register. These experiments were
carried out using vectors consisting of:

< the endings frequencies for all persons in
Demotiki and Katharevousa as well as the
number of sentences, commas,
parentheses and dashes (giving a 16-
element vector);

the endings frequencies for all persons in
Demotiki and Katharevousa as well as the
number of sentences and commas (giving
a 14-element vector);

< the endings frequencies for all persons in

Demotiki and Katharevousa (giving a 12-

element vector consisting solely of

morphological characteristics).

Seeds for the Parliament and History
registers were chosen randomly. The seeds for
the Fiction register were chosen so that at least
one of them would not be an “outlier” of the
Fiction register. Representative results are
shown in table 5 for the different vectors and
numbers of clusters. In each case, the
classification rate quoted corresponds to the
number of text elements correctly classified
(according to the register of the respective
seed).

X3

’0

16-elem. | 14-elem. | 12-clem.
6 clust. 98.5% 92.7% 95.6%
4 clust. 98.5% 94.1% 97.1%
3 clust. 97.1% 92.7% 95.6%

Table 5: Clustering accuracy as a function of
the number of clusters used and the size of the
characteristic vector used.

This table indicates that the optimal
clustering performance is obtained when the
number of characteristics in the vector is equal
to 16, that is when both structural and
morphological information is considered. On
the contrary, if part of the morphological
information is suppressed (using a 14-element
vector), the recognition rate is reduced (though
it still remains around 93-94%). Indeed, the
experimental results indicate that it is then
probably beneficial to remove all structural
information, recognition rate being higher in
the case of 12-element vectors as opposed to
14-element vectors.

According to table 5, even when using 3
clusters the clustering result accurately
represents the 3 registers, with very few
misclassifications being performed. Indeed,
the optimal results for each vector
configuration are obtained using a 4 cluster
classifier. This indicates that removing
redundant clusters from the well-defined
classes (that is, the Parliament and History
registers) increases the recognition rate.



7. Discussion and Conclusions.

In this article, a system has been
proposed for the automatic style categorisation
of corpora in the Greek language. This
categorisation is based on the type of language
used in the text. To arrive to this
categorisation, the highly inflectional nature of
the Greek language is used. Characteristics
reflecting this inflectional nature are combined
with characteristics based on the structure of
sentences to provide automatic  style
categorisation of texts.

The study of the corpus indicates that the
three registers used here have different
characteristics. The texts belonging to the
Parliament register form a well-defined class
in the pattern space. Similarly, historical texts
also form a well-defined class, though to a
slightly smaller extent than the Parliament
register. On the contrary, texts belonging to the
Fiction register form a less tight class. Thus, to
successfully recognise this register, a
comparatively large number of seeds is
required to sufficiently cover the register
space. However, as a whole, the seeded
clustering approach using both 4 and 6 clusters
achieves a recognition accuracy exceeding
98%. Thus, the presented method can be used
to accurately define the register of a given text.
Of course, these results have been obtained
with a relatively constrained set of registers,
but the results are of such a high accuracy as to
support the conclusion that this line of work
may lead to an accurate style-characterising
system.

Future work on this area is planned to
focus on confirming these results with larger-
scale experiments. Additionally, there exist a
number of parameters that may also be
introduced in an effort to more accurately
define the register of texts (such as negation
parameters measured in (Markantonatou &
Tambouratzis, 2000)). In this respect, the
results obtained for the Fiction register are
indicative of the existing scope for
improvement.  Indeed, techniques ranging
from alternative statistical techniques to other
pattern recognition methods (such as neural
networks) are being considered for the
recogniser part of this system.
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Abstract

This article investigates (a) whether register
discrimination can  successfully  exploit
linguistic information reflecting the evolution
of a language (such as the diglossia
phenomenon of the Modern Greek language)
and (b) what kind of linguistic information and
which statistical techniques may be employed
to distinguish among individual styles within
one register. Using clustering techniques and
features reflecting the diglossia phenomenon,
we have successfully discriminated registers in
Modern Greek. However, diglossia
information has not been shown sufficient to
distinguish among individual styles within one
register. Instead, a large number of linguistic
features need to be studied with methods such
as discriminant analysis in order to obtain a
high degree of discrimination accuracy.

1. Introduction

The identification of the language style
characterising the constituent parts of a corpus
is very important to several applications. For
example, in information retrieval applications,
where large corpora of texts need to be
searched efficiently, it is useful to have
information about the language style used in
each text, to improve the accuracy of the
search (Karlgren, 1999). In fact, the criteria
regarding language style may differ for each
search and therefore — due to the large number
of texts — there is a requirement to perform
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style categorisation in an automated manner.
Such systems normally use statistical methods
to evaluate the properties of given texts. The
complexity of the studied properties varies.
Kilgarriff (1996) employs mainly the
frequency-of-occurrence of words while
Karlgren (1999) applies statistical methods
primarily on structural and part-of-speech
information.

Baayen et al. (1996), who study the topic of
author identification, apply statistical measures
and methods on syntactic rewrite rules
resulting by processing a given set of texts.
They report that the accuracy thus obtained is
higher than when applying the same statistical
measures to the original text. On the other
hand, Biber (1995) uses Multidimensional
Analysis coupled with a large number of
linguistic features to distinguish among
registers. The underlying idea is that, rather
than being distinguished on the basis of a set of
linguistic features, registers are distinguished
on the basis of combinations of weighted
linguistic features, the so-called “dimensions”.

This article reports on the discrimination of
texts in written Modern Greek. The ongoing
research described here has followed two
distinct directions. First, we have tried to
distinguish among registers of written Modern
Greek. In a second phase, our research has
focused on distinguishing among individual
styles within one register and, more
specifically, among speakers of the Greek
Parliament. To achieve that, structural,
morphological and part-of-speech information



is employed. Initially (in section 2) emphasis is
placed on distinguishing among the different
registers used. In section 3, the task of author
identification is tested with selected statistical
methods. In both sections, we describe the set
of linguistic features measured, we argue for
the statistical method employed and we
comment on the results. Section 4 contains a
description of future plans for extending this
line of research while in section 5 the
conclusions of this article are provided.

2. Distinguishing Registers

To  distinguish among  registers, we
successfully exploited a particular feature of
Modern Greek, namely the contrast between
Katharevousa and Demotiki. These are
variations of Modern Greek which correspond
(if only roughly) to formal and informal
speaking. Katharevousa was the official
language of the Greek State until 1979 when it
was replaced by Demotiki. By that time,
Demotiki was the established language of
literature while, in times, it had been the
language of elementary education. Compared
to Demotiki, Katharevousa bears an important
resemblance to Ancient Greek manifested
explicitly on the morphological level and the
use of the lexicon. At a second step, we
dropped the Katharevousa-Demotiki approach
and relied on part-of-speech information,
which is often exploited in text categorisation
experiments (for instance, see Biber et al.
1998). Again, we obtained satisfactory results.

2.1 Method of work

The variables used to distinguish among
registers may be grouped into the following
categories:

1. Morphological variables: These were
verbal endings quantifying the contrast
Katharevousa / Demotiki. Although the
morphological differences between these
two variations of Greek are not limited to
the verb paradigm, we focused on the
latter since it better highlights the contrast
under consideration (Tambouratzis et al.,
2000). A total of 230 verbal endings were
selected, split into 145 Demotiki and 85
Katharevousa endings (see also the
Appendix). These 230 frequencies-of-
occurrence were grouped into 12 variables
for use in the statistical analysis.

2. Lexical variables: Certain negation
particles (ovdeig, ovdérote, ovdopod, avev)
clearly  signify a preference for
Katharevousa while others (diywg, e,
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ywpic) are clear indicators of Demotiki.
However, the most frequently used
negation particles (Jyi, unv, dev) are not

characteristic of either of the two
variations.
3. Structural  macro-features: average

sentence length, number of commas,
dashes and brackets (total of 4 variables).

4. After the completion of the experiments
with variables of type 1-3 (Tambouratzis
et al., 2000), Part-of-Speech (PoS) counts
were introduced. The PoS categories were
adjectives, adjunctions, adverbs, articles,
conjunctions, nouns, pronouns, numerals,
particles, verbs and a hold-all category
(for non-classifiable entries), resulting in
11 variables expressed as percentages.

These variables are more similar to the
characteristics used by Karlgren (1999), and
differ considerably from those used by
Kilgarriff (1996) and Baayen et al. (1996). For
the metrics of the first and third categories, a
custom-built program was used running under
Linux. This program calculated all structural
and morphological metrics for each text in a
single pass and the results were processed with
the help of a spreadsheet package. The metrics
of the second category were calculated using a
custom-built program in the C programming
language. PoS counts were obtained using the
ILSP tagger (Papageorgiou et al., 2000)
coupled with a number of custom-built
programs to determine the actual frequencies-
of-occurrence from the tagged texts. Finally,
the STATGRAPHICS package was used for
the statistical analysis.

The dataset selected consisted of examples
from three registers:

(i)  fiction (364 Kwords - 24 texts),

(il)) texts of academic prose referring to
historical issues, also referred to as the
history register (361 Kwords — 32 texts)
and

political speeches obtained from the
proceedings of the Greek parliament
sessions, also referred to as the
parliament register (509 Kwords — 12
texts).

The texts of registers (I) and (II) were retrieved
from the ILSP corpus (Gavrilidou et al., 1998),
all of them dating from the period 1991-1999.
The texts of register (III) were transcripts of
the Greek Parliament sessions held during the
first half of 1999.

(iii)

This dataset was processed using both seeded
and unseeded clustering techniques with
between 3 and 6 clusters. The unseeded



approach confirmed the existence of distinct
natural classes, which correspond to the three
registers. The seeded approach confirmed the
ability to accurately separate these three
registers and to cluster their elements together.
Initially, a ‘short’ data vector containing only
the 12 morphological variables quantifying the
Demotiki/Katharevousa contrast was used
(Tambouratzis et al. 2000), as well as a 16-
element vector combining structural and
morphological characteristics. The seeds for
the Parliament and History registers were
chosen randomly. The seeds for the Fiction
register were chosen so that at least one of
them would not be an “outlier” of the Fiction
register. Representative results are shown in
Table 1 for the different vectors and numbers
of clusters. In each case, the classification rate
quoted corresponds to the number of text
elements correctly classified (according to the
register of the respective seed).

12-elem. 16-elem.
6 clust. 95.6% 98.5%
4 clust. 97.1% 98.5%
3 clust. 95.6% 97.1%

Table 1 - Seeded clustering accuracy as a
Sfunction of the cluster number and vector size.

The vector size was augmented with PoS
information, resulting in a 27-element data
vector. A new set of clustering experiments
were performed using Ward’s method with the
squared Euclidean distance measure to cluster
the data in an unseeded manner. Finally, a 15-
element data vector was used with PoS and
structural  information but without any
morphological information. The results
obtained (Table 2) show that PoS information
improves the clustering performance.

2.2 Comments on the Results

Our results strongly suggest that registers of
written Modern Greek can be discriminated
accurately on the basis of the contrast
Katharevousa / Demotiki manifested with
morphological variation. Languages with a
different history may not be suited to such a
categorisation method. This is evident in
Biber’s work (1995) for the English language,
where a variety of grammatical and macro-
structural  linguistic ~ features but no
morphological  variation features  were
employed. It seems then that corpora of
languages which are characterised by the
phenomenon of diglossia, may be successfully
categorisable on the basis of morphological
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information (or other reflexes of diglossia).
Such a discrimination method may give results
as satisfactory as approaches which are closer
to the Biber (1995) spirit and rely on PoS and
structural measures (see Tables 1 and 2).

Tables 1 and 2 show that the accuracy of
clustering reaches approximately 99% while
the seeded clustering approach had a high
degree of accuracy, reaching 100% when using
5 clusters. For the 27-element vector with both
morphological and PoS information, perfect
clustering has been achieved even with 4
clusters. On the other hand, a successful
clustering (albeit with a lower level of
accuracy) is achieved using only structural and
PoS information.

It should be noted that the lexical variables
used, that is the negation particles, did not
contribute at all (Markantonatou et al., 2000).
Furthermore, the system performed almost as
well with and without macro-structure
features, the difference in accuracy being less
than 5%.

The parliament texts can be claimed to form a
register whose patterns are closely positioned
in the pattern space. Of the three registers, the
literature one presented the highest degree of
variance, with more than one sub-clusters
existing as well as outlier elements. This may
be explained by the fact that the parliament
proceedings, contrary to literature, undergo
intensive editing by a small group of
specialised public servants.

3. Distinguishing Styles within One
Register

In this section, we report on our efforts to
distinguish among individual styles within one
register. In particular, we intend to distinguish
among speakers of the Parliament by studying
the transcripts of the speeches of five
parliament members over the period 1997-
2000. Each of these speakers belongs to one of
the five political parties that were represented
in the Greek parliament over that period. Up to
date, the experiments have been limited to the
period 1999-2000.

3.1 Method of work

The number of variables (46 in total)
calculated for each of the five speakers can be
grouped as follows:



[Mapaptnpuo II

12-elem. 16-elem. 27-elem. 15-elem
6 clust. 95.5% 100.0% 100.0% 100.0%
5 clust. 95.5% 100.0% 100.0% 89.6%
4 clust. 94.1% 98.5% 100.0% 83.4%
3 clust. 94.1% 98.5% 98.5% 83.4%

Table 2 - Unseeded clustering accuracy as a function of the cluster number and vector size used.

Morphological variables (20 variables):

Verbal endings expressing the
Katharevousa / Demotiki contrast
giving rise to 12 variables.

the use of infixes (2 variables) in the
past tense forms.

the person and number of the verb
form (6 variables).

The last two types of variable are
expressed as percentages normalised over
the number of verb forms.

Lexical variables (6 variables):

e Negation particles (Jyz, dev, unv).
Negative words of Katharevousa
(ovoeig, dvev).

Other words which also express the
contrast Katharevousa / Demotiki (the
anaphoric pronouns ‘omoiog’ (Kath)
and ‘mov’ (Dem)), currently resulting
in a single variable.

Structural ~ macro-features: average
sentence and word length, number of
commas, question marks, dashes and
brackets, resulting in a total of 6 variables.
Structural micro-features (other than
lexical):

Part-of-Speech counts (10 variables).

Use of grammatical categories such as the
genitive case with nouns and adjectives (2
variables).

The year when the speech was presented
in the Parliament and the order of the
speech in the daily schedule, that is
whether it was the first speech of the
speaker that day (hereafter denoted as
“protoloyia”) or the second, third etc.
(resulting in a total of 2 variables).

The identity of the speaker, denoted as the
speaker Signature (1 variable), which was
used to  determine the  desired
classification.

Similarly to the clustering experiments, a set of
C programs was used to extract automatically
the values of the aforementioned variables
from the transcripts. Most of these programs
rely on measuring the occurrence of di-grams,
and more generally n-grams, for letters, words
and tagsets, thus being straight-forward. In the
case of speaker identification, Discriminant
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Analysis was used, as the clustering approach
did not give very good results, indicating that
the distinction among personal styles is weaker
than that among registers. Even when only 2
speakers were used, the clusters formed
involved patterns from both speaker classes.

We experimented with two corpora, Corpus |
and Corpus II, as described in Table 3. Corpus
II is a subset of Corpus I. Each of the speeches
included in Corpus II was delivered as an
opening speech (“protoloyia”) at a parliament
session when at least two of the studied
speakers delivered speeches.

An important issue is whether the selected
variables are strongly correlated. If indeed
strong correlations do exist, these might be
used to reduce the dimensionality of the
pattern space. For the purposes of this analysis,
the 46 independent variables were used (45 in
the case of Corpus Il where only “protoloyiai”
exist, since then the order variable is
constantly equal to 1). The number of
correlations of all variable pairs exceeding
given thresholds is depicted in Figure 1, for
both Corpus I and Corpus II.  According to
this study, in Corpus II, the percentage of
variable pairs with an absolute value of
correlation exceeding 0.5 is approximately 3%,
indicating a low correlation between the
parameters. Additionally, out of 990 pairs of
Corpus II, only a single one has a correlation
exceeding 0.8. The correlations for the same
parameter pairs over the two corpora are
similar, though as a rule the correlation for
Corpus I is less than that for Corpus II,
reflecting the larger variability of texts in
Corpus I. The correlation study indicated that
most of the parameters are not strongly
correlated. Thus, a factor analysis step is not
necessary and the application of the
discriminant analysis directly on the original
variables is justified.

Initially, Corpus I (see Table 3) was processed.
The 46 aforementioned variables were used to
generate discriminant functions accurately
recognising the identity of the speaker. To that
end, three different approaches were used:



@) the full model: all variables were used
to determine the discriminant functions;

(i)  the forward model: starting from an
empty model, variables were introduced
in order to create a reduced model, with
a small number of variables;

(iii)  the backward model: starting from the
full model, variables were eliminated to
create a reduced model.

In the cases of the forward and backward
models, the values of the F parameter to both
enter and delete a variable were set to 4 while
the maximum number of steps to generate the
model was set to 50.

The performance of this model is improved if:

Year 1999-2000
Speaker Corpus 1 Corpus I1
A 92 30
B 45 24
C 33 21
D 21 16
E 150 36

Table 3 — Comparative composition of Corpus I
and Corpus I1I.

1. the order in which each particular speech
was delivered is taken into account: the
subset of “protoloyiai” is well-defined and
presents a low variance while the speeches
of second or lower order have a higher
variance.

2. the corpus comprises only sessions where
more than one speaker has delivered
speeches. Thus, the more balanced Corpus
I (Table 3) presents an improved
discrimination performance.

For these two corpora, the results of the
discriminant analysis are shown in Table 4.
The discrimination rate obtained with Corpus
II is much higher than that for Corpus I. In
addition, smaller models, with 8 variables, may
be created that correctly classify at least 75%
of Corpus II. An example of the factors
generated and the manner in which they
separate the pattern space is shown in the
diagrams of Figure 2.

3.2 Comments on the Results

Though this research is continuing, certain
facts can be reported with confidence.

Within the Greek Parliament Proceedings
register, individual styles can not be classified
on the basis of morphological features
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expressing the contrast Katharevousa /
Demotiki. This may be explained by the fact
that these texts undergo intensive editing
towards a well-established sub-language. This
editing homogenises the morphological profile
of the texts but, of course, does not go as far as
homogenising the lexical preferences of the
various speakers. That is why, contrary to the
register-clustering experiments, lexical
variables expressing the particular contrast
seem to play a role in discriminating between
speakers and why the use of Katharevousa-
oriented negative particles, which was not
important in register discrimination, seems to
be of some importance in style discrimination.
The observation that negative words play a
role in style identification is in agreement with
the observations of Labbé (1983) on the
French political speech.

Structural features have turned out to be
important: the average word length, the use of
punctuation and question marks and the use of
certain parts-of-speech such as articles,
conjunctions, adjunctions and - especially -
verbs. Furthermore, the distribution of verbs
into persons and numbers seems to be
important, though the exact variables selected
differ depending on the exact set of speeches
used (these wvariables are of course
complementary).

One of the most interesting findings of this
research is that it is important whether the
speaker delivers a “protoloyia” or not.
“Protoloyiai” can be classified at a rate of 95%
while mixed deliveries result in a lower rate, as
low as 75%. This may be caused by two
factors:

1. “Protoloyiai” represent longer stretches of
text, which are more characteristic of a
given speaker.

2. Speakers prepare meticulously for their
“protoloyiai” while their other deliveries
represent a more spontaneous type of
speech, which tends to contain patterns
shared by all the parliament members.

Finally, certain additional patterns are
emerging for each of the speakers. Certain
speakers (e.g. speaker A) are more consistently
recognised than others (e.g. speaker B) while
speaker B is similar to speaker C and speaker
D is similar to speaker E. This indicates that
additional variables may be required to
improve the classification accuracy for all
speakers.
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Figure 1 — Percentage of variable pairs exceeding a given level of absolute correlation.

Dataset Model observations
full forward backward
Corpus I 93.79 % 75.37 % 78.30 % 341
(46) (46) (46)
Corpus II 97.64 % 94.49 % 9291 % 127
(45) (13) (20)
Corpus II 97.64 % 87.40 % 79.53 % 127
(reduced model) (45) (8) (8)

Table 4 — Discrimination rate (the corresponding model size is shown in italics).

4. Future Plans

As a next step, frequency of use of certain
lemmata shall be introduced since visual
inspection indicates that they may provide
good discriminatory features. We also plan to
substitute average lengths (of both words and
sentences) with the distribution of lengths.
Furthermore, we intend to introduce certain
structural measurements such as repetition of
structures, chains of nominals and the
occurrence of negation within NP phrasal
constituents. Another possible extension
involves the inclusion of the speech topic. As
certain speakers’ characteristics seem to
change through time, we plan to process the
entire corpus of speeches for the target period
1997-2000. Finally, an important issue is the
comparison of the results obtained in our
experiments to these generated by alternative
techniques proposed by other researchers. This
will allow the deduction of more accurate
conclusions regarding the strengths and the
weaknesses of the research strategies.
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5. Conclusions

In this article, ongoing research on register and
individual style categorisation of written
Modern Greek has been reported. A system
has been proposed for the automatic register
categorisation of corpora in Modern Greek
exploiting the highly inflectional nature of the
language. The results have been obtained with
a relatively constrained set of registers;
however their recognition accuracy is
remarkably high, exceeding 98% with an
unseeded clustering approach using between 3
and 6 clusters.

On the front of individual style categorisation,
a discrimination rate of over 80% was
achieved for five speakers within the Greek
Parliament register. Morphological variables
were shown to be of less importance to this
task, while lexical and structural variables
seemed to take over. We are planning to
introduce several new lexical and structural
variables in order to achieve Dbetter



discrimination rates and to determine
discriminating features of the different styles.
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APPENDIX

Characteristics of Katharevousa and
Demotiki

Diglossia in Modern Greek is due to the
contrast between Katharevousa and Demotiki
and is well-manifested on the morphological
level. Here we concentrate on verb
morphology.

Demotiki tends to have words ending with an
‘open’ syllable. So, 3" Plural verbal endings
in —n (1) are augmented to —ne (2).

(1) éleyav [e’leyan] (Kath) (=they said)

(2) Aéyave [le’yane] (Dem) (=they said)

In  Demotiki, Katharevousa’s consonant
clusters of two fricatives or two plosives are

converted into clusters of one fricative and one
plosive (3) — (4) (Holton et al., 1997, pp. 14).

(3) mewo0a [pisto’] /reiorcd [pisto’] (=to be
convinced)

(4) ralvpbo [kaliffo’] /kalvpro [kalifto’]
(=to be covered)



Certain verb classes exhibit thematic vowel

alternations either following the inflectional

paradigm of Ancient Greek or Demotiki (5)

(Clairis and Babiniotis, 1999).

(5) eloprdraun [eksarta’te] (Kath) / eCoprietan
[eksartiete] (Dem) (=depends)

Sometimes Demotiki uses a verbal root, which

is similar though not identical to the

Katharevousa one (6).
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(6) Jow [1°0] (Kath) / Aovew [1i’no] (Dem) (=to
solve)

Finally, many verbs inherited from
Katharevousa survive in Demotiki, either
having an equivalent —mainly colloquial- (7) or
not (8) (Clairis and Babiniotis, 1999).

(7) mpotiBeuou [proti’Oeme] (Kath) / orxomedw
[skope’vo] (Dem) (=I intend to)

(8) mpoiorouau [proi’stame] (=supervise)
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Figure 2 — Discriminant factors plotted against the patterns for corpus II.
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Hapapnpo IV

TTogagrnue IV

O1 evtoléc mov ypnoponomcape 6to meptBaiiov tng Matlab yio v ameikovion twv

YOPTOV Elvar ot akOAOVOEC:

sD=som_read_data(‘'data.txt’);

sD=som_normalize(sD,'var’);

sM=som_make(sD,'msize',[k; k3]);
sM=som_autolabel(sM,sD,'add1");
som_show(sM,'umat','all’,)comp’,1:x,'empty’,'Labels’,'norm','d");
som_show_add('label',sM,'subplot’,x+2);
som_show(sM,'umat','all',)empty','Labels");
som_show_add('label',sM, Textsize',8, Textcolor','r','subplot’,2);

H evtoAn som read data Siafdalet ta dedopéva and to ASCII apyeio data.txt

Kol 6T cuvéyeln 1 som_normalize ta Kavovikorolel. H kavovikomoinomn avtr yiverot

\ , , X—x — \
HECH TOV YPOUUIKOD HETACYNUOTIOUOD X' = , OMOL X E&lval 0 PEGOG TNG
(o2

X

petafAnmg x kot o, M tomikn amokion e H eviodn som make apyikomotel wan

exmondevel Tov yaptn peyéboug ki x ky evd n evtodn] som_autolabel diver avtopata
eTIKETEG 0TO XApTN Kot o otoyyeio Tov. Ot eviodég som show kot som show add
YPNOILOTOOVVTAL YloL TNV ONEWKOVION Tov YAptn. TEAOG, OTIC TEPMTMOGES TOL
Belnoape va kdvoope toyoio apykomoinon tov SOM ypNGUYOTOMGOUE Kol TNV

evtoAn som_randinit.
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16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
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Prpoata



[S—

o ® N N kv D

[\ I NS R NS R N N e e T e e T e T e T
W N = O O 0 9 N Bk WD = O

TTogaogrnue VI

[Mapaptnuo VI

Ot 85 petaPAntéc ot omoieg mapovsidlovtar oto oyfua 4.5 eivoar katd ocepd

EUGAVIONG O1 EENG -

I'pappata avé Aéén
AéEgic ava [pdTaon
Koppata ava [pdtaon
[MopevOéoelg

[TovAeg

lo Evikd Adyo

20 Eviko Adywo

30 Evikd Adyo

Lo [TAnBuvtkd Adylo

. 20 ITAnBvvtikd Adyo

. 30 [TnBvvtco Adyo

. 1o Eviké Anpotucm

. 20 Eviko Anpotucn

. 30 Eviko Anpoticn

. 1o ITAnBvvtikd Anpotikn
. 20 [TnBouvtcd Anpotikn
. 30 ITAnBouvtikd Anpotikn
. X0voAo Adyog

. 2OVOAO ANUOTIKNG

. Enifeta

. [IpoBéceic

. Emppiuota

. ApBpa

. ZOVOEGHOL

. OvcuooTtikd

. ApOuntikd

. Mopa

. Avtovopieg

. Ynorloura

. Pjpata

. F'evikn EmBétmv

. F'evicn Ovouootikdv

. 1o Eviko Pnuartov

. 20 Evik6 Pnudtov

. 30 Evik6 Pnudtov

. lo ITAnBvvtcd Pnudtov
. 20 ITAnBvvtikd Pnuatwv
. 30 ITAnBvvtikd Pnuatwv
.o

. 0voEig

. OVOETOTE

. 0VOAUOV

. AveL

. 0g(v)

- un(v)

. Znueia otiéng

95

47.
48.
49.
50.
51.
52.
53.
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55.
56.
57.
58.
59.
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62.
63.
64.
65.
66.
67.
68.

Epompaticd
omoiog/mov

o

B
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51-75 Mé€eig ava mpoTaom
76-100 AéEerg avd mpdTaon
101-150 AéEerg ava mpoTaon
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