Havemotnuio Avtikng Makegooviag
Holvteyvukn Xyyoin
Tuqpoe Myyoevikov IIinpoeopixkig ko Tniemkotvovimv

Awmiopatikn Epyocio

Avamtoén MefBooov yuo Avaivon Xovarepatog
otov Tovprotiko Touéa

a', derived  ahla 'E

E g 1 ers an E l'"""'"'“ . .E %1 "
Bhri ;E%L I"Ie I l ; rrIOd'gs! ° machme §§ II;JCDmiu:aI o E %_E =¥
e S £ ] stlmu 'sinternalemssio £ £
ike 5: % dlffe t estions In | ern a informa"m 5 <. § . E
. methods ni s o
.magesgmo e S & computatlona A g
=hnelEal Ty atlstlcal
5 animal EI.I : E.; : I condit |ms
=I'dlstrlbutn:m - Zortex alggrglms researc Vi brains
I W‘“F"c 25 work su-.-ml mp&e . found
natu ra environment = efficient ‘_, devempmgnt T‘: gg
cenes representatlon iS distributions ?.“"IIL & g
experimental :3 T -'E'
u E-1
2]

@®oventic: [apig AréEavopog Kapumiong
A.E.M: 513

Empréinov kadnyntic: [lavayiotng Xapnyiavviong, Erikovpog
KaOnynmic I1.A.M.

MapTiog 2017, Kolavn



Ewova EEmevAlov: Pietro Berkes
Fiser lab, Brandeis University



University of Western Macedonia
Faculty of Engineering
Department of Informatics and Telecommunications

Diploma Thesis

Development of Sentiment Analysis Methods
for Tourism Domain

.ﬁ
ay derived  ahle w

=

2 ﬂmun ers an, O i |._ ‘! g )
1 J{rermmodel 122 =l L fos
g Momely £ izE H objects wEsT

| wwalffe? ent & Stlmllh ‘Il‘lte 'na I"#mmm""ldea; £, L

like oim £
it d SELE;‘“S computational§ 4,t5 %
University " r " g framework Vlsual respunges regardng E?‘
based 8% I A fetatisticss __statistical

dlstrlbutlon i curtex algﬂr“':msresearc Vi ‘brains :

t | “cortical S ontaneouswzg £ "work m.,. _,h,.,. Found
na ura environment eFﬁclen‘t HdEVEImeEﬂt % g_E
SCENEs I‘Epl‘esentatlon S distributions '§~-><rr|-lr 52
-
o

experimental {3
U
-]

arder

Student: Paris Alexandros Karypidis
Student Number: 513

Supervisor: Sarigiannidis Panagiotis,
Assistant Professor U.O.W.M

March 2017, Kozani



Book Cover: Pietro Berkes
Fiser lab, Brandeis University






IIpoioyog

Ao tOTE MOV oot ToV EQVTO LoV, TAVTO LE EVOLEPEPE VO KATAAUPaived Kot va
YVoPilom Tmg SOVAELOVY OPIGUEVA TPAYLLOTA, TO, OTTO10 TOAAEG POPEG Lo PaivovTol
avtovomta. Adyo g KabMUEPIVIC LoV EMOENG LE TNV TEYVOLOYi, avETTLEN Lo OPKETA
HEYAAN arydmn Y10 TOV TOUEN TNG TANPOPOPIKNG, 1| OTTOlo KpATAEL LEYPL Kot orjuepa. Me tnv
eloaywyn pov oto Iavemotuo kot cvykexkpuévo oto Tunuo Mnyavikov [TAnpopopikng
kot Tniemucowvoviav, emPefainca Tov eavtd pov Yo akopa pio @opd. To evdlaeépov pov
Y10l TO OVTIKEIPEVO TNG GYOANG LOV, O LOVAOTKOL AvOpmTTOL TOL YVOPIo EKEL, 01 KAAEG KO
EMTUYNUEVES GLVEPYATTEG KOl YEVIKEA TO OIAKS KAipo To omoio Bimaoa, eivar kdmotla otovygiol
T0 omoia Oa petvouv avarloiwta 6To poaid pov Ko tévta 0o vootadyd. Topa, Hotepa and
5 xpéVIa GTOVOMV Kol P TEAEIWG SLOPOPETIKO TPOTO GKEYNC OO OVTOHV TNG TPMTNG LEPOC
OV TEPAGO. TNV €G0S0 TNG GYOANG LoV, £QTACE 1| GTUYUN VA KAEIo® avThVv TNV TEPiodo g
ComMg Hov pe TV eKTOVNON TNG OWTAMUATIKTG LoV epyaciog. Tuyxepdc, S10TL 1| TE(VOAOYIKT|
emoyN TNV omoia Pudvovpe, Tapéyel TNV SVVATOTNTO Y10 LOVAOTKES KOl TPOTOTOPES
dMUovpyiec, GKOTEV® VO EKUETAAAEVTM GTO ETOKPO TIG YVMDGELS, TO EPOSLOL KL TIC EUTELPIES
TOL OTO10L ITOKOUIGOL TOL TEAEL T AVTA XPOVIOL.

Avéxkabev pe evalEpepav To «EELTVO GLGTNIATOY Kol KUPIWE TO GVGTHOTO T OTTOTNL
Ba NTav oe Béon va anopacilovv pova tovg, xwpic v avlpamivn tapépPaocn. To
AVTIKEILEVO TNG epyaciag pov, dnradn to Sentiment Analysis, Oswpd 0Tt amoteret Evav
TOAAG VTTOGYOUEVO TOUEN TNG TEXVNTIG VONUOGVVNG, LE OTTA ATOTEAEGULATA Y10 TOV
dvBpomo. Ocmpd kot ATl 1 GLYKEKPUEVT Epyacio va amoteAécel Eva pikpd Tpobdiapo
Kot vo tvon 1 TpdTn omd ToAAEG emOpEVES TOV Ba EpBoVV LE TO TEPAGLLA TOV XPOVAV.

10 onueio oo, Ba HBera va evyapiotiom Tov Kvpro [avayidtn Zapnyovvion,
Enikovpo Kabnynt tov Tunpotog Mnyovikov Iinpogopikng kot Tniemikowvoviov, o
01010G OEYTNKE VO GLVEPYACTOVLLE Y10 TNV TPAYLUOTOTOINGT| TNG GVYKEKPLUEVNG epyaciag. H
kaBodnynon Tov Nrav Ko cvveyilel va givorl mpaypoatikd ovektipntr. Tavtdypova Oa 0ela
Vo, euyaploTHo® ToV KOpro Xtého Kametavakn, Aéktopa oto [Tavemomuio tov Brighton g
Meyding Bpetaviag. @smpd 0TL 1) cuvepyacio Log oTa TAAIGLO TG TPOUKTIKNG OV AGKNONG,
pésm tov mpoypdppatog Erasmus+, ftav mpaypotikd ovoidong Kot LEG® oVTNG
onpovpynOnke pia oxéon cvvepyaciog, apotfaiog ektipnong kot eiiiog. Tovtodypova, Ba
Nnbela vo evyapIGTHG® OAOVG TOL AVOPADTOVG TOVG OTTOIOVG YVAPLGA KOl GLVEPYAGTNKO GTO
[Mavemotho tov Brighton.

Axoun, 0o 10ela va evyoplonom Beppd TNV OKOYEVELL LOL KOl TOVG TVEVLOTIKOVG
LoV YOVELG. AV Kot TOAD S10(pOPETIKOL YOPAKTIPES, 01 GLUPBOVAES TOVG, TO EVOAPPVVTIKA TOVG
Adyla Kot Kupime 1 VTOHOVH TOLGS, elvar kdmola od ta €O Ta omoia Ba £xw Yo ThvTo
podi pov.

EmumAéov, Ba nBera va evyaptoTHom TOVS oy LEVOUG GIAOVG OV V1o TIG GUUPBOVAES
TOVG, TO GYOAA TOVG KO TIG YOUPOVUEVES GTIYLES, TOV LLOV TTOPEiOV OAL QVTA TOL XPOVIKL TNG
yvopyiog pog. Av kot TAéov o kabévag pag, pioketor pakpld and v moAn g Koldvng
KoL 00 TOL QOLTNTIKG poG 67T, 0EAm va ToTtev® 0TL 1] eAia pog Ba mapapeivel avoiloiwt
oToV (pHVO.



TéNog B B va vyaploTHo® OAOVG EKEIVOVG TOVG OVOPMTOL TOL HEGH GTA
teAevTAlN XPOVIO, UKo oty (o1 pov, v emnpéacay kot v dAlaéav, pall Kot péva.
Kdamotot amd avtovg, kabévag yio Tov d1kd Tov Adyo, umopel va unv Bpiokovtal TAEov Kovid
LoV, TAPOAO, AVTA, TOLG EVYAPIGTM TOAD Yo TNV Bondeid Tovg.

AQlepOVEO OTNV TNV £pYACi0 GTOVG AYATNUEVOLS OV YLOYLdL KO TTOTITOV.



Hepiinyn

H moapovoa epyacia aocyoleitar pe v avaivorn ovvoicHiuatoc (Sentiment
Analysis), dnladn ¢ avaAvong KEWEVOL O TPOG TO GLVALGONUATIKO TOV VPOG. ZVVOMKA
eEetalovtal, vAomolovvion Kot cuykpivovtar tpelg pébodor pe Tic omoieg umopovue va
EKTEAECOVLE OVAAVGT cLUVAICHNLOTOG.

Ot 600 Paocwkoi pébodot, eivar M avaivon pe v ypnon Aeikodv (Lexicons) kot ot
tagwvountég unyovikng pabnong (Machine Learning Classifiers). H tpitn kot teAevtaio
pébodoc mov e€etdletan, agopd v dnpovpyio. vog KovoHplov Ta&vount yio avaivon
ovvalcOnpotog Paciopévo oy Bewpio Tov Avtopatov (Learning Automata). o v
eCaymyn amotelecudTov Kot yio TG TPELG avTég pnebddovg, dnuovpynoniay 600 cvArhoyég
dedouévov (Data Set), ta omoia amotelodvion amd oyOA YpNoT®V omd pio SladIKTLOKN
vanpecio KPATNONG Eevodoyeiov.

[oa v avélvon ocvvaicOnuatog pe v ypron AeEKdv, a@ov peAethOnke To
Bewpntikd vofabpo g pebddov, dnpovpyNONKe T0 KATAAANAO AOYIGHIKO TPOYPOLLLOL V1oL
mv eneepyacio Tov dedopévev Kol TV €0y TOV OTOTEAEGUATOV. AKOUN LIPEAV
Kamoleg PEATIOTIKEG TPOTAGELS, Ol OTOiEG APOPOHV TO GTASI TOL OKOAOVOOVVTAL Yol TNV
avéAivon.

Xmv mePInTOon TOV TASIVOUNTOV UNYOVIKNG HdOnong, petd amd v UEAETN TOL
EMGTNHOVIKOV VTOPabpov ¢ nebodoov Kot Tmv oTadimv g, dnovpyndnke 1o KaTtdAAnLo
AOYIGUIKO Y10 TNV €YY TOV OMOTEAEGUATMV.

Oocov agopd v terevtaio péBodo, Onradn avtv Tov Ta&tvountn Paciopévov Gty
fewpla TOV avTOHOTOV, 0QOD HEAETNOMKOV TOAD TPOCEKTIKA Ol apyés TV &v AdYO
CLOTNUATOV, ONUIOLPYNONKE 0 KATAAANAOG TASIVOUNTAG, O OTTOI0G Kol YPNOIHOTOOnKeE Yo
™V e£aymyn TOV OmOTEAEGUATOV.

2V GLVEYEWD, OQOV TEOMKOV OPIGUEVES WETPIKES, TPAYUATOTOMONKE CLYKPION
HETOED TV HeBOOMV Kol TV OMTOTEAEGUATMV TOVG,.

Téhog, mpotdbniov opwopéveg UEALOVTIKEG —€mMeKTAGES, Ol omoleg etvan
TPOCAVOATOAGUEVES GE OVO PaGIKOVS TOUEIG, TOV EPELVNTIKO KO TOV EMLYELPNLOTIKO.

AéEeic KA avaivon ovvoucOnuatog, Aegued, unyovikn pddnon, taivounon, Naive
Bayes, Support Vector Machine, Logistic Regression, Decision Trees, avtdpata, avtopopin,
TOVPIGUOG



Abstract

This thesis deals with sentiment analysis, which is defined as the sentiment
determination in textual data. Three methods for Sentiment Analysis are included in this
thesis, namely: a) Lexicons, b) Machine Learning Classifiers and c¢) Learning Automata
Classifier. These methods were studied, implemented, compared to each other and finally
used in order to extract the results.

Two data sets from the field of tourism were created, where the one was used as
training set and the other as a test set. They consisted of user comments on an online hotel
booking service.

For Sentiment Analysis using lexicons, after studing the theoretical background of the
method, an appropriate software program was created in order to process the data and export
the results. Furthermore, some improvements concerning some of the stages of the method,
were suggested.

As for the machine learning classifiers, after studing the scientific basis of the
methods and its stages, the previous software program was deployed in order to process the
data sets, evaluate the models and finally extract the results.

Regarding the learning automata classifier after careful study of the basic theory of
automata systems, the new classifier was deployed, the data sets were fitted and the results
were extracted.

Additionally, after setting some metrics, a comparison was made between the three
methods used.

Finally some future extensions were suggested, which pointed at two basic areas,
research and business.

Keywords: sentiment analysis, lexicons, machine learning, classification, Naive Bayes,
Support Vector Machine, Logistic Regression, Decision Trees, learning automata, system
reward, tourism
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Kepdraro 1: Baowkég évvoreg ko opropot

1.1. Teyvnt) vonuocivn

O opwopdg e Teyvmtig Nonpoobvng aeopd TNV TPOcopoimon g avlpdmivig
EVELIOG amd TIG UNYOVEG Kol KUPIMG To LIWOAOYIOTIKA cvotiuata. Ot Agttovpyieg mov
yopoktnpifovv v avBpomvn evpuia eivarl ekT0¢ TV GAA®Y, 1 nddnon (n dvvatdTnta vo
oLvoLALoVTaL KOVOVEG KOl TANPOPOpPIES), 1 AoYIKN okéyn (0pBoAoykdg GUAAOYIGHOG) Kot 1)
avtoPeArtioon.

O 6pog Teyvnt Nonpoovvn emvondnke and tov John McCathy, évav Apepikdvo

emotuova, t0 1956 oto Dartmouth 6mov ekei yevwnOnke kor m wWéa g Teyvnmg
Nonpoovvng. Zfuepa, Tpdkettat yio pio evpOtepn évvola 1 omoio TEPIAAUPAVEL 0TIONTTOTE
and Tov Avtopatiopd péypt v Poumotikn). [1] [2]
‘Exet amoxtioet moAd peydAn mpofoin Adyo NG GLUUUETOYNS TS GTOV TOUEN TV UAlIKOV
dedopéveov (Big Data) aAld kot oty Bedtioon Tov Tpodmov pe Tov omoio avtd GuAAEyovTaL.
[TAéov n Texvnt Nonupoobvn pmopel vo eKTeEAEGEL AetTovpYieg OTMG OvVayVAPLON TPOTOHTTWV,
yeYovog ov Vv kafiotd Witepa onuoviikd epyaieio TOGO oTO XEPLXL TNG EMGTAUNG OGO
Kol TOV unyovikov. Tavtdypova, He TNV Xpnon g TEXVNTAS VONUooLuvng oty Propnyoavia,
Ol ETOPIEC UTOPOVV VO KOTOVONCOVY KOl VO LEAETHGOVY KOAVTEPO TO. OESOUEVA T OTTOTNL
GLAAEYOLV HEGM TMOV TPOIOVTIMV KO TOV LINPESIAOV TOVG. [3]

Ymv moapovoa epyoacia, ypnowomombnkav opketd epyoreio g  Teyxvntig
Nonpoovvng v va 60000V amavtioelg 6e EpOTALATO YOP® amtd TNV ENEEEPYATIO KEWWEVOL.
[Ma mapdderypa, mow ivor ta ototyeia exeiva ta omoia Oa yapaktiplav pio Tpdtacn Oetikd
N apyntikd eopticpévn. Towg n amdvinon yo évav avBpomo va gival mo omAn and Ot Yo
évav H/Y, mapdia avtd 1 taydtnta pe v omoio pmopet va amopaviel Evag vToAoyloT)S Yo
10 1010 gpdTHA givol acvykpLta peyaAdTepn and avutn tov avlpdnov. Bacillopoaote otnv
ONUIOVPYIN CLTOUOTOTOMUEVOV TEXVIKMY KOl GUGTNUATOV, 16MG OxL YTl OV UITOPOVUE Vi
OTOVTIGOVLE GTO GUYKEKPIUEVO EPMTNUM, OAAL KLPI®MG YTl 0 OYKOG TANPOPOPLDY TOL
VIAPYoVV oTov O1adiKTVLO ofjuepa glvarl acVAANTTA HEYAAOS Yo vo TS enelepyaotel €vag
avOpOTIVOS VOuG.

1.2. Opiopdg e Mnyovikng Mabnong

[Ipdkertar ovclooTiKG Yo pior katnyopio TG EMGTHUNG TOV VIOAOYISTAOV 1) OTOid
dtver v duvatomta og éva H/Y va “pabaiver” yopig va ivor pntd mpoypappatiopévoc. H
UNYOVIKT] LAONOT EMKEVIPOVETAL KUPIWG GTNV AVATTVEN TPOYPOUUAT®V T OTToio. UTopoHV
VoL TOPAYOVV amOTEAECUOTO OKOLO KOl OTaV 1) £16000¢ TOLG elvar d1apopeTikT KAbe opd. [4]
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IMa mopdoetypa n Aertovpyio “News Feed” tov Facebook ypnoyomotei Mnyovikn
Mdabnon, ovtwg ®ote va mopdysl eEatopukeLUEVEG TANPOYOpiec Yia KAOBe évav ypnot
EeY®PIOTA, COUPOVO LLE TIG TPOCMTIKEG TOL TPOTIUNCELS. AV €vag xpnotng oPalet cuyva
NG KOTOOTAGES KATOIOV cLYKEKPIEVOY atdpmy, tote 10 News Feed tov Oa apyioet va
TPocapUOleETOL 0€ VTN TOL TV cvumepleopd. H Aettovpyia mov kpvPetor miowm and avtdHvV
TOV UNYOVICUO TPOKELTOL Y10, Hiol OTATIOTIKY OVOAVOT KOl pNYOVICHOVS TPpoPAEyewmv, e
okomo vo e&ayfovv kdmota potifo ota dedopéva mov Oa déxetar o kabe ypriotg. [5][6]

Ta mpofAnpata mov pmopovv var AvBodv pe v Ponbeio g Unyovikng pnabnong
nowidovv og aplOud, aAAd pmopovv va tavounbodv oe Tpelg peyddeg Kotnyopies:
Emumpoduevn Mdabnon (| okdpo kot pabnon pe emifieym) Supervised Learning, Mn
Emmpoduevn Mdabnon (1 akodpa xor padnon yopic emipreymn) Unsupervised Learning,
E&ovaykaouévn Mabnon Reinforcement Learning [7] [8]

Ot S10Qopég TV TPIOV OVTOV KOTNYOPLOV 0QOPOVV KLPIOS TO OTASI0 TNG
ekmaidevong Kot AGoNG TtV ekactote mpoPAnudrtov. Xty mepimtwon ™g Mdabnong pe
EniBieym, 10 otdoo ¢ eknaidevong Paciletor o éva GET NON OTAVTINUEVOV EPMTICEOV
(Training Set). Ztnv dgvtepn mepintwon, g Mdbnong ywpic Enifieym, to otddio g
eknaidevong Paciletor g Eva 010G LOPPNG GET OTMG KOl TPONYOLUEVDGS, OAAG YmPic va elvar
YVOOTEG €K ToV TPoTtépev ot amavinoels (Data Mining). Télog otmv xatnyopia tng
E&avaykaouévng Mabnong, to mpoypoppo aAANAoEmdpa pe €vo duvapukd meptpdilov amd
10 omoio AapPdvet pia Betikn N apvnTikn fadporoyia, avaioyo Le TNV EVEPYELD TOV EKTEAEL
o€ ovto. Me autdv ToV TPOTO ekmandeveTal 6to va podaivel kot va a&loloyel g evépyeleg
TOV Ko VO TPOGapUoleTan 6to mepIEAiov Tov.

To mpoPAnua g enelepyosiog cuvalsOUdTOY VIOKETOL TNV TPAOTN Kot yopia,
oniadn avtv ¢ Emmpovpevng Exnaidevong, agod yia va omavinfovv ta epoTiiato To
omoia tiBevrtar, Oa mpémel 10 6TdoO10 TG exmaidgvong vo Paciotel og O YvOOTA dedopEva.
"Yotepa Bo umopécovv va yivouv ot katdAinieg evépyeleg kot vrobéoelg kot va eEaybovv
OTOTEAEGLLOTO Y10 TAL AYVOGTO TAEOV OEOOUEVAL.
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1.3. Opiopdg Sentiment Analysis

Sentiment Analysis 1} Opinion Mining ovopdZetatl 10 medio TG EMGTHUNG TO OTOi0

HEAETAEL KO AVOADEL TIG OMOYELS, TO CLVOICONUOTA, TIC AELOAOYNOELS, TIC EKTIUNGELS KOL TO
cuVaGONHOTO TOV aVOPOT®V TPOS OPICUEVEG OVTOTNTEG OMWG TY. TPOIOVTO, VLANPECIES,
OpYOaVIGUOVG, GAAL dTOp, EKONADGELS KTA. [9]
Me dAla Aoyo pe tov oplopd Sentiment Analysis 11 Opinion Mining avagepdpocte otnv
dwdwoacio pe v omoia yapoaktnpilovpe kot amo@ocilovpie Tov cuvalcONUaTiKd TOVO 1
VQOG £vOG cLVOAOL AéEemV, gite aVTO TPOKELTAL Yo KATOl0 ApBpo 1 PpAcT KTA. Kupimg 6TO
Y®Po TOL OdkTOOoL. H ocvykekpyévn vanpecio, €01kd otov 210 awdva, amoterel €va
Wwitepa ypnowo epyadeio, 1o omoio pmopel va ypnowyomomnbel oe Topelg OmmG 1
NAEKTPOVIKT] ayopd TpoidvImV (e-commerce), 1| 0IKOVouio, 1N TOALTIKY, KOl YEVIKA GE TOUELG
TOL £YOLV VO KAVOLV LE TNV OVixveELON cLVAGHNUATOV Kot TNV EKk@pacn TG avOpdOTIvNg
yvoung (opinion extraction). AkOuo, 1 CLYKEKPIUEVN VINPECi, o©€ emOueva oTdd, Oo
pumopovce va  epappoctel Yo vo mpoPAe@BovV kol va  amo@evyBolv  TEPMTMCELS
OLTOKTOVIAV, OMNAaOT vo avaivbel kol va agloroynBel o cuvaicOnpatikdg TOVog e Ypoeng
Kol NG EKEPAONG VOGS avOp®OTOL He VTOKTOVIKEG TAGELS Kot €V TEAEL Vo amoPevyOel Eva
tét010 meplotatikd. [ Tig avaykes tng mopovcag gpyaciag Oa acyoAnbodue pe tov
TOVPIOTIKO TOUEN KOl GLYKEKPIUEVA To. amoteAéopota mov Oa eaybovv, Ba apopovv v
Babpordoynon - Pabuovounomn opiopévev KpItikav, amd Kamowo online vanpesion e0peonc
Eevoodoyeiov.

Ov véeg teyvoloyieg kol GLYKEKPEVA TO TEPAOTIO TANOOG TANPOPOPIOV TOL
Bpiokovtal 6To 01001KTVO, dMUOVPYNGAV TNV AVAYKN aVATTLENG LOG EMGTNUNG 1| OTTolo LE
TOV GLUVOVAGHUO TOV TOUEMY TOV UAONUOTIKAOV, TNG CTATICTIKNG, TNG TEXVNTNG VONUOGHVNG
KOl TNG EMOTNUNG TOV YA®GSAV, Oa umopodcoe va e£dyel ypOYLES KOt OmTEG TAPOPOPIES
Kol YVOGES péca omd Evav peydio oyko dedopévev. To Sentiment Analysis, cuvdvdlovtag
O\ TOL TPONYOLUEVD, OTOTELEL Eval EpYOAEID GTO YEPLOL TOV EMOGTNUOVAOV KOL TOV UNYOAVIKOV,
wKave va epoppootel oe pio TANOdpa TopéwV, OMOC OVAPEPOVIOL TOPUTAVED, KOl Vo
LETATPEYEL ATAL OEGOUEVO OE YPNCLLES TANPOPOPIES.
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Kepdiaro 2: Epyaieia mov ypnoipomomdnkay

2y mopovoa epyacio £yve ypNomn OPICUEVOV EPYOAEI®V TTOVL aPOpPOVCHY TNV
amoktnor, mpo enefepyoacio ko emefepyacio tov dedopévav pe otdyo v eEaymyn
amoteleopdTov. [opakdtom avapépoviol GLVOTTIKE Ta EPYOAEiR QVTAL.

2.1. Java 8

To ovomua mov avortoydnke Poaociotnke Kabopiotikd oty YA®GGQ
Tpoypappaticpov Java ékdoon 8. H Java sivar po yAOGGo mTpoypoppoTicpuod 1 omoia
TPOTOKVKAOQOpNGE 0md v Sun Microsystems 1o 1995. Yrdpyovv moAAEG eQapproyEG Kot
16T0CEAdEC ol omoieg dev Ba dovAgvav ywpic o evepyn €ykotdotactn NG Java otovg
voroyiotéc poc. H Java Pploketar moviov, oamd kévipa Oedopévav (datacenters),
NAeKTpovViKEG KOVoOAEg (gane console), VTEPLTOAOYIGTES (Supercomputers), Kwvntd
mAéQPove, oto vtepvetr. H €kdoon 8 mov ypnowomomnke, eivor n televtaio tpéyovca
ékdoomn g YAOGGaG 1 omoio 01a0étel oNUAVTIKEG PBEATIOCELS GTOVG YPOVOLS Kol TPOTOLG
EKTELEONC Kol 6TNV AcPAAELD TV e@apuoydv. [10]

2.2. Apache Spark

To Apache Spark eivor pio Wwitepa dvvary, ypryopn kot dmpedv pnyovn

eneepyaciog peydlmv dcdopévav. OTaypévo pe ELEacTt oty ToydTNTA Kol TV EVKOAi
oV XPNOoN, amoterel €va eKAENTUGUEVO gpyaAlelo Yoo avAALGT dedopévmv. Avamtoydnie
and to UC Berkeley to 2009. Amotelel évo amd to peyaAdTEPO project GTov YMPO TNG
enefepyaciog dedopuévav.
Amod ™V apykn tov £€kdoor, viobetOnke amd €vav moAD peydlo aplBud etapudv oe
duapopovg Topeic. Meydleg etanpieg onwg m Netflix, n Yahoo kot 1o eBay ypnoylonotovv kot
BasiCovtar 6to Apache Spark yio v cvAroyn kot eneepyacio ToAAGV petabytes dedopévmv
oe clusters mepocdtepov oand 8.000 wouPwv. Me ovtd tov TpdmO, TOAD Yypryopa
avantOoyOnke pio moAd evepyn kowotnto pe mepiocdtepovs amd 1.000 cuvelspépovteg Kot
nePLoc0TEPEG amd 250 opyavicpovg. [11]

2.3. Stanford Natural Language Processor

O Part-Of-Speech Tagger (POS Tagger) eivat éva AOYIoHIKO TO 0010 SEXETOL O
€16000 £€va KOPPATL KEWEVOL 6 pia YADOooo kot ovabétel Eva HEPog Tov Adyov og kdbe pio
AEEN TOL KEWEVOL, Y OLGLUCTIKG, ppaTo, emppnpato KTA. To cuykekpipévo AOYIoUIKO
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elvarl ypopupévo oe Java, mopdia avtd vVITapyovV EKOOGELS KOl OE KOATOLEG AALEC YADOGEC.
‘Exer 000el daitepn €upaomn otnv To0INTA, TNV €VKOAMO GTNV ¥PNoN Kot TV Oladtkacio
extéleonc. H televtaieg ekdOcelC TOV Aoyiopkov, meptlaupdvouv tpion povtéda yo v
Ayyhkn yAoooa, kot amd éva yioo v Apoafikn v Kwélkn, mv Foddikn kot v
Iepuavicn ydoooa. [oapdia avtd o Tagger umopei vo ekmadevtel 6€ OMOLONTOTE PLGIKNY
YADOGOO e TNV KATAAANAT GUALOYT SESOUEVMV.

O Stanford POS Tagger avamtoydnke and v opddo Natural Processing Group tov

[Movemotnuiov tov Stanford. H opdda amoteleitor and kabnyntés, vwoyneloug dS100KTOpPES,
TPOYPOUUATIOTEG Kol POLTNTEG, Ol 0Toiol Epyalovtal ETAvm 6€ ahyopiBlove Tov emTpETOVY
otovg H/Y va ene&epydalovton kot vo KataAafaivouy Tig pUOIKES YADOCOEG.
To avtikeipevo epyaciag tovg meploTpépetar YOpw omd v Poocikn €pguva otV
VTOAOYIOTIKT] YAWGGOAOYIOL Y10 EQAPUOYES GTNV TEYVOAOYiD TNG avOpOTIVIG YADCOHS Kot
KOADTTEL TOpElS OM®G 1 KotavOnon MPOTAGE®V, 1 OLTOUOTY OTAVINGY EPMTNCEMV, 1
unyavikn petdopoon, to Sentiment Analysis kTA., kaOoc kot epappoyés emeEepyaciog
(QULGIKNG YAMGGOG OTIC YNOLOKEG OvOPOTIOTIKEG KOl VITOAOYIOTIKES KOWMVIKEG ETIGTNUEG.
[12]

O mpotvmog Tagger avoamtoyOnke amd v Kristina Toutanova, v ce PBeATIOGELS
YOp® omd TNV TOYOTNTA TOV, TNV Y¥PNOTIKOTNTA TOL KOl TNV TOAVYAW®GCGIKY TOV LTOGTNPIEN
ovvetéhesov Kot ot Dan Klein, Christopher Manning, William Morgan, Anna Rafferty,
Michel Galley kot John Bauer.

Ot Pacwég €vvoleg, OploUOl KOl TPOTOG AELTOVPYIOG TEPLYPAPETOL OTIC OVO EPYOCIEG
“Enriching the Knowledge Sources Used in a Maximun Entropy Part-of-Speech Tagger” twv
Kristina Toutanova kot Christopher D. Manning to 2000 oto “Joint SIGDAT Conference on
Empirical Methods in Natural Language Processing and Very Large Corpora (EMNLP/VLC-
2000)” xou “Feature-Rich Part-of-Speech Tagging with a Cyclic Dependency Network” tmv
Kristina Toutanova, Dan Klein, Christopher Manning, ka1 Yoram Singer to 2003 oto HLT-
NAACL 2003. [13]

2.4. Google Forms

Ta Google Forms amoteloOv éva epyareio, pépog tov Aoyispkov tov Google Drive,
pe 10 omoio pmopovv va dnpovpynbovv online €pgvveg, daywvicpata, QOPUES €GOS0V
dedopéumv kth. H ovykexpyévn vimpeoio g Google, emitpénel v ovvdeon piog web
QoOpuag Oedouévev pHe éva VTOAOYIOTIKO @UAAO Yl TNV €VKOAOTEPN Olayxeipion TV
dedopévov me. Ta Google Forms pmopovv va ypnoipomomBodv and omolovonmote, ywpic
e101kég yvaooels H/Y, apod mposeépovv Eva moAd GLAIKO mepiBdAlov dtoyeipiong pe amid
Pruato kot odnyiec. Agv vmlpyel KAmOW0 KOGTOG Yoo TNV YPNOTN TNG OCLYKEKPIUEVNG
vnpeoiag. [14]
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2V TapovcO EPYOCIN, TO GUYKEKPIUEVO AOYIGHIKO YPNOUOTOMONKE Yo TNV
onuovpyia, dlayeipton kot Babpordynon g Pacikng cvAroyng dedopuévaov (Training Set) 1
omoia ypNooToOnKe 6Ta GTASN EKTOIOEVONC TV LOVTEAWMV.
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Kepdlaro 3: Avarivon XvvorecOnpatog pe tnv ypnon AeSikav

3.1. Elcayomyn ota Aedikd

H npo™ amd tic peboddovg mov HBa ypnoipomoinboidv yio to Sentiment Analysis ivon
ta Ae€ikd (Lexicons). Onmg eivar 1M yvootd, ta AeEikd sivon Bipiia pe eEnynoeig miveo oTig
AEEEIG oG LOIKNG YA®GGog (. EAAMvikd, Ayyiikd). Xwpilovion oe 600 Katnyopieg, ta
povoylwooa (my. EAAnvikd) kot ta diydAwooa (my. EAAqvoayyiiko).

2TV TPOKEEVT TEPITTOOT OUWS, &va AeEikd dev opileton akpiPdg pe avtdV TOV
tpomo. [Ipoxettor yio Aioteg AéEewv ot omoieg €yovv yapoaktnpiotel pe pio Pabuoroyio
(ocvvBag +5, -5) kol umopovv va ypnoipomoinfodv yia vo tpocdmcovy pio Babuoloyio o
pioa ohdxkAnpn mpdtacn. [15] ‘Emetta, oavt) mn Pabporoyio pumopel va yopaktmpicet tov
covaeOnuotikd TOVO NG  TPOTUCNG, OQOL Yo TWOPASEYUX T XPNOTN  OPVNTIKE
Babuoroynuévev Aéemv yivetal 6TV TEPIMTMOOT TOL 1| TPATAGT GTO GUVOAD TNG EVVOEL KATL
10 apvnTIKO. Avtictorya, 1 ypnon Betikd Padporoynuévov Aéewv yivetar oty mepintmon
7OV 1 TPOTOGT GTO GUVOAO TNG EVVOEL KATL TO BETIKO.

Ytov topéa tov Sentiment Analysis, vadpyovv TOAAG Aeikd TOL UTOPOVV VO
ypnoworomBodv. H Sapopd toug €ykertar otov topéa yw tov omoio mpoopilovtar (my.
Ae&d yeVIKNG XpPNONG, OKOVOUIKE Ae&ukd, TOMTIKG KTA.) Kot 610 TAN00G TV ANUpdTtomv mTov
TEPLEYOLV.

3.2. 'vootd Aelka

Ta Ae€ikd mov Ba ypnoyonomBovv ota Thaicio g epyacia stvat ta axdAovda.
3.2.1. Bing Liu Lexicon

To Ae&wcd Tov kaBnynm Bing Liu tov Tpnuotog g Emomung tov Ymoloyiotov
tov [Avoig 6to Zikdyo (Department of Computer Science, Univeristy of Illinois at Chicago
(UIC)) amoteieiton amd mepimov 6800 AéEerg. Ilpoxertanr yia yevikéc AéEelg ol omoieg
EKQOPALOLV YVOUN Kol EIVOL KOTYOPLOTOUNUEVEG GOUPMOVOL LE TNV TOAMGY| TOLG, ONAdY| efvat
Yopopéveg oe AéEelg Betikng onuaciog kot Aégelg apvntikng onpaciog. To Aeikd dev pmopel
va Bewpnbel 611 €101keDETOL OE KAMOOV GLYKEKPYEVO TOUEN (TTY. OWKOVOUIKA), Tapd
amotedeitoan and AEEeg yevikoh mepieyopévov. H onpiovpyio tov Ae&ikov dmpkece apkeTd
xpovia pe nuepounvio Evapéng to 2004, Hotepa and v dnuocicvon g epyaciog “Hu and
Liu, KDD-2004” tov kadnynt®v Minqing Hu kot Bing Liu and to [Taveniotio tov IAvorg
010 Xkdayo. [16]
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3.2.2. Loughran McDonald Lexicon

To Ae&kd dnpovpynnke and toug kabnyntég Tim Loughran ko Bill McDonald tov
Tunuatog Owovopkdv tov IMavemotnuiov Tov Nopt Ntap (University of Notre Dame -
Mendoza College of Business - Department of Finance). AmoteAgitan and mepinov 83.000
Ae€elg ko pmopet va, yopaktnplotel ¢ owkovoutkd AeEikd. H dnpovpyia tov Eekivnoe to
2011 o¢ amotéhespa g dnpocicvong twv kadnyntov Tim Loughran kou Bill McDonald oto
Journal of Finance pe titho “When is a Liability not a Liability?”. [17]

3.3.3 Harvard IVV-4 Lexicon

Amoteleitar and mepimov 11.700 AEEEC MPOGAVATOMGUEVEC TPOG TOV TOUEN TNV
yuyohoyiog. Xpnoomotdnke katd kdépov and tovg Paul C. Tetlock, Saar-Tsechansky kot
Macskassy to 2007 kou 2008 ot1g dnpociedoelg “Giving Content to Investor Sentiment: The
Role of Media in the Stock Market, Paul C. Tetlock, The Journal of Finance, June 2007 kot
“More Than Words: Quantifying Language to Measure Firms’ Fundamentals, Paul C.
Tetlock, Maytal Saar-Tsechansky, kouw Sofus Macskassyx, The Journal of Finance, June
2008”. Mropet va BewpnBel 611 10 suykeKkpévo Aegkd dev elval GLUVOEES Le TOV TOUEN TOV
TOVPIGHOY OV acyoAoVHOcTE otV Tapovoa epyocio. [Tapoia avtd, ota mhaicio Tng
gpyaoiag, emAEEANE VO YPNOLOTOCOVLE TO AeEKd Kol Vo GUYKPIVOVLE TO ATOTEAECLATA
TOL pe ta dVo mponyovpeva (3.3.1 kan 3.3.2). [18]

H avdivon keywévov pe v ypnom Ae€ikov amotedel pio €0xoAn Kot ypryopm
dwdkacio avéivong. H dadikasio mapaymyng dpmg tov Ae&ikov (dniadr n Pabpoidynon
tov Aéfewv) amontel peydAn mpoomdbelo, €pevvo, OTATICTIKY UEAETN, KOOMG Kot
EVVOLOAOYIKT] aVAALGT], apoD OAEG O1 AEEELG TTOV £XOVV TO 1010 GMUAGIOA0YIKO YopaKTpa Ha
mpémel va. availvBovv pe t€toov TpoOmo, oVTMG dote va tastvounfovv pe to KoAHTEPO
oLYKpITIkd Tpdmo (my. ot Aéeig “fantastic” ko “gorgeous” pumopovv vo onpaivouy Kot ot 0o
“POoVTOOTIKOG - KATOTANKTIKOS aAAd 1 AEEN “gorgeous” éxet peyaAvtepo Oetikd Pabuo amod
ot Aé€n “fantastic”).

3.3. MeBodoroyia

Ye avtnVv Vv moapdypapo Bo mapovciactel n pebBodoroyia n omoia akoAovOeitor amod
T0 AOYIGLUKO, TO 0moio dnpovpyndnke yio to Sentiment Analysis. Onwg avagépetal Kot 6TV
gloaywyn, To Sentiment Analysis anoteAel éva epyaieio, To omoio umopel va ypnoyomomOet
o€ TOALOVG dLopopeTIKOVS TopELS. [ia Tov AdYo avto, dev Ba yivel Adyog i To dEdOUEV Kot
TOL OMOTEAEGLOTOL TOL OTTOL0L TPOKVITTOVY OO TV AVAALGT, Topd povo 1 pebodoroyia, n omoia
etvar kaBolkr| yio omorodnmote AeEikd ypnowomomBei, apkel avtd va Pploketor otnv
KOTAAANAT LOPOT).
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Apyikd 10 Aoylopkd Ofyeton pion ovAloyn odedopévev mpog Pabpordynon -
Babuovounon (Test Set) n omoia amotedeitarl amd mpotdoelc. Kabe pio mpodtoon Omme eivor
QLOIKO, amoteheital omd AEEELS, KATOEG OO ALTEG EMAVALAUPAVOVTOL GLYVA KO AALEC Elval
HOVOOIKEG. XtV ouvéyewn omd avtd to TAN00G TV TPOTACEMV, OTOUOVAOVOVTOL KOl
LETPOLVTOL OAEC OTEG Ol OLPOPETIKEG Ko ETAVOAAUPAVOUEVEG AEEELG. TTNV GUVEXELD, Yo
ka0e pio AéEN kokeitan o Stanford POS Tagger pe oxkomd vo emoTpopel T0 MU0 0o TO
omoio TPoKVTTEL N €KAGTOTE AEEN. Metd amd avtd to 6Tdd10, o1 AéEelc Eava peTpovvtol
00TOG MOTE N GLAAOYT TV AEEEMV TAEOV, VA TTAPEL TNV TEAIKT| TG Lopon (pio diotnAn Alota
AeEewv Ko aplBpov emavoAnyewv). "YoTePQ, (POPTOVETOL TO €KACTOTE AeEIKO TO OmOi0
amotereiton and pio AMoto Pabporoynuévev Aééewv (otnyv o popen pe v Moto TV
AeEewv, dlonAn Alota AéEewv katl Pabuporoyia). Xe avtd 10 onueio mpaypatomoleitan pio
évoon og avtég Tig dvo Aloteg (left join), mov €xel wg amotédeopa pia tpitn AMota Aégewv, e
oV aplpd emavarnyenv kdbe AEEng kol v Paduoroyia g, ocvppwva pe 10 AeEiKo.
Televtaio 016010 €lvar 0 TOALATANGLOAGUOG TOV apPlOROV EMOVAANYNG TG EKAGTOTE AEENG,
ent v Poduoroyia ™c. Me ovtdév Tov Tpdmo mpokvTTEL pio. GVVOAIKY Pabporoyio g
oLALoYTg dedopévamv (Test Set), n omoia oty mepintwon mov givar peyaidtepn tov pundevoc,
npoodidel pio Oetikn onuocio (positive) otnv cvAAoyn tov Aégewv, eved av n Pabuoioyio
etvar pkpdtepn tov Unodevoc, mpocdidet pio apvnTikn onpacio (negative). Ltnv mepintmon
mov TO OmoTEAEcHo efvor pndév 1N kovtd oto undév, 1otE M GLAAOYN TV AéEEmV
yopoktnpileTton wg ovdétepn (neutral).

H napodoa copPacn, onradn Pabuoroyio peyoaddtepn 1 pikpoOTEP OO TOV UNOLY,
Omwg eivar Aoywko, dev umopet amd Podvn TG Vo YOpOKTNPIGEL TNV CLVAGONUATIKY POPTIOT
plag mpdtaonc N akdpo Kot OAOKANPNG ¢ ovAloyng oedouévav (Test Set), 60Tt dev
Aoppavetar voyy o aplBudg Tov AéEewv Katd v teAkn BabuoAidynon. Aoywko sivol va
BewpnBel pia mpoTaon apvntikn Pdon g apvntikng g Pabuoroyias. To epodtnpa givor to
1660 apvnTikn elvar, Osopntikd pia mpdtacn 1 omoio amotedeiton amd oKT® AEEES Ko
Aappdver BaBuporoyia -35 (+5 ot Betikég AéEelg, -5 ot apvntikég AéEeg) Bempeitan oA Mo
apvnTikn amd pion GAAn mpdtaon mov oamoteieite amd 8 AéEeig emiong, aAld AapPdver
Babuoroyia -5. Etot Aowtdv yevikedovtag avtiy v Aoyik 6€ pio cuAloyn dedouévov (Test
Set), mpémnel va AdPovpe vroyy pag to TANn0og TV AéEgwv mov to amaptilovv. Me avtdv Tov
TpOTmo givor duvaTdv vo TpokOyeL Evag HEcog Opog g Pabuoroyiog katl v TEAEL 1| TOA®ON
(apvntikd, Betcd, ovdétepo) oAdKANpov Tov Test Set.

[Mapaxdto otnv ewcodvo avorveTon | Tponyovuevn pebodoroyia.
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Dataset Pre-processing Processing

Test Set —_— World List Stanford
: NLP 5
Lemmatized
World List Words
Count
Final
World List J

: : Multiplication
: i JoIN —» | Words with scores j
: : j‘

Final Dataset Score

Ewova 3.1, MeBodoroyio Sentiment Analysis pe tnv ypnon Ae&ikmv

Mo v koAdtepn koatavonon tov Sentiment Analysis pe tnv ypnon AeEIKOV, TOPAKATO
AVOPEPOLLACTE EVOEIKTIKA GE VAL TOPAOELYLLAL.

Onwg mapatnpovpe kol otnv gikova 3.2, n cvilhoyn dedopévov (Test Set) pog amoteeiton
amo tpelg mpotdoels. To mpdTo Prino Omwg meptypdpetol Kot Topandve gival 1 dnpovpyio
pilog Motog AéEemv amd Tig TPOTAGELS. LTV GLVEXEWD 01 AEEELS TG AoTag mpog LeTpovvTal
Kot Yo K60 AéEn kaAeiton o Stanford NLP Tagger yio tqv Anupatomoinon tovg. Televtaio
Brua g mpo emeepyaciog elval n TEMKN TPOGUETPNOT TV AEEEWV KO 1] ONovpyia ™G
TEMKNG MoTag. TNV CLUVEYEID POPTMVETOL GTNV WVNHUN Kot to Aegkd to omoio €xetl emleyel
yw. o Sentiment Analysis Kot Egkvaetl 1 100IKAGIO TNG GLVEVMOOTG TV OV0 QLTOV AMGTAOV
(left join). H tedkn Pabuoroyio ™ GLALOYNG TV O€dOUEVOV TPOKLATEL OO TOV
TOALOTAQGLOG O TOL aplBIov emavaAnyng kabe AEENG pe v Pabporoyiog .

Ta anotedéopata g pnedddov mapovsialovtot avaAvTIKd 6To KePdAato 6.
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Dataset Pre-processing Processing

Test Set

Absolutely lovely : Word  #
Room was lovely — absolutely 1 Stanford
The room is basic : MNLP

lovely 2
room

2
was 1
the 2
is 1
basic 1

Words
Word # Count

absolutely 1
lowely 2
roam -4

is 1

the 2

is 1
basic 1

Word  # ﬁ Word # Score
absolutely 1 : absolutely 1 5 Multiplication

lovely

lowvely 2

roam
JOIN ——»

the
basic

Lexicon

z
is 2
2
1

Word Score
absolutely 5

Word Score
absolutely 5
lovely 10

lovely 5
roorm o
is o]
(]
5

room o

the
basic

is (o]
the (o]
basic -5

Total Dataset Score

Ewova 3.2. apaderypo Sentiment Analysis pe tnv pébodo tov Aeikamv.

3.4. Epappoyn oc Java

AxolovOel n avAAvon TOV KOJIKO GTNV YADGGO TPOYPULUATIGHOD Java.

H peBodoroyio n omoia meprypdopetan mopamdve, vAomoteitanr and v kAdon Lexicons 1o
apyelo Lexicons.java. e avtd 10 apyelo LVIGPYOLV TPELG GLVOPTNGELS.

Lexicons(String lexicon)

P6hog ™c nebdoov - constructor givar ) apyikomroinon tov Lexicon avtikepnévov pe
dwPacpo Tov Aégemv Tov amd to apyeio csv mov kabopiletan amd v petafint ‘lexicon’.
Avto emtvyydveton pe v kAo g Bondntikng pebddov chooselexicon(String input), n
omoia avalntd Kot GOPTAOVEL TO KATAAANAO apyeio oTnV pviun.

ClassifyWord(String lexicon)

H pébodoc avarapfavetr va tpaypatomromoet v cuvévaoon (left join), av vadpyovv
Kowd ototyeia peta&y g AMotag towv AéEemv Kat Tov apyeiov Tov Aeikov. o va emtevyOel
avtd Onpovpyovvton dvo JavaPairRDD<String, String>. To mpdto mepthapfavel to apyeio
ne tig AéEetg e ovAdoyng dedopévav (Test Set - Data Set) kot tov aptBuod emavdAnyng Toug,
eV 1o 0e0TEpO mephapPdvel o apyeio Tov AeCwod kot v Pabporoyio (“Negativ -
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Positiv’) kaBe AéEnc. Agov avtd ta dvo JavaPairRDD<String, String> épBovv otnv
KOATOAANAN pHopon, TOTe mpoayuotomoteiton éva leftOuterJoin ko €ror dmpuovpyeitar to
JavaPairRDD<String, String> mov nepthapPdver t11g AEEelg, Tov aplBud ETOVAANYNG TOLS Kot
T1¢ Pabporoyieg tovg. Televtaio 6tdd10 givar 0 VIOAOYIGHOG TG Pabuoroyiog kdbe AEENC.
Avtd emtvyydvetar, mollamiacialoviag Tov aplBud emavainyme e AEEng pe v
Babporoyiag .

[Mopakdto Ttapovstdletal 0 KOOKAS TG LeBOSOL TV AeEIKOV og Java

public class Lexicons implements Serializable {

/[d1adpopr) yia To apxeio Tou Ae§ikou
private String lexicon_file;

[l6évopa Ae€ikou

private String lexicon_name;

/**

* dnuIoupyodG - constructor

* @param lexicon 10 évopa Tou Ae€IKoU

**/

public Lexicons(String lexicon) {
this.lexicon_name = lexicon;
//kaBopiletal ToI6 Ae€IKO Ba xpnoiyoTToInOei
chooselLexicon(lexicon);

/**

* n switch case apyikotroigi Tnv pataBAnTA lexicon_file, avéAoya e Tnv peTapAnTr input
* n otroia SiveTal WG TTAPAPETPOG KATA TNV dNUIOUPYia TOU AVTIKEIUEVOU
* @param input To 6vopa Tou AeEIkoU
**/
public void chooselLexicon(String input){
switch (input) {
case "Bing Liu": this.lexicon_file = Constants.LEXICONS LOCATION +
Constants.BING_LIU _LEXICON_FILE;
break;
case "Loughran McDonald": this.lexicon_file = Constants.LEXICONS_LOCATION +
Constants.LOUGHRAN_LEXICON_FILE;
break;
case "Harvard-IV": this.lexicon_file = Constants.LEXICONS_LOCATION +
Constants.HIV_LEXICON_FILE ;

break;
default: this.lexicon_file = "[-] Invalid Lexicon File";
break;
1
/**

* 10 OU0 apxeia popTwvovtal o dUo JavaPairRDD<String, String> kai peté amod tnv KatdAAnAn Tpoepyaacia
* rpayuatoTroigital leftOuterdoin
* yetd amo 1o JavaPairRDD<String, Tuple2<Double, Optional<String>>> 1Tou TTPOKUTITEI,
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* mToAAatTAaaidlovTal o apiBudg eTavaAnyng pe Tnv Babuoloyia k&Be AEENG
**/
public void classifyWord() {

long startTime = System.currentTimeMillis();

llpopTwveTal To AeEIKG aTnV PvAun - JavaRDD
JavaRDD<String> lexstring = main.javaContext.textFile(lexicon_file);
[luetatpoTrr) Tou Ae€ikou o€ JavaPairRDD yia va givail duvarn
/In TTpayuaToTToinan TOU join
JavaPairRDD<String, String> lex = lexstring.mapToPair(word ->
new Tuple2<String, String>(word.split(",")[0], word.split(",")[1]));

llpopTwveTal n AioTa pe TiIg AéCeig oTnv pvrun - JavaRDD
JavaRDD<String> wordsstring = main.javaContext.textFile(Constants.MAIN_FOLDER +
Constants. TEST_DATASET_LOCATION_UNIQUE_WORDS);
[lueTaTpoTi TNG AioTag o€ JavaPairRDD yia va gival duvarr)
/In TTpayuaToTToinon TOU join
JavaPairRDD<String, Double> words = wordsstring.mapToPair (word ->
new Tuple2<String, Double>(word.replace("(","").replace(")","").split(",")[0],
Double.parseDouble(word.replace("(",").replace(")","").split(",")[1]))

);

INeftOuterJoin peTagl Tou AegikoU Kai TNG AioTag Twv AéEewv
JavaPairRDD<String, Tuple2<Double, Optional<String>>> words_lexicon = words.leftOuterJoin(lex);
//System.out.printin(words_lexicon.take(20));

[[d1aypa@n Twv AéEewv TTOU dev BpEBNKav OTO AEEIKO
JavaPairRDD<String, String> mappedRDD = words_lexicon.mapToPair(tuple -> {
if (tuple._2()._2().isPresent()) {
return new Tuple2<String, String>(tuple._1(), tuple._2()._1() + " " + tuple._2()._2().get());
}else {
return new Tuple2<String, String>(tuple._1(), "NF");
1) filter(tuple -> !tuple._2().contains("NF"));

[ITeNIKRA AioTa pe TIG A£€eig TTou BpéBnkav oTo AegIkd Kal TNV CUVOAIKA Toug BaBuoAoyia
JavaPairRDD<String, Double> results = mappedRDD.mapToPair(tuple -> {
if (tuple._2().split(" ")[1].equals("Negativ"))
return new Tuple2<String, Double>(tuple._1(), (double)
(Double.parseDouble(tuple._2().split(" )[0]) * (-0.5)));
else if (tuple._2().split(" ")[1].equals("Positiv"))
return new Tuple2<String, Double>(tuple._1(), (double)
(Double.parseDouble(tuple._2().split(" ")[0]) * (+0.5)));
return new Tuple2<String, Double>(tuple._1(), (double)
(Double.parseDouble(tuple._2().split(" *)[0]) * 0));
D
/latroBrikeuon aTTOTEAECUATWY GTO apxeio: resources/output/lexicons/
results.coalesce(l).saveAsTextFile(Constants.MAIN_FOLDER +
Constants.LEXICON_RESULTS_FILE + this.lexicon_name);
System.out.printin("[+] " + this.lexicon_name + " Lexicon Selected");
System.out.printin("[+] " + this.lexicon_name + " Lexicon total score: " +
results.mapToDouble(x -> x._2).sum());
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System.out.printin("[+] " + this.lexicon_name + " Lexicon time elapsed: " +
String.valueOf((System.currentTimeMillis() - startTime)) + " ms");

3.5. Iapatnpnoelc

1. Ztov mapomdve Java kddwko moipvovpe g 000UEVO TO OTL £xOovUE ONULOVPYNCEL TNV
Mota pe ta Aqupoto Tov AEEEwmv, ot omtoieg amaptilovv v cvAroyn dedouévav (Test Set -
Dataset) poc. Aniadr| mepvaue OAa to otdd ™ mpo enelepyaciag (preprocessing) ko
avaQEPOLOOTE OMOKAEIOTIKA 0T0 oTddo NG enelepyaciog (processing). Ta mponyovueva
OTAdWL, OVTO TOV OVOIYHOTOG TNG GULAAOYNG OEOOUEVMV, TNG €0PEONS TV AEEEMV, NG
MupoTonoinong kot TV TeEMKN Spopemon e Alotag, ta avaiapPaver pio Bondntkn
KAdom tov mpoypdaupatog, | FileUtils oto apyeio FileUtils.java tov package utils. Avti
KAGom O1a0étel khmoleg PonONTIKEG CLUVOPTNOELS YL TO GUVOAO TOL TPOYPAUUOTOS (TTY.
LETATPOTY| €VOG tsv apyeiov, Ge csv) kot dev eivar pntd cvvdedepévn pe v KAdon tov
Ae&ikav. TMopakdtom avoivovtal TPES amd TIG CLVOPTNOELS - epyaleio TG KAdong FileUtils,
OV aPOPOoVV TNV peBodoAOYin TV AEEIKDV.

findUniqueWords()

H ovvéptnon, avoiyet o apyeio csv 6mov Ppiokoviat ot eyypapég Tov dataset Kot Tig
amoOnkevel oe évo JavaRDD<String>, a@old mpodta a@opécet v mpotn £yypoen (dev
TEPLEYEL KATOLO, EYYPOPON], OTAL XPNOLUOTOLEITOL G TITAOG TG OTAANG). ZTNV GLVEXELN KOAEL
116 ovvaptioelg cleanData(input) kot countData(words) ot omoieg 6Tw¢ oNUATOd0TOHY Kot
TOL OVOLLOTA TOVS, OLPOPOLYV TOV KABAPIGHO (Kot ANUUOTOTTOINGN) Kot TV LETPNON TOV AEEE®mV
tov dataset. Tehevtaio Prpa g ovvapong findUniqueWords eivar n amofnkevon tov
Mupdtov tov Aéemv Kabhg Kot ToV HETPNTOV emavaAnymg tovs. To apyeio amodnkevong
Bpioketor otov @dreAo /resources/input/lexicon_unique words.

cleanData(input)

Yxomdg ™G ovvaptnon eival o kKaBopiopdg Kot 1 ANUUATOToinoen Tov AEEE®V TOV
dataset mov 0éyetar wg mapdperpo. H ocvvdptnom emotpéper éva JavaRDD<String> tov
omoiov kdOe eyypapn eivor kou pion AéEn tov dataset. IIpv and avtd, apapovvTol KAmo

€99 e 66,90

€101KA cLPoAa amd Tig AéEeLS (Y T cOUPOA -7, “@”, “:” KOK).
countData(words)

H ocvuvéptmon 6éxeton g mapdpetpo v Alota tov AéewVv mOL TPOKVTTEL ANO TNV
ocvuvaptnon cleanData. Apywd Smuovpyet éva JavaPairRDD<String, String> 610 omoio
amofnkeveTal KOs povadikn AEEN Kot O aplBUog ETOVAANYNG TNG. ZTNV GLVEELD, OO TO €V
Aoyo JavaPairRDD dnpovpyeiton éva kavovpyto JavaPairRDD, to omolo avtwkabiotd v
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k@O AEEN pe To Mupa amd to omoio mpokvmTel. Televtaio Pripa eivan yio axouo po opd o
VTOAOYIGIOG TOV TEAMKOV ap1Ood emavaAnyng g kébe AEENC.

2. Xmv ovvdaptnon countData, o vToAoylopdg tov oplfuod twv AéEemv mpaypaToTolEiTOL
000 popéc. Emetdn 1 dwadwkasio tng Anppotonoinong kootilgl, 1060 G€ VTOAOYIGTIKY oYV
000 Ko o€ XpoOvo, emAEyetal avtn pebodoroyia. Me GAla Adyla, apyikd petpovvtal ot AEEELS
Kol onovpyeital pio Aiota (JavaPairRDD), n omoia 6pwc pmopel va meptrappdvel Aégeig
OV TPOKVTTOLV Ao TO {010 AU (TTY. TO PHe. Was Kol To Prio. Were TPoKLITOVY ol TO
prnua be). Zmv cuvéyela, kdbe AEEN oty Alota anaiddoceton and kdmolo eWdd cOUPoAL
KO ATULULOTOTTOLEITOL, EVA TOVTOYPOVO EVILEPDOVETOL O LETPNTNG (Y. TOL PYILOTO. Was Kol wWere
yivovtor be kot cvvabpoilovtal ot petpntég ToVG). Me aVTOV TOV TPOTO, UEIDOVOVLUE TNV
KAnon tov Stanford NLP apketég opés, apov yia kdbe AEEN g AloTog HoG, TOV KOAOVUE
povo pio opd ko Oyt 66e¢ opES  Hag vTodNA®MVEL 0 aplBuds epedviong e H mapakdto
ewova (ewodva 3.3) mapovctdlel kar cuykpivel v cvoppatikn pebodoroyio, pe ovTAV TOL
ToPOLGLALETAL TAPOUTAV®.

Onwg @aivetar omv ewkdva 3.3, n pébodog n onoio mpoteiveton amotereiton amd
neplocotepo Prjnata. Tlapdia avtd, o apBudg kAnong tov Stanford NLP peidveron
Opaoctikd. Méoa amd JoKES Kol TEPAUATA TOL TPAyHOTOTOMONKaY ot TAoico NG
TapoVGOS £pYNciog, N Tpotevouevn LEB0SOG eEAYEL amoTeAéGOTA TEPITOL GTOV GO XPOVO
am6 0tL n mapodootakn. I[Tapadetypatog yapv, oe dataset to omoio amoteleiton amd 1000
eyypagés, m mapadoctokn MEBodog yperdleton mepimov 20 Aemtd NG dpOg Yoo va
oAOKANpOGEL TNV dladiKacio, EVM 1 TPOTEWVOUEVT TEPITOV 9 AeTTA TS MPOLC.

Conventional Method

Stanford
e ™, MNLP - ™,
Absolutely o absolutely Word  #
lovely P, lovely absolutely 1
Room room lovely 2
was - be Count room >
lovely = lowely Waords b 5
e
The the _—
room room the 1
= i be. basic 1
basic > basic
Proposed Method
e Y Stanford
bsolutely 1 bsolutely 1
Absolutely absolutely NLP absolutely Word #
lowvely lovely 2 : lovely 2 absolutely 1
Room room 2 —_— room 2 lovely 2
was 1 » be 1 Count 2
lovely 1 be 1 Words roam
The _— » be 2
rc:.c-m 1 [E— 1 the 1
' : 1 1 basic 1
basic
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Ewova 3.3, H cupfotikn pébodog Evavtt g Tpotetvopevng pebddov yia tnv kAo tov Stanford
NLP 610 otdd10 g mpo enelepyaciog tov dedopévmy.

3. o v k\non tov Stanford NLP Tagger ypnowomnoteitor to Application Programming
Interface (API) tov mpoypdupotoc 0nme avtd TapovctdleTal TNV EXICTUN 1GTOGEADA TOV.
Mo v KAon tov Tpoypdupatog, ypnoomolovvtal dvo fondntikég kKAdoelg tov package
utils, m SNLPParser kot m SNLPPOSTagger, ot omoiec Bpiokoviar oto apyeia
SNLPParser.java kot SNLPPOSTagger.java avtictoyya. Xtnv nmpdt kAdon (SNLPParser), 1
ovvaptnon snlpPosTaggerString(String input), déyetor ©¢ mapdauetpo v A&En n omoia
npokeltonr vo enelepyootel amd tov Tagger kol otV ocLVEXEW KOAEl TNV ouvdptnon
tagSentence(String input) ¢ xAdong SNLPPOSTagger. Avti m ovvaptnon, oagol
apykomomoet OAa ekelva To. oToryela mov eivorl amapaitnTa Yoo TV opaAn Asttovpyio TOV
npoypapparog, Kaiet tov Tagger pe €icodo v Aéén mov Ba AnppatomomBel. To amotédeocpa
¢ mopamdve ddikaciog givar n Alota Tov Anppdtov tov AéEemv mov amaptilovv v
EKAOTOTE TPOTAUGT.

[Mopakdre mapovoidletor o kKadikag tov cuvaptioemv findUniqueWords, cleanData o
countData (mapotpnon 1).

public class FileUtils implements Serializable {

/**

* xpnoigotroleital aTnv péEBodo Twv AEEIKWV

* avaAauBavel va Bpel, va Kabapioel, va ANUUATOTTOINCE!

* Kol va JETPAOEIG TIG AEEEIG TTOU aTTaPTICOUV TIG TIPOTACEIG
* Tou dataset

**/

public static void findUniqueWords() {

/[®1aBadel To apxeio csv, dnAadr) To dataset

JavaRDD<String> input_title = main.javaContext.textFile(Constants.MAIN_FOLDER +
Constants. TEST_DATASET_LOCATION_CSV);

/la@aipei TNV TTPWTN YPauur, dnAadr) Tov TiTAO TwV OTNAWY

JavaRDD<String> input = input_title.filter(l -> !l.contains("title"));

System.out.printin("[+] Cleaning data from special characters");
/lkAon Tng ouvdpTtnong cleanData
JavaRDD<String> words = cleanData(input);

long startTime = System.currentTimeMillis();

System.out.printin("[+] Count and convert words into infinitives");

/lkAfon Tng ouvdpTtnong cleanData

JavaPairRDD<String, Integer> counts = countData(words);

System.out.printin("[+] Counting and converting time elapsed: " +
String.valueOf((System.currentTimeMillis() - startTime)) + " ms");

/latmoBnkelel Ta atToTEAEOPATA, ONAAdH Ta AfjuuaTta Twv AéCewv
/[Trou atrapTifouv TIG TIPOTACEIG
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counts.coalesce(1l).saveAsTextFile(Constants.MAIN_FOLDER +
Constants. TEST_DATASET_LOCATION_UNIQUE_WORDS);
}

/7\-*

* HETPAEl, AnuuaToTTolEl kal Eava PeTpael TiIG Aé€eig atrd 1o JavaRDD
* TTou OEXETAI WG OPICUa

**/
private static JavaPairRDD<String, Integer> countData(JavaRDD<String> words)

{
llueTpdel TIG AE€eIC
JavaPairRDD<String, Integer> tempPairRDD = words.mapToPair(word ->
new Tuple2<String, Integer>(word, 1)).reduceByKey((x, y) -> X + y);
/Iy1a KGO AEEN, BPiOKEI TO AfUPA TNG KAl EVNEPWVEI TOV JETPNTH TNG
return tempPairRDD.mapToPair(word ->
new Tuple2<String, Integer>(new SNLPParser().snlpPosTaggerString(word._1),
word._2))
.reduceByKey((x, y) -> X +);
}

/**

* KaBapilel TIg TTpoTACElG atrd KATToIa €101KA GUMPBOAQ Kal TIG XwpIlel AéEeIg

**/
private static JavaRDD<String> cleanData(JavaRDD<String> input)

/lkaBapiel TIC TIPOTACEIG Kal TIG XWPICEI 0€ AEEEIG
return input.flatMap(line ->

.replace(",”, ").replaceAll("\\d","").replace("\'"", "").replace("@", ™)
.replace(":", "").replace(".", "").replace("$", "").replace("\\","").split("* ")).iterator());

}

Yvvoyilovtog, PmopodUE VO KOTOVONCOVUE OTL M aVAALGY €VOG KEWEVOL UE TNV
xpNnon AeEikmv, amotelel po apKeTA VKOAN KoL Ypriyopm, kabapd vroroyiotikn pnéfodo. O
dadKacieg mov HIropovv va xpnoipomonfodv yio Vo TPOKVYOLV T OTOTEAEGLLOTO, UTOPEL
va givor dlopopeTikég o€ Kamola GAAN mepimton, mapoio avtd 1 cvykekpiuévn péBodog
TOPOVGIALEL OPKETE IKOVOTOMTIKA OTOTEAEGLLOTO GTOV YPOVO EKTEAEGNG TNG CLYKPITIKA UE
dAeg. H dvokora kot o mpoPAnuatiopog e pebddov €ykertar otnv Ompuovpyio Tov
ekdotote AeEkov.

Ta amoteréoparta g pebdoov, Tapaditovtal 6to Kepdloro 6.
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Kepdiaro 4. Avarvon XvvarcOjuartog pe tnv ypiion Tanvopurtov
Mnyavikng Madnong

4.1. Md&Onon pe enifreyn

H pabnon pe enifieyn agopd tv dnuovpyio odyopibumv, ot omoiot d€yoviat kdmoio
dedopéva oG €16000 KO TOPEYOVV KATTOLEG YEVIKEG VITOOEGELS, LE TIC OTOTlEG UITOPOVIE TAEOV
VO KOVOULLE EKTIUNCELS TAV®D € Ayveoota dedopéva. Me dAha Adyla, 0 6TOYX0G TG 1Labnong
pe emifreyn sivon va mopaydet éva poviédo (Classifier), to omoio Oa Paciletor og kdmola
apywkd dedopéva ekmaidevong (Training Set), pe oKOmO TOV YOPAKTNPIOUO KOl TNV
Ta&vounon ayvootov, pedoviikdv dedopuévov (Test Set). [19]

Ta mpopfAnuota mov pmopodv va AvBovv pe v ypriong e ndnong pe enifieym,
UTOPOLV VO YOPLoTOOV o€ V0 peydiec kotnyopieg: To TPOPANpaTe  TaEIVOUNONG
(Classification), kot to mpoPAnuato tng omcsBodpounonc (Regression). Avtég ot dvo
KOTNYOPieg SPEPOLY GTNV HOPPN TNG AVONG TOVG. ANAddN GTNV TPATY TEPITTOON NG
tavounong, n Avon toSvopeitor oe pio OplopEVN amd TPV KAAOT, EvM GtV O£0TEPN
nepintwon, g omcodpounong, n Avon Ppicketarl o€ £va ddotnpua Twov. o mapdderypo
0 YOPOKTNPIGUOS EVOC KOPKIVIKOD OYKOL G kadonn 1 kaxondn cvpuewva pe 1o péyebog
10V, amoteAel £va TPOPANUE TaEVOUNONG, 0PV 01 TBaVES KAAGELS Tagvounong eivat dvo,
KaAoNOng M Kokondng. Amd v dAAn, N extipmon Tig TG EVOS OKLVITOL GOUP®VA LLE TO
péyeBdg Tov G TETPAY®OVIKA PETPO, amoTeAEL Eva TpOPANUA omicBodpounong, apov n Adon
avikel og éva dtdotnua wy. 50.000 - 120.000 gvpd. [20]

To mpoPAnua tov Sentiment Analysis vmdystar oty mpdTn Kotnyopio, o@ov o
YOPOKTNPIGUOG Hiag TpOTOoTG YIVETOL GE KOO YVMGTH €K TMV TPOTEPMV KAAOT (). TOAD
Oetikn onpoacia, ovdétepn onuacio, apketd apvntikny onupacio kti.). To cvykexpipuévo
TpoPAnua dev Bo pmopovoe va BewpnBel mpdPfAnpa omcBodpdunong, Oyt toco yati pio
aplBuntikny T dev Ba gixe vonua (6mwg Ba dovpe kot mopakdtm, ot kKAAcelg opilovtot pe
QLOIKOVG aptBpovg), oA Kupimg yati Eva amotédespa g popeng 0.5 dev Ba giye 1daitepo
vonua yo dVo kAacels oto 0 kot oto 1 avtioTorya.

Q¢ dedopéva exmaidoevong (training set) opiCovpe pioc GLALOYN €YYPUPOV, 1 Omoin
nePLOUPAveL OEGOUEVA YOPAKTNPIGUEVO LE PO TIUN. TNV TEPITTMOOT TG TAEIVOUNONG, 0VTH
N T avikel og pia tpokabopiopévn kKAdon (my. kaAonong, Betikd, akpiPo, adidpopo), evd
otV mepintmon ¢ omcfodpdunong, svvndmg N TN apopd kamoov apduo (my. 5, 5.334,
3.23).

Amo ™V GAAN TAELPE, ®¢ dyvooTto dedopéva N akopa Kot dedouéva dokiung (Test
Set 11 kou Dev Set) opilovpe eyypapég o1 omoieg dev £x0VV YOPAKTNPIGTEL AKOUO LE KATOL0
T, XKOTOG TG OANG dradikaciog e nabnong, 0tmg Bo opiotovv Kot B TaPOLGLUGTOVY
KOl TOPOKATO T0 6TASLA TS, EIVOL O YOPAKTNPIGUOG AVTDV TOV AyveoToVv dedopévav. [21]
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Mo v KaAdtepn Katovonon Tov moparave opioudv Boa avaeepbodue oe éva
napadetypa. 'Eoto 6t 06Aovpe va mpofAéyovpe TIg TIHEG KATOL®MV OKIVIITOV GOUPOVO [LE TO
uéyedog tovg. ‘Exyovpe omv xatoyn pog pio Adoto, m omoio amotedeital amd to peyEdn
KATOIOV oKWVATOV Kot TG TWéEG ovt®dv. Avtq sivar m Alota (Training Set) mov 6o
YPNOYLOTOUCOVUE Y10 Vo ¥Ticovpe To poviédo pog (Classifier) ko pe ovtd 6o pmopécovpie
HETA VO KAVOLLE EKTIUNGELS Y10 TIS TIES KAmolwv dyvaotov okivtov (Test Set). Ewkovika
TO TOPAOEY O LOG UTTOPEL VOL TTEPLYPAPETL OO TNV TopaKdT® eiKOvVa (etkdva 4.1).
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Ewova 4.1, TTpopinue omicBodpounong mov apopd TIC TIES OKIVITOV GOUQ®VA UE TO UEYED0G TOVG
oe TW. [1]

4.2. To otadwo tov Classifiers

Ye autd 10 onueio o mOpPoOVGLOGTOVV TA OTAOWL TOL OakOoAoLOOVUE, 0VTOG BOTE Vo
onuovpynoovpe, vo ekmardevoovpe kKo va aloroynoovpe évav Classifier yio Sentiment
Analysis. Ta otdo elvor kaBolwkd wor oaveEdpnta and v pébodo mov Oa
YPNOLOTOMGOLLE Yl TNV ekmaidgvon tov Classifier. [22]

Y16010 TPpOTO: Opropog training set ko test set.

Ye avtd 10 O0Tddl0 oKOomdg elvar vo opicovpe To dedopéva, To omoia Oa
ypnowonomBodv v v ekmaidevorn tov poviéAov. Ta dedopéva mpémel va elval cmoTd
opwopéva Kot v unv €yovv opBoypapucd AdBn. to miaicto oavtov Tov otodiov, Ha
npoypatoronBodv opiopéveg evépyeleg Kabapiopov tov dedopévov (Ty. vo dypopovV
oplopéveg AEEelg Tov Oev £youvv dtaitepn onuacia, dpbpa KTA.), EVO TNV GUVEXELDL OAEC Ol
Aé€erg Ba petatpomovv oe melés. Avtod cvuPaivel 0VTOg MGTE TO POVTELD pHog va unv Bewpel
StpopeTikég TG AéEelg Adyov yaptv “Kardg” kot “kaddg” apoh ovcGlaoTiKA TPOKELTOL Yo
v 1010 AéEN. To TpdTO 6TAd10 eV ivan pnTa cLVOEdEUEVO e TV dnpovpyia Tov Classifier
KOl ATOTEAEL GTAOL0 TTPO EMEEEPYNTING.

Y16010 0gvTEpO: Exmaiocvon povrélov
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Avtd 10 0TAd10 Omoterel €va YeEVIKO GTAO0, aveEAPTNTO amd TV péBodo mov Oa
ypnoporomoovpe (wy. Naive Bayes Classifier, Support Vector Machine Classifier xtA.). Ta
povtéda Ba avagepboiv kal Bo avaivBodv TapakdTm. e 0VTO T0 0TAO0, KAVOVTAG YPNOoN
tov Training Set, exmadeveror o Classifier kot e&dyetal T0 povtédo, T0 omoio petémeita

umopel va ypnoiponmombet yio va Kével eKTIUNGELS Kol VTOOEGELS Yo dyvoaTta dedopéva, (Test
Set).

210010 TPiTo: AEL0AOYN G HOVTELOL

To povtélo 10 omoio £xel e€aybel amd 10 oTAd0 TG eKmaidevong, umopel TAEoV va.
ypnoomombei oe dyvooto dedopéva. To epdmmua dpme eivar, motog eivar o Pabuodg
a&lomotiog Tov; [log pmopodpe va eipaocte ciyovpot 6Tt Ta amoteAéspota mov Ba e&aybovv
Ba etvon peariotikd; H a&loddynon Aowmdyv givorl 1o péso avtod pe to omoio Oa propécovpe va
dwcovpe andvinon o avtd Ta epoTroate. Ommg Oo dovuE Kot TOPaKAT® YPNCILOTOIDVTOS
OLYKEKPIUEVN HeBOdOAOYIOL KO PETPIKEC, UmOPOVUE Vo Kdvovpe Adyo Yoo v “aélomiotio”
TOV LOVTEAOV TTOV YPTGULOTOLOVLLE.

210010 TETOPTO: ATTOONKEVGT HOVTELOL

Av10 10 oThd0 givan TpoarpeTikd. ‘Exovtag exnardevoet évav Classifier, pmopodpe va
TOV YPNOUYLOTOUCOVUE Yo Vo Ta&tvopncovpe dyvoota ogdopéva. To (Rmmuo og avtd 10
onueio eivar, av Bélovue va  ypnowomomcovpe Eavd to 1010 poviédo Bo mpémer va
exkmadevoovpe maAr tov dwo Classifier; AmoOnkevoviag to HOVTEAD, UTOPOVUE VO
TOPOAEIYOVE TOL TTPOTYOVUEVO, GTALO VIO GLYKEKPYLEVOLG OPOLG. ZTNV 0LGIM, OVTO TOL
kaBopilel 1660 ™V aglomiotio Tov poviéAov 660 Kot o 1010 To povtéro, givar to Training
Set. Ovcio emavekmaidevong vmépyel omv mepintwon mov ypswlopocte €va Tereing
dwpopetikd Training Set (my. 0élovpe va ekmodevoovpe éva HOVIEAO o€ TEAEIWG
JSPOPETIKO TOpEN) N €YOVUE KAveEL KATOEG PEATIOOELS 6TO NON LVILAPYOV (Y. APUIPECALLE
OPIOUEVEG TTPOTAGELS, KAVOUE KaADTEPN PO emeepyosio KTA.). Le KAOe dAAN mepintwon (my.
StapopeTikn UEB0d0G aE0AOYNONG LOVTEAOD), OV YPEWBLETAL VO EKTOLOEVGOVIE TO LOVTEAO
Eava amd TV apyn, apKel vo To amoOnKeLGOVE Kl VO TO POPTOCOVIE GTNV UVIUN OTOV TO
YPELLCTOVLLE.

Y1600 wépnto: Talvopunon keipévov

210 onueio avtd, aEod To HOVTELO £XEL EKTOOEVTEL LE EMTUYIO KO TO OTOTEAEGLLOTAL
nov maipvovpe and to 6tdd1o g alordynong (my. agomotio peyardtepn Tov 80%) sivor
KOVOTTOMTIKA, Oepole OTL UTOPOVLE VO TO YPNCLUOTOU|COVLE Yo TASIVOUNOT AYVOOTOV
dedopévov. Aol eredyovpe to Test Set otov Classifier, coppwva pe to povtélo 1o omoio
Exovpe eKmodevoeEl, Aapupdvoope amotedécpata. Avtd amoteAovvtanl and Tig 1d1eg exeiveg
mpotdoelg mov amoteheiton kol to Test Set, aAAd ot TNV POPA £XOVV YOPAKTNPIOTEL pE pia
TN (my. BeTikn, ovdETePT, APYNTIKN).

Y10010 £kt0: Avaivon - E€akpifoon amoteleoparmv

31



Y10 K10 KOl TEAELTOiO OTAO0, ovcio €xel M e&axkpifwon TOV ATOTEAEGUATOV.
A@evic, n a&lomiotion Tov HovTEAOL pag divel pio apKeTd KaAn €OV TOV HOVTEAOL, YOPIG
amopoitnTo vo eEAYOVUE KATOLH AMOTEAECUOTO, OPETEPOV OUMG TA ATOTEAEGUATO VTA KO’
avtd etvon eketva ta omoia eEetalovtag ta, Bo pmopécovpe vo aro@aviodUe av TO HLOVTELOD
HoG EMOEYETAL KOO PEATIMOT KOl GE TO10 O UELD.

Training Set - Classifier . Classifier
Defining Training Evaluation "
" Model Text .
Saving Classification - b L

Ewova 4.2, Ta otadio dnpovpyiag, ekmaidevong, aoddynong evog Classifier

Ta mepiocdtepa omd to otdd dnuovpyiag evog classifiers mpoypatomotovvTon
apketd eOkoAd Kot Oev vrdpyel Wwaitepog Adyog va avaeepbodue mepartépm oe avtd (TTy.
amofnkevon, TaEvOUN o KEWWEVOD, eEaYYN amoTeAeoudToV KTA.). [Tapdia avtd, vTapyovv
Kamola 6tddw (my. opiopdg training set ko test set, ekmaidevon HOVTEAOL, aE0AOYNON
LLOVTEAOVL KTA.) TO OTTO10L LITOPOVV VoL TPAYLLATOTOMBovV He TEPIETOTEPOVS OO £VOV TPOTOVG
Kot 0&ilel vo OGOV LE LEYOADTEPN EULPOCT) KO VAL TAL EPEVVIIGOVUE GE PABOC.

4.3. Opiopog training set ko test set

Onwg avaeépOnke mponyovuévmg, To oTAd0 ovTd amotehel €va o0TAO0 TPO
eneepyaciog, OnAadr| dev cvoyetiletan dpeca pe tovg Classifiers. Ilapoia avtd, 660 mo
ToLTIKO glval anTo T0 6TAd0, TG0 Mo a&lomicto poviéro Ba e&aybel. Oco apopd To TAN00g
TOV £YypaeaVv evog Training Set, Oa mpémel apevog va etvat apketd peydAo, apetépov Opmg
Vo amoTEAELTAL A0 EYYPAPES, LOPACLEVES ioa oTIg Kabopiopéveg KAdoels. Adyov ybpv, Eva
Training Set to omoio amoteAeiton amd 5000 eyypaéc (Oetikég Kol apvnTIKEG KPITIKEG
Eevoooyeimv), mpémel va elvarl KaAd opiopéveg, va unv eépovv opboypapikd AdOn va sivat
OAeg o1 AéEelc Ypappéveg pe meld yplupato, eve TantdYpovo Ol HICEG EYYPOPES VO AVIIKOVY
oTNV TPOTN KAACM, KOl Ol AAAEC HIoEG oty devTepn (amd 2500 eyypapés otnv etk Ko
omv QPVITIKY KAGon avtictouya). [23]
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4.4. Exnaidevon HovtéAov

Onwg mpoavapépbnke, o 6TAd10 NG ekmaidevong givarl avtd oto omoio o Classifier
0o enelepyaotel 1o Training Set mov tov 06ONKe kot Bo pmopécel va dNUOVPYNHGEL TO
HOVTEAO OV Bol ¥PNOYLOTOMOEL, Yo Vo, TaStvopnoet Ta dedopéva €16000v. OvGlooTIKG, OF
avtd o onueio Ba tov dobel Eva Non Ta&vounuévo Data Set (Training Set) Kot cOp@@va pe
avto o “pdber” va tagvouel omorodnmote dAdo Data Set (Test Set) mov 6o Aapupdver mg
€lc00d0. [24]
[Moapaxdtow Oa avapepBodue oe téooepig yvwotovg Classifiers mov vAomolovue Kot
ypnopomolove ota mAaiow TG epyaciag, Toug: Naive Bayes Classifier, Support Vector
Machine Classifier, Logistic Regression Classifier kot Decision Tree Classifier.

4.4.1. MNB Classifier

O Naive Bayes Classifier eivan évag opketd aglomotog kot e0koAog v vhomoinOet
Classifier. Ymépyovv 600 povtéia to omoio cvvnBwg ypnoipomorovvtar, o Multivariate
Bernoulli Naive Bayes ka1 o Multinomial Naive Bayes (cuvifwg kot Multinomial Naive
Bayes 11 kou MNB). Zmv npmdtn mtepintoon, avt Tov Multivariate Bernoulli NB, o Classifier
Aoppdver voyy Tov PdVo TV Tapovasio TG AEENG Kat KaBOAov Tov aptBpud eTavaAnyng g
(OnAadn Vv ovyvotnto EUPAVIoNG TNG). XNV Ogvdtepmn, ovtn Tov Multinomial NB
Aoppavetar vIoYY Kot 0 aptOpdg peaviong g ke AEENG, OnAadn N cuyvoTTa ELEAVIONS
me. Onmwg avagéper kot 1o dvoud tov, Paciletoar oto Bedpnuo Tov Bayes ki oty
OTOTIOTIKY avOAvoT Tov mpotdoewv. EEetdlet dnAadn 1o 16s0 cuyva eppaviCeton kbbe AEEN
oe Oleg TIC poKaBopiopéves KAAOELS Kl e avTdV Tov TpOTO vroAoyilel v mBavotnTa
OAOKANPNG TNG TPOTAGNG, VO AVIKEL | O)L 6€ piat KAGom. [25]

Xmv moapovca epyacia, o vAomocovpe kot Ba ypnoyonomaoovpe tov Multinomial
NB apov Bacilopacte otov Babud epedaviong g kdbe AEENS Kot 0L LOVO oty VIAPEN TNG.
'Etol 10 gpdTua to omoto tifeton sivor 10 mwg Oa pdbovpe Tigc mOavomreg P(C) ko
P(f;/c). T apyn Ba ypnowomomcovpe tig mbavotnteg omd to, dedopéva oto Training Set.
INa v mbovomnra P(c) vrokoyilovpe 10 m0600Tod €ni TIc eKaTd TOV dedouévmv mov
aviikouv og kGbe khdon €. Eotw 611 N, amote)el to mifbog tov mpotdoswv oto Training
Set mov avikovy oty kAdon €, kot Ng,. 10 cuvohkd mAnbog twv mpotdcewv. To

P(c) vmoroyiletar amd tov THmO:

P(c) = (4.4.1)

N¢
Ndoc
H mbavotta P(f;/c), Oewpovpue 611 onuaiver v dmapén kot povo wag AEng w;

oto mAnbog Twv mpotdoewv (bag of words) kot €tol amAd vroAoyilovpe v mBavoTTO
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P(w;/c), nhadh mv mbavotnra n AEN W; va eppaviletar petafd tov vmoromov AEewmv
otV kAdon C. Apa ovti 1 ThavoT T pog dtveTat omd Tov TOTO:
count(w;,c)

P(w;|c) = (4.4.2)

Zweyecount(w,c)

210V LIOAOYICUO TNG Topomdve mOovOTNTAG OUMG VIAPYEL Eva TPOPANUO. ZTnVv
TePInTOON MOV, Yoo TapAdEypa, BEAovue vo vroloyicovpe v mOavoTTO Yoo TV AEEN
“fantastic” yia v KAdon positive, aALG oto training set dev vdpyel ovty N AEEN (1] €0t OTL
VIAPYEL OAAG avikel o€ GAAN KAdom Y. negative, yioti {00 OVOQEPETAL LE COPKOAGTIKO
T6v0) 101 M TOpaTdve ThavoTTO YiveTon pndév agov:

count(fantastic,positive)
= S (44.3)

P("fantastic” | positive) =
( f l p ) Zweycount(w,positive)

Eneidn o oAiyopiBuog Naive Bayes Oewpel OAheg tic mbavommreg tov Aélewv
avegapTNTES, 1 GLVOMKTN TOAVOTNTA TNG CLYKEKPIUEVNS KAGoMG (positive) Ba elvar unoév
Yopic mpaypoTikd vo mpémel, mapd POVO EMEWN M ovykekpévn AEEN dev vmnpée o610
Training Set. H amlovotepn Adon oto ocvykekpyévo mpoOPAnua eivor m mpocsOnkn piog
povadog otov apBuntn (Laplace Smoothing). Ondte n e€icwon 4.4.2 yivetau:

count(w;,c)

P(w;|c) = S (4.4.4)

weycount(w,c) +|V|

H ocvykexpuévn Avon pog eumnpetel oty TEPInT®OOT TOV AVOPEPETOL KOL TTLO TAV,
oniadn oty mepintmon omov pio egtalopevn AEEN va unv vrapyel oto Training Set kot va
punv undevilet v mhovotnta oAdKANPNG TG KAAoNS. Xe avtéc T1g AéEelg (unknown words)
npénel vo amodobel po ToAD pkp mOavOTNTA, aPOV TPOKTIKA Oev mpémel va AneHovv
VIOYV GTOV VTOAOYIGHO. AAAN pio Avon Bo pumopovce va amoteAel 1 Oypapn TNg
dyvootg AéENC oo 10 TPOG e&étaon Data Set.

Mo v xoAdtepn kotavonon tov aiyopiBuov Bo egetdoovpe t0 TOPAKATO TOPAIEYLOL
(ewova 4.3)
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Kﬁﬂ]"fﬂplﬂi Ilpotacsaig

Toihoyn exnoidevonc ok wold fapetd
- svieh®C Tpofreyniun kol oTepeiton
EVEPYELOS
- wopd Exomhnin xou o Adyo yéhio
+ oAb duvatd
+ 1) Mo ootein Towin oldxAnpou Tow
KOAOKOLP100

Fudioyn doxung 7 mpofhéynum yopic xapio tpoTomopic

Ewova 4.3, Iapdderypo Training kot Test Set Tov ¥pnGYLOTOIO0VTAL Y10, VO EKTALOEVGOVY
tov Multinomial Naive Bayes Classifier.

Or mBoavotnteg TV dVo KAAGE®V, divovial omd TOV TUTO :

P( ) - K(HP(+)

O mﬁowomreg TV AéEewv ¢ npoﬁiaz//mn Yopic”, “roulo” Ko “Exminén” Vo aviKOLV GTIG
Katnyopieg (-) ko (+) 6mwg divovron and tov tomo 4.4.4 glvar avtictoryo:

P("mpofAépum”| =) = ———  P("mpofAéypum” | +) = =
P("ywpis"| —-) = 12:;0 P("ywpic"| +) = %
P("kaua"| =) = 1:;0 P("kaa” | +) = %
P("mpwtomopia”| =) = 1220 P("mpwtomopia”|+) = 90:2]0

Mo v npdtaon “mpofiéyiun ywpic kopud mpwtomopio” N mBavoOTNTO VO aviKeL o€ pio and
115 000 KAdoels voAoyileTor g eENG:

3 2121 2 111
PGS|-) =122 .

294 =57-1077

=18 -107° P(S|4) =

Enedn n mbovotta g khdong negative eivon peyalvtepn, n tpotoocn S Oswpeitor mpdtaon
OPVNTIKNG oNUHOGToC.

To 1tehevtoio Prue  (TOALOTAACIOGUOC TOOVOTNTOV OVEEAPTNTOV YEYOVOT®V)
UTOPOVUE VO TOLUE OTL omoteAel (o “copPacn” omv Asttovpyion Tov oAyopiBuov ko
pudAota umopel va BewpnBet 0t1 avtiaivel oty Aoy ¢ avOpdmivng opuiiog, OnAadn 6to
o0TL M onuacia tov Aégemv oe pia Tpotaon eaptdton pNTd amd T VLOAOITES AEEELS, HEGQ
otV 01 mpdtaom. 'Etor mpokdmrer kar n ovopacio Naive, dnAaon agpeins. H mopamdvem
ovpPaon amlomolel Katd TOAD TOVS VITOAOYIGHOVGE, YMPIG HEYAAES SIUKVUAVOELS GTO TEAMK(
OTOTEAEGLLOTOL.
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4.4.2. Support Vector Machine Classifier

O Support Vector Machine Classifier (SVM Classifier) emkevipaveral Koping oto
onpeia mov eivar Mo dHokoro va ta tavouncovpe (va o EEYMPIGOLLE), EVE Ol LTOAOUTOL
classifiers divovv éuepaomn ce Ol o onpeio pog cvAAoyng dedopévav. H Loyikn otnyv onoia
Baciletar o SVM Classifier eivaw  €&nc: av évag classifier givor amodotikdg ota onueio
exeiva ta omoia ivor 0voKoAo va ta&tvounBovv, 10te B eivol akOpo KOADTEPOS GTO EDKOAN
onueila. Xxomdg tov SVM Classifier eivar va opicel to peyolvtepo emimedo peTald TtV
mhavov kAdcewv (hyperplane). Onwg PAémovpe oto oynuo 4.4,t0 emimedo tO oOmMOi0
vroAoyiler 0 SVM onuatodotel tov KoALTEPO OLVOTO JOYOPICUO OVAUESO OTIC KAAGELS
(koKhot ko teTpdyova), o avtiBeon pe dAlovg Classifiers, ot omoiot opifovv e&icov éva
eninedo 1o omoio dMMAmvel Tov dywpiopd TV KAAcE®Y, Ywpig va divetar Eppacn otnv
amdGTACT HETAED TOVG,.

ﬁx'\.\
/Ma:{imu
nargin

- QH

)
e
.

—— >

Ewova 4.4, Support Vector Machine Classifier [2]

Xe olykpilon pe mapopoovg aryopibuovg (perceptrons, logistic regression, linear
discriminant), o SVM Classifier Bpiokel to peyoAvtepo emimedo ovapeso ot mOovEG
KMo, Avtd emtuyydvetor apod o SVM ydyver yuo o mo kovivd onpeio twv 600
KAMacewv, Ta omoia ovopalovrot kot “support vectors”. To dvoua Support Vector Machine
TpoépyeTal amd To yeyovos 0Tt ta onpeia opifovv €va didvuopa (vector) kot 1 evbeia n omoia
oynuatiCetat, vrootnpiletat and (support by) avtd ta onueia.

Amo v otiypu] mov o SVM Ba Bpet ta minciéotepa onueia, tote oynuatietan éva
dtvocpa 1o omoio to evavel. 'Emeta opiletan pio kaBetn gvbeio 610 didvuospa, 1 omoia
Bpioketon oto onueio ekeivo mov ywpiletl T1g 0V0 KAAGES akpPmdg otnv péon. Me avtdv Tov
Tpomo, KB Kavovpla eyypaen Oa ta&vounbet copeova pe v 0€om v omoia Katéyet. ['a
TOPAOELY O, 6TO GYUa 4.4 LTopovE EDKOAN VA SOMIGTOGOVUE OTL KAOE Katvovpla €Yypoaen
nov Bploketal aploTePd Amd TNV OO WPICTIKY YPOUUY, OVIKEL TNV TPOTI KAAGT, VO KAOE
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Kavovpla eyypaen mov Bpioketal 6eE1d amd TNV S MPLICTIKY YPOLUY, OVIKEL GTNV OE0TEPT
KAAon. Me avtov tov Tpoémo mpaxTikd dev Ttifeton kdmoo {Rmua Tagvounons, aeov cTo
otdolo0 ¢ ekmaidevong tov Classifier €yer mpoomo@aciotel N amdcTOON HETAEL TOV
KAMoewv. [26]

H Onuovpyio tov emmédov hyperplane, PBociletar ommv ocvvdptnon kernel. H
OCULYKEKPIULEVN GLUVAPTNON avaAopPAavEL Vo Stoy®picet To OEOOUEVA, LE TOV KOAVTEPO dVVATO
TPOTO.

‘Eva a6 ta mAeovektnuata evog SVM Classifier, eivat o ypiiyopog xpovog eKTéEAEOTG
Tov. Avtdg givor kot 0 AOyog vy tov omoio o SVM Classifier cuyva ypnoylonoteitan yio tnv
emiAvon mpofAnudtov mtpayuatikod ypoévov. Iapdia avtd, Eva amd T PLEOVEKTILOTO TOV
givon 0 peydhog ypdvog o omoiog amarteitan yio Ty ekmaidevon tov. [27] [28]

4.4.3. Logistic Regression Classifier

O Logistic Regression Classifier eivar éva pafnpotikdé poviélo, 0 0omoio
YPNOWLOTOIEITOL GTNV GTATICTIKY Yo VO TPOPAETEL TIG MOAVOTNTES TPOYUATOTOINONG EVOG
yeyovotoc. O Logistic Regression Classifier ekmaideveton pe v ypnon evog Training Set kot
ocuvnbwg ta dedopéva Ta omoia TpokvLITTOVY glvar dvadika (mwy. 0 To yeyovdg cupPaivet, 1 o
yeYovog dev ovuPaivetl), omodte avopepopoote otov Binomial Logistic Regression. TToAAég
QOPEG OLMG, TO OTOTEAEGLOLTA T OTTOT0L TTPOKVTITOVV, AVAPEPOVTAL GE TEPICCOTEPES OO dVO
KAdoeLs, Tote avaeepdpaote otov Multinomial Logistic Regression.

O Logistic Regression Classifier ypnoiponotel pia cvvépton (logistic function) yia
vo ekmadevcel o poviédo to omoio Ba avamopiotd ta dedopéva. H ovvaptnom, Ba
oynuatiost pio ypoeikn mopdotacn oty poper evog “S’, n omoia Bo xvpaiveton amd To
undév émg to éva (oxnua 4.4). Me avtov tov t1pono, o classifier ameucoviletl kaOe amotédespa
y oto nedio [0,1].

2 o o =
+ M un] m]
I I I I

¥ [ probability]

o
]
I

2
u]

23 =0 =3 40
=

]
o

Ewova 4.5, Logistic Regression Classifier [3]
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H Aoy tov Logistic Regression Classifier aciletotl kot Tpoxvntel oand avtiv tov
Linear Regression Classifier.
H dwpopd tovg, €ykertar oto yeyovog Ot evd o Linear Regression mpoomafel vo kdvel
EKTIUNOELS Kol TPOPAEYELC, YPNOYOTOIOVTOS Uil YPOUUIKT oxEon avapeso oto dedopuéva
(evBeia ypopun), o Logistic Regression ypnoiomotet Ty orylogdn cuvaptnon, 1 oroio Tov
TPOGIOEL KOl TO YOPaKTNPIoTIKO Tov oynuo. H dwapopd tov dvo Classifier paivetoar oto
TopakdTo oy (ewova 4.5).

¥ = bg + bll' 4= |inear Model

J_J'
1 ___/
p Logistic Model
! 1
/ T L+ en(omhe

Ewova 4.6, Linear Regression (umke ypapun) kou Logistic Regression (kokkivn ypouun) [4]

H mo d1adedopévn Ekppaon g e&icwong tov Logistic Regression Classifier givot n:
In(odds) = a + b;x; + byx, +...+ byxy

To de&l pépog g e&icmwong dnpovpyeiton amd Eva YPOUUKO GUVOLAGUO TOV AVEEAPTNTOV
petafintav, mov cvppetéyovv oto povtédo tov Logistic Regression. To apiotepd pépog
TEPEYEL TIC TWEG NG €EOPTNUEVNC UETAPANTNG He TNV Hope1] Tov AoyapiBuov twv odd,
onradn Tov AoyopiBuov g oyéong:

odds = prob/(Il — prob)

To odds gvolhaxticd ovopaletar logt kot o 6pog Prob skepdlel v mbavotnto vo copPel
10 YEYOVOG OV £)EL 0p1Lobel oav emiTuyio TOV TEPANLATOS.

Ot ovvteheotég TV aveEdptntov petofintdv oy eéicwon In(odds) = a + byx; +

byx, +...+ byxp kou ektipovvTon Baon g nebddov Méyiomc [Tibavopdvelag. ZOpewva Le
v P€B0JSO VTN, N TYN TOV GUVIEAEGTAOV TV AVEEAPTNTOV LETOPANTOV ivorl aVT TOV
Kavel Tig Topatnpnonoeg Tyég g e&optnuévng petafantng mo mbavéc. [29] [30] [31]
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4.4.4. Decision Tree Classifier

O Decision Tree Classifier givot pio apketd SNUoPAng néBodog ta&vounong, n onoia
dev amortel amapaitnteg mopapéTpoug yio va ektedeotel. [pdxetran yio pion péBodo pdabnong
pe emifreym, onaaon yio v ekmaidevon tov Classifier amotteiton €va Training Set. Méow
¢ ekmaidevong tov Classifier, mpokvTEL TO HOVTIEAO TO OTMOi0 METO UmOPOVUE VO
YPNOLOTOU|COVLLE, Y10, VO KAVOLLE KATOEG TPOPAEYELS Y10 AYVOSTO OEGOUEVOL.

Ta 0évopa amopdcewmv eivar pio epapytkn dopr] 0évopov, m omoio. umopel va
ypnoomomOel yoo va taEvounocel TG KAAGCELS, COUQ®VO HE Mo GEPE EPOTICEMV
(KavovmVv) oyeTikd pe Tig 1010TNTEG TV KAAce®mV. O1 1010TNTEC TV KAACE®V UTOPEL Vo £YouV
TNV OMOONTOTE HOPPY], OO OLOOIKY, OVOUOGTIKY] OKOUO KOl TOGOTIKY. XKOTOG TOL
Classifier etvat va dnpuovpynoeel TOGOVG KOVOVES Yo To dEdOUEVA (OVGLUGTIKA VO SIOCTAGEL
T dedopéva e VITO-KAGGELS), HEYPL VO OTAGEL G€ £val GNUELD, TOV VO, UV LITAPYOLY GAA
YOPOKTNPIGTIKA TPOG S1domact, dniadr va dnuovpyncel avtd mov ovoudlovpe Kabapdg
Kkoupog (pure node).

‘Exovtag Onpiovpyncet avtd 1o 0évopo amopdoewv, o Classifier pmopet va
ypnoworomBel v v tagvounon ayvootwv dedopévav. H dtadwkacio mov akoiovbeiton
elvar mapopow e avTV NG ekmaidevomng, dNAadn EeTdlel Ta YOPAKTNPIOTIKA TG AYVOGTNG
EYYPAPNG, LE TNV OEPA oV £xel dnpovpyndel to d€vdpo. Amavimvtag Kb pio epdTNON
(kavova), KOTOANYEL €V TEAEL OTNV TEAIKT KAAGT TG GLYKEKPLEVNG eyypaenc. [32] [33] [34]
2T1c €KOveG oL okoAovBolv, @aivetar To otddlo Tng ekmaidevong evoc Decision Tree
Classifier.
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Attributes Classes

Gender Car Travel Cost | Income Transportation

ownership | (§)/km Level mode
Male 0 Cheap | Low Bus
Male 1 Cheap | Medium Bus
Female 1 Cheap | Medium Train
Female 0 Cheap | Low Bus
Male 1 Cheap | Medium Bus
Male 0 Standard | Medium Train
Female 1 Standard | Medium Train
Female 1| Expensive | High Car
Male 2| Expensive | Medium Car
Female 2| Expensive | High Car

Ewéva 4.7, Training Set yio tov Decision Tree Classifier [5]

('/Travel Cost/Km\“\|
- /

\\ . e

———

__Expensive |  ~Cheap___

oy Standard /~Gender
N ?
(:' Train ‘:’ Male-/;, Female

- (/Car Ownership \
( Bus ) & 2 /

Ewova 4.8, Decision Tree povtélo to omoio mpoxvmtel amd v eknaidevon tov Classifier fdon tov
dedopévov otov mivaka 4.6. Tov Tdve mivoka [6]

Kabe véa eyypaon tov mpormyovuevov mapadeiypatog, Oo mwpEmMEL VA AMOVTNCEL OTIG
EPMTNOELS Ol 0moieg TiBevTaL amd T0 HOVTELD, OVTMG MGTE va Ta&tvounOei.
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4.5. A&oloynom povtéov

Mo vo amoeavBovpe ov éva HOVIEAO TO Omoio TPOEKLYE OMO TO OTASIO TNG
ekmaidevong eivar axpiPéc kot pmopet va ypnotponombei oe dyvoota dedopéva, mpEmel va
nepdioel amd To 6Tad10 TG asoAdynone. Ta arotedéopata mov Ba TpokvYoLY and avtd TO
oTado0 eivan Wwitepa ypnotua, aeov eivol ekeiva ta omoior Bo pag vrodei&ovv 6e molov
Babud pmopovpe vo EUMIGTEVTOVUE TIC TPOPAEYELS TOV HOVTEAOL poc. Akopa 1 agloAdynon
elval 10 epyaieio €KeEIvo 6TO 0mOl0 UTOPOVUE VO POGIGTOVUE, OVTOC DOTE VO AVATTOEOVIE
TEPLGGATEPO TO PLOVTELO LaG Kol va dlopOdcovpe Aao.

O meprocotepeg texvikée aglohdynone, vmoAoyilovv tov Pabud alomotiog evog
LLOVTEAOVL, GLYKPIVOVTOG TNV KOTNYOPLoToinot Tmv 0edopuévav Tov mtpokvntel ond Eva Test
Set, pe exeivnv n omoia &yl TpokvYEL ek TOV TPOTEPWV amtd ToV vBpwmo. Avtd to Test Set
£xel ovolaoTika TV ot popen pe to Training Set. [Tapodia owtd, etvor WaiTepO oNUOVTIKO
avtd ta 6o Data Set va Sa@épovv HETAED TOVC. Xe SPOPETIKY TEPITTOON, OV
enavaypnoporomoovpe to Training Set wg Test Set, T0Te TO HOVIEAO HOG OTTOUVILLOVEVEL
v €lcodo mov déxeTon kol £tol Oev pobaivel va mpocapudletar oe véa dedouéva, e
OMOTEAECUO. VO TETVYOIVEL UM PEAMOTIKA OmoTEAECUOTO 1) OTOTEAEGHOTA  OmOALTO
TPOCAPUOCUEVA GTO, GVYKEKPLUEVA dedOpEVE (VITEpTTpOcappOYN - OVerfitting).

Otav dnuovpyovue 1o Test Set, Oa mpémel va vdpyel pio 1woppomio avdpeso 6to
TAN00G TV dedOUEVOV EKTAIdEVONG Kol GTo dedopéva dokune. o mapddetypa, yoo v
a&loldynon evog LovtéAov To omoio Exel ekmandevtel pe éva Training Set kot amoteleitol amd
piKpd Kot KoAQ 1sopponnpévo aptBpd kKhdoewv (my. 0etikd 1 apvntiko), tote dev yperalovton
neplocotepeg and 100 oto mANBog eyypaeéc yio to Test Set. v avtiBetn mepintmon, av
onradn 1o Training Set amoteleiton amd TOAAES dPOPETIKEG KAAGELS, TOTE TO UEYEBOC TOV
Test Set Oa mpémer va eivor 1660 peydro, obtwg dote va mepthappdvel tovAdyiotov 50
EYYPOUPES, Ao TNV MYOTEPO EUPOVICOUEVT KAAON.

Mia dAAN Tapdpetpo v onoia Tpémel vo AAPovpEe vIOYV Hog Yo TV Onovpyio
tov Test Set, eivar o Pabpdg opordtnrag tov pe to Training Set. Oco mo 6o givar avTd Ta
ovo Data Set, 1060 Aydtepo oiyovpor pmopovpe va gipoaote yu v oaélomotio tov
AmoTEAECUATOV NG 0E0AOYNONG. AVTO TPOKVTTEL S1OTL LE ALTOV TOV TPOTO OEV UTOPOVLLE VL
yevikeboovpe ta amoteAéopota o€ dtapopetikd Data Set. Xtnv mepintmon wov BEAovue, Yo
TOPAOELYLLOL, VO AVOADGOVUE EVa EYYPAPO N €6T® TPOTAGELS AO OVTO Yo TNV a&lOAdYNoN
T0V HOVTEAOL pog kot v onpovpyio tov Test Set, Ba mpémer va ypnopomomjcovue
TPOTAGELS aTO S10POPETIKO Eyypao. [35]

To moapamdveo wpdPAnua (vmepmpocapupoyn - overfitting) upmopodue va To
AVTILETOTIGOVE e TOKIAOVG TpOTOVS. O TPDTOg TPOTOS, OTME MO AVOPEPALLE, Elval 1
xpon evog tereiog dapopetikod Test Set. Avtd, Ba mpémel va tpel kdmoleg cupPdoelg
6cov apopd to péyebog Tov aArd Kot Tov Babud opotdtntog e o Training Set.
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O deVTEPOC TPOTOG, TPOKELTOL OVGLUOTIKA Yoo TV daipeomn tov Training Set oe dvo
Tuquoto. Xe mocootd cuvnlwg 60%-40% (axopa kar 70%-30%), 10 mPOTO TUNUA TOV
OEOOUEVOV TO YPTOLOTOLOVUE YIOL TNV EKTOUOEVGT TOV HOVTEAOL HOG, EVD TO OEVTEPO TO
ypnowonoovpe ywoo v afloddynon. O cvykekpipévog tpdmog evéyel tov Kivovvo g
VIEPTPOGOUPUOYNG, OLOTL VTAPYEL UEYAAN mepimTon ov OAOKANPO 1o training set Ogv
onuovpyndnke pe mpocoyn, o dESOUEVO GTO GUVOAO TOVG VO TOPOLGLALOVY OUOLOTNTES.
[Mopora avTd, 1 GUYKEKPUYEVT TEXVIKN YPTCLLOTOLEITOL GLYVA KOl QPEPEL APKETO PEOAICTIKG
OTOTEAECLLOTAL.

O 1pitoc Kot TeEAeVTOI0G TPOTOG AVTILETOTIONG TOV Bl avaPEPovLe glvar To AeyOueVo
Cross-Validation. Xe avtqv v pébodo ypnowwomotovue emiong povo to Training Set.
Avaioya pe v tun g mopapétpov k (cvvnbog Bétovue k=10), n omoion dnAdvel tov
aplfud eravainyemv, erovalopufavovps v mapakdto dwdikacio. Xwpilovpe to Training
Set o¢ k (k-fold cross-validation) ico koppdtia. Atoréyovpe éva amnd o k xoppdtio Tov
Training Set ot 1o opiCovpe wg Test Set. "Yotepa, ypnoyomoovpe to vmoOrowma k-1
KOUUATIOL Y100 VO EKTTOOEVGOVIE TO HOVTEAO WaG Kol To a&toloyodue pe 1o Test Set mov
opicape mpo oAiyov. Emavolapupdvoope oty v dtadikacio cuvolikd yio k popéc, dniadn
1606 Popég Ooeg ywpicape kot to Training Set, ypnoyonoidvtag Kdbe Qopd SoPOpPETIKO
tuquo tov Training Set o¢ Test Set (kabe Tuqua Bo ypnoomombei 1 popd wg Test Set ko
k-1 popég wg Training Set). Kabe emavainyn g napordve dwdikaciog, e&dyet £va oyeTicd
o@aipa Tov poviélov pag. O PO 0pog OAMV TV GYETIKMOV GOOALATMV 0md OAES TIG POPEG
mov enavoiappdvoovpe v mopandve Swodikacio, opilel 10 TEMKO GYETIKO GOAANN TOV
LLOVTEAOL LLOG.

211¢ €1Kdveg mov axkoAovBovv, mapovcidletoan 1 pebodoroyion mov akoiovbeitor og
K0e mepintwon.

Different Training Set and Test Set

Training Test
Set Set

Ewoévo 4.9

Awpopetikd Training Set ko Test Set

Training

|

|

[
4

Q— Model > Evaluation
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Percentance Split Training Set

40%
Training » Test
Set Set
Ewova 4.10
60% Training Set kot 40% Test Set
Training 60% I
v
e Model > Evaluation
Cross - Validation
110
Traini ) o Test i
Set : - Set !
! Ewova 4.11
N § Cross Validation
Training i /10 i
| v |
i ] Model » Evaluation i

INa 11g avaykeg g epyasiog, onpovpyndnkav dvo drapopetikd Data Set. To mpdTO
nailel Tov poro tov Training Set evd 10 devtepo TOv pOAo Tov Test Set, omdte dnwg sivon
TPOPOVEG, OaL YPNGLOTOGOVIE TOV TPAOTO A0 TOVS TPOTOVS AEOAGYNONG TOV OVAPEPULLE
mponyovpeévms. [apodia avtd, 610 6Tdd10 TG AS10AOYNONG VITAPYOLVY Kol GAAOL TPOTOL LE
TOoVG Oomoiovg pmopovpe vo eetdoovpe v aglomotia €vOg LovTELOL, 01 0moiol OUMG dgv
apOPOVV TO KVUPLO GVTIKEILEVO TNG TOPOVGOS epyaciag, omdte dev Ba Tovg eEeTdcovpE GE
peydro Baboc. Evosiktikd, dALOL TpOTOL TOV UTOPOVIE VO, XPNCUYLOTOMGOVUE Efvorl ot €ENG:
Repeated Holdout Method, Leave-one-out Cross Validation, Leave-one-out-CV, Bootstrap.
[36]

Mo v xoidtepn Koatovonon tov opiopov TG aSloAdYNnong Tov pHoviéAov, o
avagépovpe €va amid mapddstypo. Eotm 6t evdopepdpoote va avoarntoEovpe éva gidtpo
YL TNV aviyvevon avemBountev email (spam email). Xtdyog pag, eivol va yapoktnpicovus
K@Oe Keipevo gite wg Betkd (amotelel spam email), gite og apvnikd (dev amotelel spam
email). [Topdia avtd, pog evdwapépet vo aSlodoynoovpe av  éva email 10 omoio €yet
YOPOKTINPIoTEL G spam email avinKel TPAYHOTL GE VTNV TNV KAAON N €YEL YOPOKTNPIOTEL
€101 amd Kamola advvapioo 6to povtéAo pag. To yeyovog avtd, umopel vo opeilete otnv
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Katnyoplomoinon v omoio £xel KAVEL €K TV VOTEPOV 0 GvBpwmog oto Training Set,
EUTELPIKA (gold labels).

Mo va dnuovpynoovpe po petpikn o e&etdoovpe tov mivoka (confusion matrix)
oTNV TOPOKAT® €KOVO (sikdva 4.12) dnov Kabe keAl mapovotdlel Eva mbavo amoTéAecua.
21 ovykekpyévn mepintoon (email spam detection) yio mopddetypo pe tov Opo “true
positive”, avaeepdLooTe 6TA apyEin TOL YOPUKTNPICTNKAY ATO TO LOVIEAO HOG MG Spam Kot
Tpayunatt etval, coppova tdvta pe o gold labels ta omoia amoddOnKav amd Tov dvOpwmo.

gold standard labels
gold positive  gold negative
: S T

System ;g:ft“;{?e true positive | false positive | precision = ff
output " e XPTIP
labels ,fg;af,-"ﬂe false negative | true negative

i p . ___tptm

irecall - tp+n : ! accuracy tp+pttnt+fn

Ewova 4.12: Confusion Matrix — A&oldynon Classifier [7]

Y10 k4T g€l puépog Tov mivaka (confusion matrix) g wovog propovpe va Ppovue
ToV pobnuotikd TOmo g okpifelag Tov omoieoudtomv (accuracy - ov  OnAadn To
aroteAéopata givor axpipn). H axpifeia opileton mg e&ng:

true positives + true negatives

Accuracy = — — - -
Y true positives + false positives + true negatives + false negatives

AV KO 1] CLYKEKPYEVT] LETPIKT QOIVETAL VO OVTITPOGMOTEVEL PE APKETA PUGIKO TPOTO
TO. OMOTEAECUOTO TNG OEOAOYNONG, YEVIKA OV ypnolpomoleiton yioti vwokertar 6to &g
oc@Aaipa: Otav ot KAdoelg gival acOppeTpeg (OTmg mpdypott cupPaivel pe ta spam email),
161e AopPdvoops apketd vynAn axpifelo oto amoteAécpatd pag, yopig amapaitnTo vo
avTIKATOTTPILOVY TNV TPAYUATIKOTNTO, 0POV TO AMOTEAECUA TIG MEPLGGOTEPES POPES eival
positive (dnAadn vrdpyovv mepiocdTEPO spam email wapd pn spam email). Onwg yiveton
KOTOVONTO, LT 1M UETPIKN O&v €ivol TOAD YPNOIUN OV UE TO GLYKEKPUEVO HOVTEAO
wpoomafovpe va aviyvevoovpe email, Ta omoia dev givon spam email. ['a avtdV TOV AdYO
YPE0OUOOTE PETPIKES, Ol omoieg Oa divouv PEaAISTIKA OTOTEAECUATO, OKOUO KoL oV Ol
KAAGELS HoiG elvat OCVULLLETPEGS.

ZovOmg YPNOIUOTOOVUE VOV GUVOVOGHO TOV TUPOKAT® HETPIKAV, OVTOV TNG

axpifelog (precision - oTOTIOTIKN HETOPANTOTNTO) Kou TG ovikAnong (recall), émov 10
KaBéva amd auTtd To. OVO, HETPOEL L0 OLOPOPETIKY TTTVYN €VOG GMOCTOL OMOTEAEGUOTOC.
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Axoun, ypnowomnolovpe v UeTpikn] F-Measure mov 6mwg Oa dovpe Kot otnv cLVEKELD,
TPOKELTOL Y10 TOV OPLOVIKO HEGO OpO NG akpifetag (precision) kot g avakAnong (recall).

H axpifera (precision) peTpdel T0 TOGOGTO TOV AVTIKEWEVOV TOV AVIYVEDLTNKOV OO
T0 ovotnua my. Oetikd (positive) Kol TPAYHOTL OVAKOUY OTNV GLYKEKPIUEVT KAGOM
(xapokmmpiotrav mponyovuéveg ¢ Betikd amd tov o tov avBpwmo). O TOHmOg NG
axpipelag opileton g ENG:

true positives

Precision = — —
true positives + false positives

H avaxinon (recall) petpdetl 10 T06006TO TOV OVTIKEIWEV®OVY TOL Tavoundnkay 1660
amd TO GVGTNUA, OGO Kol amd Tov AvBpwmo oty dla katnyopia. O TOTOG TG akpifelog

opileton wg e&ng:

true positives

Recall = — :
true positives + false negatives

H petpikn F-Measurement (] kov F-Score) omwg npoavagépape oyetifetar pe tig
dvo mponyovpeveg petpikéc. Opileton og e&ng:

1 precision - recall
FF=2- 1 1 =2 - —
n precision + recall
recall * precision

Kot pokettan yu évay otafpcpévo péco 0po ¢ akpifelag Kot g avakAnong, He v
KOADTEP dUVATH TN 6TV povada kat TV xeipdtepn oto undév. [37] [38] [39]

Avtég Kupimg etvan o petpikés T1g omoieg B vroloyicovpe ko Oa Guykpivovpe ota TAaico
g EPYNGiag.

4.6. Epappoyn oe Java

[Mapaxdto mapovcstaletor Kot avaAVETOL 0 KOOKOG o€ Java, Tng dnpovpyiog Kot dlayeiptong
tov Multinomial Naive Bayes Classifier. Ta e£ayopeva amoteAécpota mapovctdloviol 6To
KEPAAL0 6.

H «Mbon tov Multinomial Naive Bayes Classifier Ppioketor oto  apyeio
NaiveBayesClassifier.java oto package machinelearning. H «Adon mnepihapfaver 6
ocuvoptnoelg peta&y tov omoiwv Pploketoar o constructor NaiveBayesClassifier, ot
ocvvaptioelg saveModel kot loadModel, n ocvvéptmon a&oddynong evaluateModel, n
ovvéptnon eknaidevong trainModel kot oot g taivounong classify. Onwg mpokvmTel Kot
amd TO OVOLATO TV CUVAPTICEWMYV, OAEG 01 GUVAPTNGELS OYETILOVTOL LE TO GTAOLO GTO OTTOiaL
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avaeepOnkape Tponyovpévoc. To otddio ™¢ mpo enelepyaciag TV dEd0UEVDV, ETELON OEV
apopd tnv Aertovpyia tov Classifier, avoAveTon TOPAKATO.

public class NaiveBayesClassifier implements Serializable {

//dataset 10 oTT0i0 TrEPIAABAVEI TOOO TO OEdOPEVA TA OTTOIO

//8a xpnaoipotToinBouyv yia TNV eKTTaideuan, 660 Kai yia TNV agloAdynon

/Itou classifier

private JavaRDD<LabeledPoint> data;

/ltraining set, dedopéva Ta oTToia Ba XpnoiyotroinBoulv yia Tnv ekTTaideuan Tou classifier
private JavaRDD<LabeledPoint> training;

/ltest set, 6edopéva Ta otroia Ba xpnaoipgotroinBouv yia Tnv agloAdynon Tou classifier
private JavaRDD<LabeledPoint> test;

[lapIBPOG XapaKTNPIOTIKWY TwY OES0UEVWV

private Integer numFeatures;

/lfflag yia TV eu@Avion Twv oToIxXEiwv TNG agloAdynong

private Boolean showEvaluationStats = true;

llakpiBela povréAou

private Double modelAccuracy;

[TTapaueTpog eEopdAuvong

private Double lambda = 1.0;

[lueTaBAnTr) yovTéAou

public NaiveBayesModel model;

/**

* dnuioupydg - constructor
* apxIkoTrolEi Ta training set kai test set xwpifovrag 10 o€ TooooTd 60% - 40%
* @param String trainingSet_path 1o povotaTi yia 1o apxeio TTou Ba xpnoipoTToinBei
* oTa OTAdIA TNG EKTTAI®EUONG KAl TNG agloAdynong
**/
public NaiveBayesClassifier(String trainingSet_path, int numFeatures) {
this.numFeatures = numFeatures;
this.modelAccuracy = 1.0;
this.data = MLUtils.loadLibSVMFile(main.context, trainingSet_path,
this.numFeatures).toJavaRDD();
// Split initial RDD into two... [60% training data, 40% testing data].
JavaRDD<LabeledPoint>[] splits = data.randomSplit(new double[] {0.6, 0.4}, 11L);
this.training = splits[0].cache();
this.test = splits[1];
}

/**
* @OPTWOTN TOU HOVTEAOU OTNV PVAUN
**/
public void loadModel() {
System.out.printin("[+] Loading Naive Bayes Model from file");
this.model = NaiveBayesModel.load(main.context, Constants.MAIN_FOLDER +
Constants.CLASSIFIER_MODELS + Constants.NB_MODEL_FILE);
}

/**
* aTmoBrKeEUOT TOU JOVTEAOU Yia HEAAOVTIKN XProNn
**/
public void saveModel() {
System.out.printin("[+] Saving Naive Bayes Model to file");
this.model.save(main.context, Constants.MAIN_FOLDER + Constants.CLASSIFIER_MODELS +
Constants.NB_MODEL_FILE);
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}

/**

* agloAdynan povréAou
**/
public void evaluateModel() {
System.out.printin("[+] Evaluating Naive Bayes Model");
/l Compute raw scores on the test set.
JavaRDD<Tuple2<Obiject, Object>> predictionAndLabels = test.map(p -> {
Double prediction = this.model.predict(p.features());
return new Tuple2<Object, Object>(prediction, p.label());

b

/I Get evaluation metrics.
MulticlassMetrics metrics = new MulticlassMetrics(predictionAndLabels.rdd());

/IModel Accuracy
this.modelAccuracy = metrics.accuracy();

llep@avion PETPIKWYV
if (this.showEvaluationStats)
{
/I Overall statistics
System.out.println("Accuracy =" + metrics.accuracy());
/I Confusion matrix
Matrix confusion = metrics.confusionMatrix();
System.out.printin("Confusion matrix: \n" + confusion);
/I Stats by labels
for (inti = 0; i < metrics.labels().length; i++) {
System.out.format("Class %f precision = %f\n",
metrics.labels()[i],metrics.precision(metrics.labels()[i]));
System.out.format("Class %f recall = %f\n", metrics.labels()[i],
metrics.recall(metrics.labels()[i]));
System.out.format("Class %f F1 score = %f\n", metrics.labels()[i],
metrics.fMeasure(metrics.labels()[i]));

}

System.out.format("Weighted precision = %f\n", metrics.weightedPrecision());

System.out.format("Weighted recall = %f\n", metrics.weightedRecall());

System.out.format("Weighted F1 score = %f\n", metrics.weightedFMeasure());

System.out.format("Weighted false positive rate = %f\n", metrics.weightedFalsePositiveRate());
} else System.out.printin("Naive Bayes Model Accuracy: " + this.modelAccuracy);

}

/**

* eKTTAiOEUaN TOU PHOVTEAOU

**/

public void trainModel() {
System.out.printin("[+] Training Naive Bayes Model");
[lextTaideuan Tou povTéAou oup@wva pe 1o API Tou Apache Spark
this.model = NaiveBayes.train(training.rdd(), this.lambda);

}

/**

* Tagivounon ayvwoTwy ded0UEVWV

* @String testSet_csv Ta dedopéva Ta otroia Oa TagivounBolv ag popPn csv
* @String testSet_svm 1a dedopéva Ta otroia Ba TagivounBolv g yop@er svm
* @int numFeatures apiBudg XapPaAKTNPICTIKWYV TwV OEOOUEVWV

**/
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public void classify(String testSet_csv ,String testSet_svm, int numFeatures) {
long startTime = System.currentTimeMillis();
[ueTa@opd dedOUEVWV OTAV UV
JavaRDD<LabeledPoint> data = MLUtils.loadLibSVMFile(main.context, testSet_svm,
this.numFeatures).toJavaRDD();
/[ta&ivounon Twv dedopévwv
JavaRDD<Double> classPrediction = data.map(p -> this.model.predict(p.features()));

/lavTikaTdoTaon apiBuou KAGong ue évoua KAAong

/[1 -> Negative, 0 -> Positive

JavaRDD<String> results = classPrediction.map(v -> {
if (v == 1) return "Negative";
else if (v == 0) return "Positive";
else return "Neutral”;

D

/latToBrkeuan dedOPEVWY
JavaPairRDD<String, String> sentences_and_polclass = main.javaContext.textFile(testSet_csv)

filter(I -> !l.contains("Headline™)).filter(l -> !l.contains("title")).zip(results);
sentences_and_polclass.saveAsTextFile(Constants.MAIN_FOLDER +

Constants.CLASSIFIER_RESULTS_FILE + Constants.NB_RESULTS_FILE);

System.out.printin("[+] Classify: Naive Bayes Model Saving Results");
System.out.printin("[+] Naive Bayes Classification time elapsed: " +
String.valueOf((System.currentTimeMillis() - startTime)) + " ms");

[Mopakdto mapovctdletal Kot ovoiveTal o Kddkog o€ Java, tng dnpovpyiog Kot dtayeipiong
tov Support Vector Machine Classifier. Ta eEayopeva anoteléopato mapovctdlovial 6To
KEPAAL0 6.

H «Adon tov Support Vector Machine Classifier Ppioketor o10  apyeio
SupportVectorMachineClassifier.java oto package machinelearning. H kAdon mepihappdvet
6 cvvaptoels, neta&d Tv onoimv Ppioketar o constructor SupportVectorMachineClassifier,
ot ovvaptioelg saveModel kai loadModel, n cvvaptnon a&ordynong evaluateModel, n
ovvéptnon ekmaidevong trainModel ko ot g Ta&vounong classify. Onwg tpoxidmTel Kot
oo TOL OVOLATO TV CLUVAPTNCEWMYV, OAEG 01 GLVAPTNOELS oYeTIloVTOL [LE TOL GTASI GTO OTTOoin
avaeepOnkape Tponyovpévec. To otddio ™¢ mpo enelepyaciag TV dedOUEVOV, ETELON OEV
agopd v Aettovpyia tov Classifier, avaideton TapoKaTo.

public class SupportVectorMachineClassifier implements Serializable {

/ldataset 10 otroio TTepIAauBavel TOoo Ta dedopéva Ta OTToIx

/[Ba xpnoipgotroinBouv yia TNV ekTTaideuan, 600 Kal yia Tnv a&loAdynaon

/Itou classifier

private JavaRDD<LabeledPoint> data;

/[training set, dedopéva Ta otroia Ba XpnoipotroinBoulyv yia Tnv ekTTaideucn Tou classifier
private JavaRDD<LabeledPoint> training;

/ltest set, dedopéva Ta otroia Ba xpnaoipoTToinBouyv yia Tnv agloAdynan Tou classifier
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private JavaRDD<LabeledPoint> test;
//apIBUOG XapaKTNPIOTIKWY TwV OEO0UEVWV
private Integer numFeatures;

/[flag yia TRV Eu@EAVION TwV OTOIXEIWV TNG agloAdynong
private Boolean showEvaluationStats = false;
/lakpiBeia povtéAou

private Double modelAccuracy;
/lrapdaueTpog yia gradient descent

private Integer numiterations = 100;
/lueTaBANTA YovTEAOU

public SVMModel model;

/7\—7\—

* dnuioupydg - constructor

* apyIkoTrolgi Ta training set kai test set xwpidovrag 1o o TocgooTd 60% - 40%

* @param String trainingSet_path 10 povoTtdaT yia To apxeio mou Ba xpnoipgoTToinOei

* gTa OTAdIA TNG EKTTAI®OEUONG Kal TNG AgloAdynong

* @param int numFeatures apIBudg XapaKTNPICTIKWY TWV OEOONEVWY

**/

public SupportVectorMachineClassifier(String trainingSet_path, int numFeatures) {
this.numFeatures = numFeatures;
this.data = MLUtils.loadLibSVMFile(main.context, trainingSet_path, this.numFeatures).toJavaRDD();
/I Split initial RDD into two... [60% training data, 40% testing data].
JavaRDD<LabeledPoint>[] splits = data.randomSplit(new double[] {0.6, 0.4}, 11L);
this.training = splits[0].cache();
this.test = splits[1];

}

/**

* (OPTWON TOU JOVTEAOU GTNV UVAMN
**/
public void loadModel() {
System.out.printin("[+] Loading Support Vector Machine Model from file");
this.model = SVMModel.load(main.context, Constants.MAIN_FOLDER +
Constants.CLASSIFIER_MODELS + Constants.SVM_MODEL_FILE);

}

/**

* amoBrikeuon Tou JOVTEAOU Yia UEAAOVTIKA XpHon
**/
public void saveModel() {
System.out.printin("[+] Saving Support Vector Machine to file");
this.model.save(main.context, Constants.MAIN_FOLDER + Constants.CLASSIFIER_MODELS +
Constants.SVM_MODEL_FILE);

}

/**

* aloAdynaon povtéAou
**/
public void evaluateModel() {
System.out.printin("[+] Evaluating Support Vector Machine Model");
/I Compute raw scores on the test set.
JavaRDD<Tuple2<Object, Object>> predictionAndLabels = test. map(p -> {
Double prediction = this.model.predict(p.features());
return new Tuple2<Object, Object>(prediction, p.label());

b

/I Get evaluation metrics.
MulticlassMetrics metrics = new MulticlassMetrics(predictionAndLabels.rdd());
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/IModel Accuracy
this.modelAccuracy = metrics.accuracy();

llep@avion PETPIKWV
if (this.showEvaluationStats) {
/I Overall statistics
System.out.printin("Accuracy =" + metrics.accuracy());

/I Confusion matrix
Matrix confusion = metrics.confusionMatrix();
System.out.printin("Confusion matrix: \n" + confusion);

/I Stats by labels
for (inti = 0; i < metrics.labels().length; i++) {
System.out.format("Class %f precision = %f\n", metrics.labels()[i],metrics.precision(
metrics.labels()i]));
System.out.format("Class %f recall = %f\n", metrics.labels()[i], metrics.recall(
metrics.labels()[i]));
System.out.format("Class %f F1 score = %f\n", metrics.labels()[i], metrics.fMeasure(
metrics.labels()[i]));

/IWeighted stats
System.out.format("Weighted precision = %f\n", metrics.weightedPrecision());
System.out.format("Weighted recall = %f\n", metrics.weightedRecall());
System.out.format("Weighted F1 score = %f\n", metrics.weightedFMeasure());
System.out.format("Weighted false positive rate = %f\n",
metrics.weightedFalsePositiveRate());
} else System.out.printin("Suport Vector Machine Model Accuracy: " + this.modelAccuracy);

}

/**

* eKTTAi®OEUON TOU PHOVTEAOU
**/
public void trainModel() {
System.out.printin("[+] Training Support Vector Machine Model");
this.model = SVMWIithSGD.train(training.rdd(), this.numlterations);
}

/**

* TagIvOUNon AyvwoTwy OeO0NEVWV
* @String testSet_csv Ta dedopéva Ta otToia Ba Tagivounbouv og pop®n csv
* @String testSet_svm 1a dedopéva Ta omoia Ba Ta&ivounBolv o€ poper svm
* @int numFeatures apIBudg XapaKTNPICTIKWY TWV dEOOUEVWV
**/
public void classify(String testSet_csv ,String testSet_svm, int numFeatures) {
long startTime = System.currentTimeMillis();
/IpeTa@opd dEdOPEVWV OTNV UVHN
JavaRDD<LabeledPoint> data = MLUtils.loadLibSVMFile(main.context, testSet_svm,
this.numFeatures).toJavaRDD();
/[Ta&ivounon Twv dedopévwv
JavaRDD<Double> classPrediction = data.map(p ->
this.model.predict(p.features())
);

/lavTikaTdoTaon apiBuou KAGoNG Ye dvoua KAGoNg
/[1 -> Negative, 0 -> Positive
JavaRDD<String> results = classPrediction.map(v -> {
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if (v == 1) return "Negative";
else if (v == 0) return "Positive";
else return "Neutral”;

D

/latroBrkeucn dedOPEVWV
JavaPairRDD<String, String> sentences_and_polclass =
main.javaContext.textFile(testSet_csv).filter(l -> !l.contains("Headline")).zip(results);

sentences_and_polclass.saveAsTextFile(Constants.MAIN_FOLDER +
Constants.CLASSIFIER_RESULTS FILE + Constants.SVM_RESULTS_FILE);

System.out.printin("[+] Classify: Support Vector Machine Saving Results");

System.out.printin("[+] Naive Support Vector Machine time elapsed: " +
String.valueOf((System.currentTimeMillis() - startTime)) + " ms");

[Moapaxdto mapovcslaletor Kot avaADETOL 0 KOOWKOG o€ Java, Tng dnpovpyiog Kot olayeiptong
tov Logistic Regression Classifier. Ta efoayopeva amoteléopato mapovstaloviol GTo
KEPAAQLO 6.

H «hdon tov  Logistic  Regression  Classifier Ppioketar o610  apyeio
LogisticRegressionClassifier.java oto package machinelearning. H «kAdon mepilappdavel 6
ouvaptnoelg peta&d tov omoiwv Ppioketor o constructor LogisticRegressionClassifier, ot
ovvaptioelg saveModel kot loadModel, n ocvvéptmon a&ordynong evaluateModel, n
ouvaptnon exmaidevong trainModel kot avt) g Tagvopnong classify. Onmg mpokdmtel kot
amd TO. OVOLOTO TV CLVAPTICEWMYV, OAEG Ol GLVAPTNOELS OYETICOVTOL [IE TOL GTASI GTO OOl
avaeepnkape Tponyovpévms. To otdolo g mpo emeepyaciog Twv dedOUEVOV, ETELON OEV
apopd tnv Aertovpyia tov Classifier, avoideTon TopoKiTo.

public class LogisticRegressionClassifier implements Serializable {

//dataset 10 otTOi0 TTEPIAAUPBAVEI TOOO T EDOPEVA TA OTTOIO

//8a xpnoipotroinBouv yia Tnv ekTTaideuan, 600 Kal yia TNV agloAdynon

/Itou classifier

private JavaRDD<LabeledPoint> data;

/ltraining set, dedopéva Ta oTToia Ba XpnoipotroinBoulyv yia Tnv ekTTaideucn Tou classifier
private JavaRDD<LabeledPoint> training;

Iltest set, 6edopéva Ta otroia Ba xpnaoipgotroinBouv yia Tnv agloAdynon Tou classifier
private JavaRDD<LabeledPoint> test;

[lapIBPOG XapaKTNPIOTIKWY TwV OEB0UEVWV

private Integer numFeatures;

/fflag yia TNV eu@Avion Twv oToIXEiwV TNG agloAdynong

private Boolean showEvaluationStats = true;

llakpiBeia povréAou

private Double modelAccuracy;

llap1Buo6G KAGoewv

private Integer numClasses = 2;

[lueTaBANTA HovTéAOU

public LogisticRegressionModel model;

/**

* dnuioupyodg - constructor
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* apxIKOTToIEi Ta training set kai test set xwpiCovrag 10 o€ T000oTO 60% - 40%
* @param String trainingSet_path To povotdr yia 1o apxeio mou Ba xpnoipgoTToinBei
* gTa 0TAdIa TNG EKTTAi®EUONG Kal TNG a&loAdynong
* @param int numFeatures apiBudg XapaKTNPICTIKWY TWV SEGOPEVWV
**/
public LogisticRegressionClassifier(String trainingSet_path, int numFeatures) {
this.numFeatures = numFeatures;
this.data = MLUtils.loadLibSVMFile(main.context, trainingSet_path,
this.numFeatures).toJavaRDD();
// Split initial RDD into two... [60% training data, 40% testing datal].
JavaRDD<LabeledPoint>[] splits = data.randomSplit(new double[] {0.6, 0.4}, 11L);
this.training = splits[0].cache();
this.test = splits[1];
}

/**

* @OPTWAOTN TOU JOVTEAOU GTNV UVAUN
**/
public void loadModel() {
System.out.printin("[+] Loading Logistic Regression Model from file™);
this.model = LogisticRegressionModel.load(main.context, Constants.MAIN_FOLDER +
Constants.CLASSIFIER_MODELS + Constants.LR_MODEL_FILE);
}

/**

* aTTOBAKEUAN TOU POVTEAOU yia JEAAOVTIKR Xpron
**/
public void saveModel() {
System.out.printin("[+] Saving Logistic Regression Model to file™);
this.model.save(main.context, Constants.MAIN_FOLDER + Constants.CLASSIFIER_MODELS +
Constants.LR_MODEL_FILE);
}

/**
* agloAdynon povtéAou
**/
public void evaluateModel() {
System.out.printin("[+] Evaluating Logistic Regression Model");
/I Compute raw scores on the test set.
JavaRDD<Tuple2<Object, Object>> predictionAndLabels = test.map(p -> {
Double prediction = this.model.predict(p.features());
return new Tuple2<Object, Object>(prediction, p.label());
D

/I Get evaluation metrics.
MulticlassMetrics metrics = new MulticlassMetrics(predictionAndLabels.rdd());

/IModel Accuracy
this.modelAccuracy = metrics.accuracy();

lleu@Aavion PETPIKWYV

if (this.showEvaluationStats) {
/I Confusion matrix
Matrix confusion = metrics.confusionMatrix();
System.out.printin("Confusion matrix: \n" + confusion);

/I Overall statistics
System.out.printin("Accuracy =" + metrics.accuracy());

/I Stats by labels
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for (inti = 0; i < metrics.labels().length; i++) {
System.out.format("Class %f precision = %f\n", metrics.labels()[i],metrics.precision(
metrics.labels()[i]));
System.out.format("Class %f recall = %f\n", metrics.labels()[i], metrics.recall(
metrics.labels()[i]));
System.out.format("Class %f F1 score = %f\n", metrics.labels()[i], metrics.fMeasure(
metrics.labels()[i]));

}

/I\Weighted stats

System.out.format("Weighted precision = %f\n", metrics.weightedPrecision());

System.out.format("Weighted recall = %f\n", metrics.weightedRecall());

System.out.format("Weighted F1 score = %f\n", metrics.weightedFMeasure());

System.out.format("Weighted false positive rate = %f\n", metrics.weightedFalsePositiveRate());
} else System.out.printin("Logistic Regression Model Accuracy: " + this.modelAccuracy);

}

/**

* gKTTAiIOEUCN TOU HOVTEAOU
**/
public void trainModel() {
System.out.printin("[+] Training Logistic Regression Model");
this.model = new
LogisticRegressionWithLBFGS().setNumClasses(this.numClasses).run(training.rdd());
}

/**

* Tagivounon ayvwoTwy OeS0uEVWV
* @String testSet_csv Ta dedopéva Ta otmoia Ba Tagivounbolv ae popen csv
* @String testSet_svm Ta dedopéva Ta otroia Ba Ta&ivounBolv og pop@r svm
* @int numFeatures apIBPOG XAPAKTNPICTIKWY TWV OEBOUEVWV
**/
public void classify(String testSet_csv ,String testSet_svm, int numFeatures) {
long startTime = System.currentTimeMillis();
[peTa@opd dedOUEVWV OTAV UVHN
JavaRDD<LabeledPoint> data = MLUtils.loadLibSVMFile(main.context, testSet_svm,
this.numFeatures).toJavaRDD();
/lta&ivounon Twv dedouévwv
JavaRDD<Double> classPrediction = data.map(p ->this.model.predict(p.features()));
/lavTikaTdoTacn aplBuou KAAong pe ovoua KAAong
/[1 -> Negative, 0 -> Positive
JavaRDD<String> results = classPrediction.map(v -> {
if (v ==1) return "Negative";
else if (v == 0) return "Positive";
else return "Neutral";

h;

/latr00AKEUON OEdOUEVILIV

JavaPairRDD<String, String> sentences_and_polclass =
main.javaContext.textFile(testSet_csv).filter(l -> !l.contains("Headline")).zip(results);

sentences_and_polclass.saveAsTextFile(Constants.MAIN_FOLDER +

Constants.CLASSIFIER_RESULTS_FILE + Constants.LR_RESULTS_FILE);
System.out.printin("[+] Classify: Logistic Regression Model Saving Results");
System.out.printin("[+] Logistic Regression Classification time elapsed: " +
String.valueOf((System.currentTimeMillis() - startTime)) + " ms");
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[Mapaxdrto mapovstaletol Kot avaADETOL 0 KOOKOG o€ Java, Tng onpovpyiog Kot dlayeiptong
tov Decision Tree Classifier. Ta eEaydueva amoteléopota mopovcstdlovtol 6To KEQAAlato 6.
H «Adon tov Decision Tree Classifier fpioketor oto apyeio DecisionTreeClassifier.java oto
package machinelearning. H xAdon mepthappdver 6 cvvoptioelg HETOED TOV OTOIMV
Bpioketar o constructor DecisionTreeClassifier, o1 cuvaptioelg saveModel kot loadModel, 1
ouvaptnon a&oAdynong evaluateModel, n cuvaptnon exmaidevong trainModel kot ovt TG
tagwounong classify. Onwg mpokhmtel Kot amd To OVOHOTO TOV GLVOPTNOE®V, OAES Ol
ovvaptnoelg oyetiCovial pe to otddlo ota omoia avageptnkape Tponyovpéveoc. To 6tdoo
g mpo emefepyociog twv dedouévmv, emedn 0ev aeopd tnv Asrtovpyia tov Classifier,
OVOAVETOL TOPAKAT.

public class DecisionTreeClassifiers implements Serializable {

//dataset 10 oTr0i0 TrEPIAABAVEI TOOO TO OEDOPEVA TA OTTOIO

//6a xpnaoipotroinBouyv yia TNV eKTTaideuan, 600 Kal yia TNV agloAdynan

/Itou classifier

private JavaRDD<LabeledPoint> data;

/ltraining set, dedopéva Ta oTToia Ba xpnoiuotroinBoulyv yia Tnv ekTTaideucn Tou classifier
private JavaRDD<LabeledPoint> training;

/ltest set, dedopéva Ta otroia Ba xpnaoigoTToinBouv yia Tnv agloAdynan Tou classifier
private JavaRDD<LabeledPoint> test;

[lapIBUOG XapaKTNPIOTIKWY TwY OEO0UEVWV

private Integer numFeatures;

/fflag yia TNV Eu@Avion Twv oToIXEiWY TNG agloAdynong

private Boolean showEvaluationStats = false;

llakpiBela povréAou

private Double modelAccuracy;

[lap1Buo6G KAGoEwV

private Integer numClasses = 2;

Il¥prion TNG EVTPOTTIAG yia TNV PETPNON TNG OUOIOYEVEIAG TWV KOUBWV

private String impurity = "entropy";

lluéyioTto BaBog dévdpou

private Integer maxDepth = 5; //30

//BaBudg d1oKPITOTTOINONG CUVEXWY XOPAKTNPIOTIKWVY

private Integer maxBins = 5; //34

/[TTo10 XapOKTNPIOTIKA AVIKOUV O€ KATNYyopieg Kal 0 aplBudg KATnyopIwy TTou uTropolv va TTdpouv
private Map<Integer,Integer> categoricalFeaturesinfo = new HashMap<>();
[lueTaBANTA HovTéEAOU

public DecisionTreeModel model;

/**

* dnuioupydg - constructor

* apyikotrolei Ta training set kai test set xwpifovrag 1o o TooooTd 60% - 40%

* @param String trainingSet_path 10 povoTrdaTi yia 1o apyeio TTou Ba xpnoipoTroinOei

* gTa OTAdIA TNG EKTTAI®EUONG Kal TNG a&loAdynong

* @param int numFeatures apIBudg XapaKTNPICTIKWY TWV SESOPEVWV

**/

public DecisionTreeClassifiers(String trainingSet_path, int numFeatures) {
this.numFeatures = numFeatures;
this.data = MLUtils.loadLibSVMFile(main.context, trainingSet_path,

this.numFeatures).toJavaRDD();

// Split initial RDD into two... [60% training data, 40% testing data].
JavaRDD<LabeledPoint>[] splits = data.randomSplit(new double[] {0.6, 0.4}, 11L);
this.training = splits[0].cache();
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/**

this.test = splits[1];

* OPTWON TOU HOVTEAOU GTNV PVAMN

**/

pu

}

/**

blic void loadModel() {

System.out.printin("[+] Loading Decision Tree Model from file");

this.model = DecisionTreeModel.load(main.context, Constants.MAIN_FOLDER +
Constants.CLASSIFIER_MODELS + Constants.DT_MODEL_FILE);

* a1roBiKeuon Tou JOVTEAOU yia JEAAOVTIKA XpAON

**/

pu

}

/**

blic void saveModel() {
System.out.printin("[+] Saving Decision Tree Model to file");

this.model.save(main.context, Constants.MAIN_FOLDER + Constants.CLASSIFIER_MODELS +

Constants.DT_MODEL_FILE);

* aloAdynan poviéAou

**/

pu

blic void evaluateModel() {

System.out.printin("[+] Evaluating Decision Tree Model");
JavaPairRDD<Obiject, Object> predictionAndLabels = test.mapToPair(

p -> new Tuple2<Object, Object>(this.model.predict(p.features()), p.label())

);

/I Get evaluation metrics.
MulticlassMetrics metrics = new MulticlassMetrics(predictionAndLabels.rdd());

//IModel Accuracy
this.modelAccuracy = metrics.accuracy();
llep@avion PETPIKWYV
if (this.showEvaluationStats) {
/I Overall statistics
System.out.printin("Accuracy =" + metrics.accuracy());

/I Confusion matrix
Matrix confusion = metrics.confusionMatrix();
System.out.println("Confusion matrix: \n" + confusion);

/I Stats by labels

for (inti = 0; i < metrics.labels().length; i++) {
System.out.format("Class %f precision = %f\n", metrics.labels()[i],metrics.precision(
metrics.labels()[i]));
System.out.format("Class %f recall = %f\n", metrics.labels()[i], metrics.recall(
metrics.labels()[i]));
System.out.format("Class %f F1 score = %f\n", metrics.labels()[i], metrics.fMeasure(
metrics.labels()[i]));

//Weighted stats

System.out.format("Weighted precision = %f\n", metrics.weightedPrecision());
System.out.format("Weighted recall = %f\n", metrics.weightedRecall());
System.out.format("Weighted F1 score = %f\n", metrics.weightedFMeasure());
System.out.format("Weighted false positive rate = %f\n",
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metrics.weightedFalsePositiveRate());
} else System.out.printin("Decision Tree Model Accuracy: " + this.modelAccuracy);

}

/**

* EKTTAIOEUCN TOU HOVTEAOU
**/
public void trainModel() {
System.out.printin("[+] Training Decision Tree Model");
this.model = DecisionTree.trainClassifier(this.training, this.numcClasses, this.categoricalFeaturesinfo,
this.impurity, this.maxDepth, this.maxBins);
}

/**

* Tagivounon ayvwoTwy deS0UEVWV
* @String testSet_csv Ta dedopéva Ta oTToia Ba TagivounBouv o€ Pop@r| csv
* @String testSet_svm Ta 6edopéva Ta otroia Ba Tagivounbouv o€ Yop@r) svm
* @int numFeatures apiBuOS XapaKTNPICTIKWY TwWV OEO0UEVWV
**/
public void classify(String testSet_csv ,String testSet_svm, int numFeatures) {
long startTime = System.currentTimeMillis();
llueTagopd dedouévwy GTNV VAN
JavaRDD<LabeledPoint> data = MLUtils.loadLibSVMFile(main.context, testSet_svm,
this.numFeatures).toJavaRDD();
[fta&ivounon Twv dedouévwv
JavaRDD<Double> classPrediction = data.map(p -> this.model.predict(p.features()));

[lavTikatdoTaon apiBuol KAGonG ue 6voua KAGong

/I1 -> Negative, 0 -> Positive

JavaRDD<String> results = classPrediction.map(v -> {
if (v == 1) return "Negative";
else if (v == 0) return "Positive";
else return "Neutral";

h;

/latr00AKEUON EdOPEVILIV
JavaPairRDD<String, String> sentences_and_polclass = main.javaContext.textFile(testSet_csv)
filter(I -> !l.contains("Headline")).zip(results);
sentences_and_polclass.saveAsTextFile(Constants.MAIN_FOLDER +
Constants.CLASSIFIER_RESULTS_FILE + Constants.DT_RESULTS_FILE);
System.out.printin("[+] Classify: Decision Tree Model Saving Results");
System.out.printin("[+] Decision Tree Classification time elapsed: " +
String.valueOf((System.currentTimeMillis() - startTime)) + " ms");

4.7. HMopatnpnoelg

1. Ta dedopéva ekmaidevong (training set), aALG Kot To dedopévo doKiung (test set), mpémet
va Bplokovtal otnV KATAAANAN HopoT], oVTmG wate va enelepyactovy amd tovg Classifiers.
Youpova pe to Application Programming Interface (API) tov Apache Spark mov
YPNOWOTOOVE, TPEMEL VO akOoAoVONocOVE OpIGUEVE PLOTO, Y10 VO LETATPEYOLLE T
dedOUEVH OTNV KATAAANAN LOPON.
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[Ipoto Prpa, eivar n petatponn tov dedopévov oty popen “Term Frequency -
Inverse Document Frequency” (TF-IDF). Ilpdketton yio pio pébodo dravuopotomoinong tov
dedopévav, divovtag Eeact otnv cuyvotnta eLeavions tovg oto Dataset. "o mopdoetyua,
ue tov 0po TF(t,d) - Term Frequency, gevvoovpe tov aptfud mov eupoviletar o 6pog t (AEEN
t) oto éyypago d (dataset d), evd pe tov 6po DF(t, D) - Document Frequency evvoovpue tov
aplOpd TV £YYPaPOV TOL TEPIEXOVV TOV OpO t.

Agbtepo Prpa, etvar n petatponn twv TF-IDF dedopévav oe popen LibSVM yia
amofnkevon. Ta LibSVM dedopéva yapaxtmpilovtor amd v KAGGT TV 0Toio 0viiKovuy Kot
TEPLEYOLV LOVO EKEIVOVLE TOVG OPOLE TTOL VILAPYOLY GTa dedouéva (sparse format).

H mponyodpevn dwadikacio apopd otddia mpo eneéepyaciog kot dev oyetiletal dueca
pe v viomoinomn (dnpovpyia, eknaidevon ktA.) twv Classifiers. I'io avtdv tov Adyo dev
viomoteiton ko oto apyeia tov Classifier mov mapovoidlovion mponyovpévas. Ommg kot
oV epintmon tev Aegkdv, £T61 Kot TOpa, yivetor yprion g Pondnrtikng kAdong FileUtils
n omoia Bpioketar oto apyeio FileUtils.java oto package utils. Amd v cvykekpiuévn KAdon,
yivetoaw  ypnon tov  €€ng  ovvoptinoewv: convertToTFIDF, svmParserTraining kot
svmParserTest. H mpdtn cvuvdptnon petatpénet ta dedopéva ta omoio d€xetan (CSv Hopon)
oe TF-IDF popon, evéd ot dAlec dvo amodnkevovv ta amotedéopato o popen 1ibSVM. Ot
dvo ocvvaptioelg svmParserTraining kot svmParserTest, amotelovv ovclactikd dvo libSVM
parsers yia to. TF-IDF dedopéva. [40]

[Mopakdto Tapovsialovtal ot Tpelg cuvaptnoelg and 1o apyeio FileUtils.java mov agopodv
T0 614010 TTpo enelepyaciog twv Classifiers.

public class FileUtils implements Serializable {

/**

* ueTaTPOTTN csv dedouévwy o€ TF-IDF

* @int numFeatures apiBUOG XaPAKTNPICTIKWY TWV OEOOUEVWV

* @string type peTaBAnTr TTOU KOBOPICEl av TTPOKEITAl yia training 1] test Oedopéva

* @String inputFile To povotrdT yia To apxeio e1I06d0u

* @String outputFile To povotdaT yia To apyeio €£6dou

**/

public static void convertToTFIDF(Integer numFeatures, String type,String inputFile, String outputFile) {

Dataset<Row> training_dataset =

main.sparkSession.read().format("com.databricks.spark.csv").option("header",
true).option("encoding”,"UTF-8").option("delimiter", “,").option("inferSchema",
true).load(inputFile);

List<Row> training_data = training_dataset.toJavaRDD().map(line -> line).collect();

llopioudg data schema, dnAadn T pop@r) Ba £xouv Ta dedopéva TTou Ba eTTeEEpyaaTouV
StructType training_schema = null;
if (type.equals(“test")) {
training_schema = new StructType(new StructField[[{

new StructField("sentence”, DataTypes.StringType, false, Metadata.empty())
D

} else if (type.equals("training™)) {
training_schema = new StructType(new StructField[]{
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new StructField("label", DataTypes.DoubleType, false, Metadata.empty()),
new StructField("sentence", DataTypes.StringType, false, Metadata.empty())
b;

}

Dataset<Row> sentenceData = main.sparkSession.createDataFrame(training_data,
training_schema);

[lueTaTpoTrr) TTPOTACEWY OE AEEEIG
Tokenizer tokenizer = new Tokenizer().setinputCol("sentence").setOutputCol("words");
Dataset<Row> wordsData = tokenizer.transform(sentenceData);

[[dnuioupyia diavuoudtwy TF-IDF

HashingTF hashingTF = new HashingTF()
.setlnputCol("words")
.setOutputCol("rawFeatures")
.setNumFeatures(humFeatures);

Dataset<Row> featurizedData = hashingTF.transform(wordsData);

IDF idf = new IDF().setinputCol("rawFeatures").setOutputCol(“features");
IDFModel idfModel = idf.fit(featurizedData);

Dataset<Row> rescaledData = idfModel.transform(featurizedData);
System.out.println("[+] Converting CSV to TFIDF Format");
System.out.printin("[+] Saving as libsvm file");

[lamoBrikeuon dedouévwy avaloya av TTPOKeITal yia training ry test dedouéva
if (type.equals(“test")) {
svmParserTest(rescaledData, outputFile);
} else if (type.equals("training™)) {
svmParserTraining(rescaledData, outputFile);
}

}

/**

* amroBrikeuan TF-IDF training dedopévwy oe libSVM popen
* @Dataset<Row> rescaledData 1a dedouéva ToU TTPOKEITAI VA ATTOBNKEUTOUV
* @String outputFile To povoTtrdaTi yia To apxeio e€6dou
**/
public static void svmParserTraining(Dataset<Row> rescaledData, String outputFile)
{
llere€epyaoia Twv strings yia va €pBouv aTnv KAatdAAnAn popoer
JavaRDD<String> input = rescaledData.select(rescaledData.col("label"),
rescaledData.col("features")).javaRDD().map(r -> r.toString());
JavaRDD<String> result = input.map(r -> {
String[] line = r.toString().split("\\(");
Double polclass = Double.parseDouble(line[0].replace("[", ").replace(",", ");

String([] vectors = line[1].split("\[");
Integer[] features = Arrays.stream(vectors[1].replace("]",
").split(",")).map(Integer::valueOf).toArray(Integer[]::new);
Double[] values = Arrays.stream(vectors[2].replace("]", "").replace(")",
".split(",")).map(Double::valueOf).toArray(Double[]::new);
String temp = polclass.toString();
for(int i=0; i<features.length; i++) {
if (features[i] == 0) continue;
temp +="" + features][i] + ":" + values]i];
}

return temp;

D
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result.saveAsTextFile(outputFile);

}

/**

* ammoBrikeuon TF-IDF test dedouévwy oe libSVM popoen

* @Dataset<Row> rescaledData ta dedopéva TToU TTPOKEITAI VA ATTOBNKEUTOUV
* @String outputFile To povoTtrdaTi yia To apxeio €6d0u

**/

public static void svmParserTest(Dataset<Row> rescaledData, String outputFile)

{

llere€epyaaia Twv strings yia va €pBouv oTnv KataAANAn yopen
JavaRDD<String> input = rescaledData.select(rescaledData.col("features"))
.JjavaRDD().map(r -> r.toString());
JavaRDD<String> result = input.map(r -> {
String[] line = r.toString().split("\\(");

String[] vectors = line[1].split("\[");
Integer[] features = Arrays.stream(vectors[1].replace("]","")
.split(",")).map(Integer::valueOf).toArray(Integer[]::new);
Double[] values = Arrays.stream(vectors[2].replace("]", ™)
.replace(")", ").split(",")).map(Double::valueOf).toArray(Double[]::new);

String temp = "-1";
for(int i=0; i<features.length; i++) {

if (features[i] == 0) continue;

temp += features[i] + ":" + values[i] + " ";

}

return temp;

b

result.saveAsTextFile(outputFile);

Yvvoyilovtog, UmopodUE VO KOTOVONCOVUE OTL M aVAALGY €VOG KEWWEVOL UE TNV
xpnon Classifier, amoteiel pio mo chvhen dadwkacia, oe oxéon pe v HEB0SO TOV AeEIKOV.
Xpewalovtar opiopéva otdoe mpo emefepyaciog, oVT®G MOTE TO. LOVTEAX TO omoin Oa
TPOKOYOLV va givor a&ldmoTo Kot vo. UTopovy va ypnoiponomBodv 6e dyvoota dedopéva.
Onmg avoldoape Kol TPOTYOLUEVMS, TO GTAO0 TNG eKTaidgvong, e€aptdral Kabapd and v
pébodo v omoia Oa emAéEovpe (my. Naive Bayes Classifier, Logistic Regression ktA.), evd
Adyo ¢ xpnong tov Apache Spark API, ot ypdvor ektéreong eivar apKeTd 1KOVOTOMTIKOL.

H dvokoAiio ko o mpoPAnpoatiopdg e pnebdoov, Eykertoar oty SNUoLPYio TOV EKAGTOTE
Data Set ta omoia Oa ypnoipomromnBoiv yia ta otddia g exmaidevong kot e aloAdynong.

Ta amoteréoparto g nebdOoL Kot | GVYKPIGT TOVE, TPOYHATOTOEITOL GTO KEQAAOLO 6.
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Kepdraro 5: Avaivon XuvvorcOjpoatoc faciopévn ota Avtopata

5.1. Ewocaymyn omv E€avaykacuévn Mdadnon

Ye aumyv Vv evotra Bo mopovcidcovpe pio véa pebodoroyia yio to Sentiment
Analysis, 1 onoia Baciletoanr otnv Bewpio TV Avtopatwv. XpNoYoTolOvIag 11§ Pactkég
apyéc mov Omovv ta. avtoépata, o onpiovpynoovue évav Classifier tov omoio 6Ha
YPNOLUOTOU|COVLE, YIo Vo EEAYOVUE OMOTEAEGUOTO KOL VO TO. GUYKPIVOUUE UE OVTE TOV
wponyobuevey pebddwv. Ilpv dpmg avapepbodue oty pebodoroyia, o eEetdoovie TOlEg
etvar ot apyéc avtég, ol omoieg yopaktnpilovy ta Avtopata ®G £vav 1O10ATEPO GNUOVTIKO
TOUEN Y10, TNV TEYVNTI VONLOGUV).

Ytov topén TV Xvotnudtov Mdébnong, m efavaykoaopévn pabnon amoteiel pio
TOAAG vmooyopevn texvikn. H E&avaykaouévn MdOnon mopéyer oe €va chHoTUo Tig
OTTOPOITNTEG EKEIVEC TANPOPOPIES O OTOIEG OTATOVVTAL, OVTMG MOTE EKEIVO VO GYESLAGEL UE
TETOLOV TPOTO TIC evEPYELEG Tov, e€acparilovtac étol v péytotn dvvatn Pabuoroyio wov
umopel vo. AdPet omd to mepPdAiov pe to omoio aAAnAoemidpd. To cvoTApOTe
E&avaykaouévng Mabnong cuvifog ypnowonoodv ta e&ng tpio otoyyeia: o) tov apBud
TV Obécumv Kataotdoewv tov mepPdiiovioc S, PB) tov aplBud tev JSwbéciuwmv
evepyeldv M, mov umopet vo EKTEAEGEL TO GUGTNUA, V) TNV avTapolPn £, v omoia AapPavet
10 oVoTNUO 0td TO TEPIPAAAOV TOV, Yo kGOE evépyela TNV omoia pmopel va extedéoel. Kabe
oTlyun, Koatd v owdpkewn Asrtovpyiog tov, 10 cvotnue To omoio Paciletoar otV
E&avaykaouévn Mdabnon, doAaéyetr pio amd T O100Ec1LeS EVEPYELEG TOV, TNV EKTEAEL KOl
Aappdver pia Kowvovplo cVAAOYN SbéciumV evepyeldv, KaBdg Kot pio avtopolpn (eite
Betkn gite apvntikn]). Eravoioppdvovtag mv mponyovuevn dadikacio, 6tdyog evog T€To1on
OLOTNHOTOG Elval Vo ETITUYEL TNV PEYAAVTEPT] OvVaTH BETIKN avTapop).

Learning
automaton

@, &

¥oeqpee

Environment

Ewova 5.1, Asttovpyio tov Avtopatav [8]
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Ta Avtopara (Learning Automata) amotedAoOv epyareia ¢ Teyvntig Nonpoovvng,
T omoia Pacilovv v Asttovpyiog tovg otig apyéc T E€avaykaouévne Mdabnong. O 6pog
avtopota (Automata) mpoépyetal amd v EAAnviky AéEn “avtouata”, n omoia agopd pio
“KOTOOKELT TOL AELTOVPYEL HE €val O1KO NG ECMTEPIKO UNYOVIGUO KOl UIUEITOL TIC KIVIGELS
evog éuyuyov opyavicpov”. H ewova 5.1 mopovcidlel oynuatikd v Aettovpyio TV
Avtopatov. [41]

‘Eva Avtopato, oAANAOemOpd cuvexydc pe 1o Tuyaio mepPdAlov o610 omoio
Aertovpyel, Exovtag 6tdY0 v amopacicel pio aAAniovyia evepyeidv mov Ba Tpaset, yo va
eloyrotomomoet T péon mowvi mov Bo AaPetl amd avto. [Ma va to emttdyel avtd, To AVTOHTO

ypnowonotet éva Sivvopa p(n), oto omoio Swonpel ™y kotavopr; mbovothtov Y
KGmowov  kOKAO evepyetdv M, g evépyeng a(n) omd pia GLAROYH  Evepyeldv
a;a,...,a,. lIpopavdg,g, yio 10 cuvolikd GBpoilspa TV TOAVOTHTOV TOV EVEPYEIDV
woyder: XM pi(n) = 1, 0pod avagepopacte oe mbavomtec. ‘Eva Avtépato, pmopei va
VrapEel POVo av TaVTOXPOVA LITAPYEL EVag UNXOVIGUOS avadpaocng, o omoiog daPialet to
Avtopato pe TV amdKplotn Tov TEPPAAAOVTOC, Yo KAOE evEPYELa TOV €YEL EKTEAECTEL.

H Aerrovpyia evog Avtopatov Baciletarl oe Eva adydpBuo, o omoiog eival vrevBovvog
VO OVOVEDVEL TIG TOUVOTNTES TV EVEPYELOY TOV AvtoOpatov. Avti 1 uéBodog, etvat yvoom
Kot ©g to oynua g E&avaykaopuévng Mdabnong. Avtdc o alyodpibuoc, ypnoyonotel v
AopPavopevn avédpaon ond to mepPArAov, exteldvTog pio evépyelo @; e€vog KOKAoL M
(evépyeio a(n)), ue oxond vo. ovavedcel To diévuoua Katavoprg mhavotitov pP. Metd thv
avavVEWGT TOV SOVOGUOTOS, TO AVTOUATO SAAEYEL TNV EVEPYELX TOV B0l EKTEAEGEL GTOV KOKAO

n + I, Baciopevo oto avaveopévo diévocpe katavoprg mbavotitov p(n + ). ‘Eva
veviko oynua E€avaykacuévng Mabnong puropet va meptypaeet amd v topokdto eEicwon:

pi(n+1) =p(m) — (1-BM) g:(pm) + B() hi(p(n)), &hv a(n) * a;
1)
pin+ 1) =p;(n) +(1—-BM) Xjrigip(m) — B(M) Tjzihj p(n)), ebv a(n) = a;

O1 cuvaptioels g; xon /1; cuvdéovton pe Ty avtopolPy Kot Thy mowy mov uropei va Aafet
éva antopato yla pio evépyela @; avtiotoyo. H mapauetpog B(n), exppdlet v tipf g
avadpaons and to TePPAAAOV Yo TOV KOKAO M, Kavovikomotpévn oto ddotnua [0,/]. Oco
mo wkpr givar n Ty tovf (Nn), 1660 Mo guvoikh - emBopnty ivan 1 TR TG avadpaocng
T0V Teparrovtoc. [42] [43]

5.2. Learning Automata Classifier

AAyopiBpog Avavémong tov Awavoopotog Katavoung IMiBavotntov (Probability Updating
Algorithm)
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To poviélo 10 omoio dmuovpyndnke kot ypnowomomdnke ywoo v eEaymyn
amotedecpudtov, Pociletor oty mopamdve Aoywikn g Bewpiag tov Avtépotov. H
TPOGOPUOCTIKOTNTO TOV HOVIEAOVL PBacileTon 0TOV EVOOUATOUEVO UNYOVIOUO Habnong, o
0m0{0G OVOVEMVEL TO OLAVUGHO KOTAVOUNG TOOVOTAT®V, GOUPMOVO UE TNV TPONYOVLEVT
eumepio Tov LOVTELOV.

Metd v maporafn e avadpaons and 1o TEPIPAALOV, TO ALTOUATO VITOAOYILEL TV
KoalOtepn Suvorh evépyelo nex_best_action f kar oty cuvéxelo eVnuEpdOVEL TO

Sivoopo katavopng mbavotirov. H kaidtepn Suvar) evépyewo (nex_best_action f)
npénel vo. avtapelpdel avEdvovtag v mbavotta TG 6T0 SAVUGHO, VD O€ OAES TIC
vrOAOImES evépyeles Ba Tpémetl va Tovg amodobel pio mown, PEIDOVOVTOG TIC TOAVOTNTEG TOVG
avTioTol(O. TNV OPYLKOTTOINGT NG Topamdve Jdtodikosiog, OAec ot mbavotnteg opilovion
oto 1 /m, 6mov M o cuvolkdg apdudg TV mMOAVOV evepyeldv. e kGbe KOKAo, emAéyeTar
N evépyela pe v peyodvtepn mlavotta. O aiydpiBuog mapovctdletor 6e HOPPN YEVHO-
K®Odwka oty mapakdto ewkdva. Or mapduetpor L kot @ cvvdéoviar pe v toydTnTo
OUYKAIONG TOL OVTOUOTOV KOL GTNV Tapovod gpyocio dgv Bo amoTeAéGOVV aVTIKEINEVO
épevvag, aeob Ba BewpnBodv otabepég TIES, 1oeg e TV povada.

5.3. MeBodoroyia

[Mopakdro mapovcidletor 1 dwdikacio mov akoAovBeitar amd tov Classifier yio T0 61dd10
NG EKTOIOEVONG GE LOPPT] YEVOOKDOIKOL.

AlyopBpog 1: Probability Updating

Setpi=(1/m)
FOR each frame f
Calculate the next_best_action f
FOR each action m
IF action = next_best_action f THEN

Setpi(f+1)=pi(f)-L(pi(f)—-a)
ELSE
Set P next _best _action (f +1) = P next _ best _action (f) +
L(P next _ best _ action (f) — a)

END IF
Choose the maximum probability and set it
p current _ action f+1
END FOR
END FOR
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Ymv mpokeévn mepintmon e€etalovpe 10 TpdPANUa Tov Sentiment Analysis wg €va
mpoPAnua eavaykoaouévne udbnonc. Ilpoomabovpe vo eKUETOAAELTOOUE TIC OPYEC TOV
OLTOUATOV Kol He aTOV ToV TPOTO va dnpovpynocovpe évav kowvovptlo Classifier yiou v
Ta&VOUNGT| KEWWEVOD.

[Towo avoAvtikd, n péBodog mov akoAovBovue PBociletonr ota Pacikd otdol TV
Classifier, 6T®¢ avTA TOPOVCIALOVTOL KOl TEPLYPAPOVTOL GTO TPONYOLUEVO KePAAato. Ta
oTadwL ta omoia dapépovv, givor owtd Tov optopov tov Training Set ko Test Set, g
EKTTOUOEVOTNG TOL HOVTELOL KL TNG TOEVOUNGNG TOV KEUEVO.

Opwopdg Training Set ko Test Set

H dwdkacio dnuovpyiog avtn kad' ooty 0ev SlapEPEL o€ GYE0T UE TO TPOTYOVUEVO
kepdAaio. H dwpopd £ykertar 610 yeyovog OTL TAEOV Ol TPOTAGES WUmTOpPoVV Vo
BabuoroynBovv - BabuovounBodv pe v ypron picg apBuntikng Tung, ovlpesa ce &va
nedio [-10,10]. Me avtdv tov tpdmo, ta amoteAéspata mov Ba Tpokdyovy Ba ta&tvounbovv
Kot 0VTé o€ Kamota mhavi kKAAon, cOueova pe v Badpoioyio Toug.

Exnaidoguon tov povrérov

2V TPOKEWEVT TEPIMTOON, 1 EKTAidEVOT TOV HOVTEAOL PBacileTon mOvm GTIS apyES
g e&avaykaopuévng pdbnong. Aniadn diveton éva Training Set g eicodog otov Classifier
Kot avtog “pabaivel” moteg AéEelg Ba mpémer va avropelpBovv pe Betikn Poduporoyio kot
noteg pe apvntikn. H dwowasio eivor n mapokdto. o kdBe mpdtacn tov Training Set
eravorapPavovrarl ta €&ng Ppata: avédvovior ot mBavoTnTeS ELPAVIoNS TG Kabe AEENC
™G TPOTACT), KATA pio PIKPN LOVAdD KOl TALTOYPOVO LEWDVOVTOL Ol TOOVOTNTES ELPAVIONG
K60 AEENG OV OeV VILAPYEL OTNV EKAGTOTE TPOTAGT, dATNPOVTOS TAVTA TO dOpolGHa 6TV
Hovaoa.

[Mopaxdto mapabétovpe €va amhd TApPAdEYHO Yoo TNV KOAVTEPT] KOTOVONGN NG
pebodov.
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Training Set R

The room is clean +5
Clean room +3
Very Dirty -3
The room is Clean Very
Initialization clean ] [ room ] [ Dirty ]

the 1/6 - ]0.16750| = |0.16745| & |0.16749 +3
room ; 116 . |0.16750 | : |0.16800| @ |0.16804 | (Normaizaton +35
is g 1/6 . 1016750 | : |0.16745| | |0.16749 | +3
clean g 1/6 1016750 | @ [0.16800| : |0.16804 1 +5
very : 1/6 . |0.16638 | : |0.16634 | @ |0.16584 -5
dirty § 1/6 . |0.16638 | | |0.16634 | @ |0.16584 -5

Ewova 5.2, Learning Automata Classifier

2y ewkéva 5.2 BAémovpe oynuatikd to otddlo g ekmaidevong tov Learning Automata
Classifier. ITapammpovpe 0Tt petd omd kabe emavAAnyn NG TPOTYOVLUEVNS SOIKAGIOG
(avéivon xabe mpdtaong), ot mbavotreg - Pabuoroyieg kdbe AéEnc mpocapuolovron
CUUPMVO, LLE TIC GLVOPTNGELS:

P(x) =P(x) + R/L - P(X), ywo k&0 AéEn 1 omoia aviket otnv mpdToon
(5.1)
P(x) =P(x) + S/(m —w) - P(x), yua xabe AéEn n onoio dev ovikel 6TV TPdTOON

,6movP (x), n mbavomra - Babporoyia kabe AéEng, R m mbavomra - Babuoroyia ng
npodTOoNG OV avaAveTar kou L o puBudc cvykhiong g uedddov, S n cuvokiky adéEnon g

TPOTACNG, M 0 apBUdS TV povadik®v Aé&emv tov Training Set kot W o aptBpog AéEewmv g
TPOTACTG TOV AVAUAVETOL.

H petafiny S vmodoyiCetar and v ovvapmon S = S; + Sr+...S,,0mo0 Sy, M
avénon kdbe AEENC TG TPHTAONG TOV AVAAVETOL.

Me avtov Tov TpOTOo, Kol apoy avaivbohv OAeg ol mpotdoelg tov Data Set, dtopopemvertal
pilo tedkn Mota AéEewv (Ae€ikd) pe 1ig mbavotteg - PBabuoroyieg tove. Televtaio Prpa
elval 1 kavovikomoinomn tov Babuoroyiodv tov Aéemv, oe £va medio mov Ba opicovpe eueis.
H xavovikomoinon 1660 tov povtélov, 060 Kol TOV ATOTEAECUATMOV EMTVYYAVETAL COLPOVOL
LLE TNV TOPOKAT® GLVAPTNON:

S —min . . ) ) ,
S = p— normilizer - 2 — normilizer (sficwon 5.2), 6mov S 1 Paduoroyia

Kka0e AEEng M| TpodTacng, MIn n wkpdtepn Paduoroyio Tov AéEcwv )| Tov Tpotdoewy, MaAX
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N peyoAvtepn Paduoroyio tov Aééswv N Tov mpotdcewmv kar normilizer o mapdyovrag
Kavovikomoinong (my. 5).

Me avtév tov Tpomo, Exovpe dmpovpynoet éva egedikevpuévo Aeikd péow tov Learing
Automata Classifier kot TAE0V UTOPOVLE VO TO YPNCIUOTOMGOVUE Y1 VO faBLoAoyiGoVLE -
Babpovopmoovpe dyvooto dEd0UEVO.

Tagivopunon Agdopévov

[MAéov, avryetomilovpe 7T0 TPOPANUE TG  TOEWVOUNONG TOV  OE0OUEVOV
akolovBmvtag mapopola pebodoroyior pe vty tov AeSikov. Anhaon, eEetdlovue KAOe
npotaon tov Test Set kot vwoAoyilovpe v Babuporoyia g, faon Tov Paduoroyidv TV
MeEewv and T1g omoieg avtn amoteAeitan. Televtaio Ppa eivor, yio axoun po eopd, M
Kavovikonoinon tov Padpoloyidv kabe mpdTaong Kot Kot' enéktacn oAdkAnpov tov Data
Set.

[TAéov, o1 Babporoyieg TV TPoTdcewV aviKovy 6To 110 dtdotna mov BplokdTay Kot
10 Training Set. o mapdderypa, av Bécovpe 1o medio tov Training Set 1o omoio Oa
ypnowonomoovpe and -10 éwg +10. Ta amoteléopata mov Ba AdPovpe petd v avaivon
tov Test Set aviikovv eniong oto d1o0 ddotnpa. BéBata, yio va uropécetl va yiver cbykpion
oto amoteréopara tov Learining Automata Classifier pe ovtéd tov Machine Learning
Classifiers (MNB, SVM, LG, DT) 0a ntpénet va opiotohv 600 GUYKEKPIUEVEG KAAOELS, OETIKN
kot apvnTikn. [ tov Adyo avtd, Bempodue 011 kdbe mpodTaon, g omoiag n Paduoroyio
etvar pikpoTEPN TOV PUNOEVOS, AVIKEL GTNV APVNTIKY KAAGCT, EVE KABE TPOTOGN TG OTolog 1
BaBuoroyia elvar peyodvtepn tov pndevog, avnker otnv Oetikn kAdon. Ilpotdocelc pe
Babuoroyia undév avrkovv oty Tpitn KAGOT|, TNV 0LOETEPT.

5.4. Epappoyn oe Java

H pebBodoroyia Omwg meprypdpetar mponyovuEvmsg, LAOTOlEiTol omd TNV KANoM
LearningAutomataClassifier n omoia Ppicketon oto apyeio LearningAutomataClassifier.java
oto package machinelearning. Ztnv KAdon vrdpyovv mévte PACIKES GLVOPTNOCELS KoL TPELS

BonOntucés.
LearningAutomataClassifier(String trainingSet_path, int nomalizer)

H ovykexpipévn pébodog - dmpovpyds apyikomotlel OAa ekeiva to otoryeio Ta omoio
elvar amapaitnta yro v opoAn Asttovpyia tov Classifier. ®optmdvel otnv pvnun to Training
Set, 10 omoio Ba ypnoipomonbel oto 6Tdd10 TG ekmaidevong Tov Classifier. Axopa, opilet to
nedio oto omoio Ppiokovtan o Babporoyieg Tov Training Set.

loadModel() ko saveModel()
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Ot 000 avtég pébodol, avarouPdvovov va @EOPTOCOLV OGTINV  UVAUN Kol Vo
amoONKELGOVY TO HOVTEAO TO OTO10 £)EL TPOKVYEL Ad TO GTAO0 TG ekmaidevons. Me tov
O0po HoVTELD, EVVOOUUE TNG Aota TV AéEewv (Ae€kd), 1 omoia SOUOPPOVETAL VOTEPO. OO
TO GTAS10 TNG EKTAIOELONG.

trainModel()

H péBodoc g exmaidoevomng, avorapfdver OAn v dwdikacio dnuovpyiog Kot
Babuordynong tov povtédov. Apykd, kaiel tnv fondntun pnébodo initHashMaps() | omoia,
omwg Bo dovpue, avolapPavel va apopéoel kKamowo e0KA cOPoia, T6co and to Training
Set, 660 ko amd to Test Set. "Yotepa, n néBodog ¢ exmaidevong dnuovpyel pio Moto pe
11§ AéEerg mov amaptilovv To Training Set, kot apyikonotel v mbavotta - fabporoyio Tovg
omv twn /L1, 6mov [J 10 mn0og tov AéEcwv. Oleg o AéEeig apyikd, Baduoloyodvrar pe
Ot Tipn. Metd, e€etalet ke mpotaon tov Training Set kKo av&operdvel g Paduoroyieg,
ocbupwvo pe v ovvaptnon 5.1. Oin n dwyelpion tov AéEewv yivetar pe v ypnom
LinkedHashMaps, mov mpoxettor yuoo poe ToAd €0KoAn doun amodnkevong, UE OpKeTEG
ovvaptnoelg owayeipiong. Téhog, n pébBodog apov dnuovpynoet v Alota tov AéEemv
(LinkedHashMaps), koiet v Pondntikn pébodo normalizationModel(), n omoio 6mwg Oa
dolLE KOl TOPaKAT®, O Kavovikomomaet Tic faboloyiec 6To SAGTNLO TOL £YOVUE OPIGEL.

classify(String testSet_csv)

H pébodog Oa ovardPer va Pabuoroynoer to Test Set, 1o omoio déyeton ©¢
TaPAUETPO. Aoy dnuovpynoet pio Kawvovpla AMota pe AéEglg amd to Test Set, Oa T1g B¢oet
o€ opywn TN ion pe 1o unodév. "'Yotepoa, yuo kabe pia mpotaon, o fabuoroynocet tig AéEelg
™G, Kol Kat' emEKTOoT TV 1010 TNV TPOTOGT, COUPOVO LE TO LOVTEAO - AeEkO TO 0moio £xel
TPOKLYEL aTd TO 6TAd0 NG ekmaidevong. Televtaio Prpa, 1 KANon g Pondntikng pebddov
normalizationResults kot ) amofnkevon tov anotelecudToy.

normalizationResults() koatr normalizationModel()

Ot 600 awtég Pondntikég KAAoES avOAAUPEVOVY VO KOVOVIKOTOGOUY TO LOVTEAO
KOl T0 amoTEAES AT, COUP®VO pE TV e&icwon 5.2
initHashMaps()

H péBodoc avorapupdver va kabBopioer ta dgdopéva tov Training Set, va
ONUOVPYNGEL Kot VO 0pyIKOTOMaoeL TV Alota twv Aéemv (Aeikd) mov Ba ypnoyomomOel
otV HEB0OO NG EXTOidEVONE TOV LOVTEAOL.

[Mapaxdrto Tapovoidletal o kddowag tov Learning Automata Classifier e Java
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public class LearningAutomataClassifier {

/lueTapAnT Dataset<Row> yia Tnv amoBrikeuon kai Tnv

/Id1axeipion Tou DataSet yéow Tou Apache Spark

private Dataset<Row> training_dataset;

/INioTa atroBrKkeuong Twv TTpoTdoewy Tou DataSet

private LinkedHashMap<String, Double> sentences = new LinkedHashMap<String, Double>();
/INioTa atroBrikeuong Twv Aé€swv Tou DataSet

private LinkedHashMap<String, Double> words = new LinkedHashMap<String, Double>();
/INioTa a1roBrKeuang Twv TTPOTATEWYV Tou TestSet

private LinkedHashMap<String, Double> testSet = new LinkedHashMap<String, Double>();
/[ueTABANTA KavovIKoTToinoNG

private int normilizer;

/literators yia TIG ANioTeG

private Set setSentence;

private Iterator iteratorSentence;
private Set setWord;

private Iterator iteratorWord;
private Set setTest;

private Iterator iteratorTest;

/**
* dnMIoUpPYOGS - constructor
* QPXIKOTTOIEI TO training set
* @param String trainingSet_path 10 povoTtdaTi yia 1o apxeio TTou Ba xpnoipoTroinBei
* oTa OTAdIA TNG EKTTAIOEUANG
* @param int normilizer peTaBAnTr KAvovIiKoTToinang
**/
public LearningAutomataClassifier(String trainingSet_path, int normilizer) {
this.training_dataset = main.sparkSession.read().format("com.databricks.spark.csv")
.option("header", true).option("encoding","UTF-8")
.option("delimiter”, ",").option("inferSchema", true).load(trainingSet_path);
this.normilizer = normilizer;

}

/**

* OPTWON TOU POVTEANOU - Ae€IKOU GTNV Pviun
**/
public void loadModel() {
System.out.printin("[+] Loading Learning Automata Model from file");
/[&volyua Kal @OpTWan TOU .CSV ApPXEIOU aTNV PVAHN
Dataset<Row> temp = main.sparkSession.read().format("com.databricks.spark.csv")
.option("header", true).option("encoding","UTF-8")
.option("delimiter", ",").option("inferSchema", true).
load(Constants.MAIN_FOLDER + Constants.CLASSIFIER_MODELS +
Constants.LA_MODEL_FILE);
/[dnuioupyia AioTag Ae€ikou
List<String> words_count = temp.toJavaRDD().map(line -> line.toString().replace("(", ")
.replace(")", ")).collect();
for (String i : words_count) this.words.put(i.split(",")[0].toString().replace("[", "").replace("]", " "),
Double.parseDouble(i.split(",")[1].replace("[", "").replace("]", " "));
this.setWord = this.words.entrySet();
this.iteratorWord = this.setWord.iterator();

}

/**

* ammoBrikeuon Tou JOVTEAOU Yia UEAAOVTIKA XpHon

**/
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public void saveModel() {
System.out.printin("[+] Saving Learning Automata Model to file");
/Idnpuioupyia JavaPariRDD yia eOkoAn atrobrikeuon
List<Tuple2<String,Double>> list = new ArrayList<Tuple2<String,Double>>();
for(Entry<String, Double> entry : words.entrySet()){
list.add(new Tuple2<String,Double>(entry.getKey(),entry.getValue()));
}
JavaPairRDD<String, Double> model = main.javaContext.parallelizePairs(list);
model.saveAsTextFile(Constants.MAIN_FOLDER + Constants.CLASSIFIER_MODELS +
Constants.LA_MODEL_FILE);

}

/7\-7\-

* gKTTaiOEUaN TOU POVTEAOU

**/

public void trainModel() {
System.out.printin("[+] Training Learning Automata Model");
/IKAAon ouvapTNoNG - KOBAPIoUOS OEdOPEVWY Kal apXIKOTToinan Ae€ikou
initHashMaps();

/lyia k&Be pia TpéTacn oto Training Set
while (this.iteratorSentence.hasNext()) {
Map.Entry line = (Map.Entry)iteratorSentence.next();

IIXWPICHSG TTPOTATEWY GE AEEEIC

String[] sentenceWords = line.getKey().toString().split(" );

/louvoAiki auénon TTpdTacng

Double S =0.0;

Double sentenceScore = (Double) line.getValue();

/luTroAoyIoudG S Kal dnuioupyia TTPOCWEIVAG AIoTag PE TIG AEEEIC TNG TTPOTACNG
HashMap<String, Double> tempScores = new HashMap<String, Double>();

for (String sentenceWord : sentenceWords)

{
Double wordincrease = (sentenceScore/1000)*words.get(sentenceWord);
tempScores.put(sentenceWord, words.get(sentenceWord) + wordIncrease);
S += wordIncrease;

}

llugiwon Twv uttéAoImwy Aé€ewv oTo dataset Bdon TnG peTaBANTAG S

for (Map.Entry<String, Double> entry : words.entrySet()) {
this.words.put(entry.getKey(), entry.getValue() -

(S/((double)(words.size()-sentenceWords.length))*entry.getValue()));

/lteAeuTaia avavéwaon Twv BabuoAoyiwyv, avavéwon TwV AEEEwV TTou augrndnkav

for (Map.Entry<String, Double> entry : tempScores.entrySet()) {
this.words.put(entry.getKey(), entry.getValue());

}

showWords();

/lkAfon ouvapTtnong normalizationModel

//KavoVIKOTTOINGN TOU JOVTEAOU
normalizationModel();

showWords();

}

/**

* 1aglvounon ayvwoTwy deS0UEVWV
* @String testSet_csv Ta dedopéva Ta otToia Ba Tagivounbouv o€ pop®n csv
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**/

public void classify(String testSet_csv) {
long startTime = System.currentTimeMillis();

this.training_dataset = main.sparkSession.read().format("com.databricks.spark.csv")
.option("header", true).option("encoding”,"UTF-8").option("delimiter", ",")
.option("inferSchema", true).load(testSet_csv);

/lapxikotroinon TestSet kai kaBapIOPOS TwV TTPOTACEWV

List<String> test_data_sentence = training_dataset.toJavaRDD().map(line ->
line.toString().replace("[", ").replace("]", ").replace(";", ").replace("%", "").replace("$",
".replace(".", "").replaceAll("\d+.*", "").replace("\\s+", ")).collect();

/I[dnuioupyia AioTag TTpoTdocwy Tou TestSet

for (String i : test_data_sentence) this.testSet.put(i, 0.0);

this.setTest = testSet.entrySet();

this.iteratorTest = setTest.iterator();

/[BaBuoAdynan TnG AioTag Twv TTPOTAcEWY BAcn Twv BABPOAOYIWY TOU HOVTEAOU - AEEIKOU
while (iteratorTest.hasNext()) {

Map.Entry line = (Map.Entry)iteratorTest.next();

String[] sentenceWords = line.getKey().toString().split(" ");

/I[BaBuoAoyia TTpoéTAGNG
Double sentenceScore = 0.0;
/Iyia k&Be TTpdTaCn oTO TestSet
for (String sentenceWord : sentenceWords) {
/[Trpocaugnaon TeEAIKOU okop TTPOTACNG
/lav n AéEn dev uttdpyel oTO AEIKO, TOTE O
sentenceScore += words.getOrDefault(sentenceWord, 0.0);
}
this.testSet.put(line.getKey().toString(), sentenceScore);

}

iteratorTest = setTest.iterator();

/IKavOoVIKOTTOINCN ATTOTEAEOUATWY
normalizationResults();

/laTToBrikeuon aTTOTEAEOUATWY
List<Tuple2<String,Double>> list = new ArrayList<Tuple2<String,Double>>();
for(Entry<String, Double> entry : this.testSet.entrySet()){

list.add(new Tuple2<String,Double>(entry.getKey(),entry.getValue()));

JavaPairRDD<String, Double> model = main.javaContext.parallelizePairs(list);
model.saveAsTextFile(Constants.MAIN_FOLDER + Constants.CLASSIFIER_RESULTS_FILE +
Constants.LA_RESULTS_FILE);
System.out.printin("[+] Classify: Learning Automata Model Saving Results");
System.out.printin("[+] Learning Automata Classification time elapsed: " +
String.valueOf((System.currentTimeMillis() - startTime)) + " ms");

}

/**

* KOVOVIKOTTOINGN ATTOTEAEOUATWY
**/

private void normalizationResults() { /// exei thema den antigrafei tis times!

Double min = Collections.min(testSet.values());

Double max = Collections.max(testSet.values());

/Iy1a KaBe okop TTPATACN KAVOVIKOTTOINGN CUN@PWVA UE TNV CUVAPTNON
[I[(X-min/(max-min)) * normilizer * 2 - normilizer
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for(Entry<String, Double> temp : testSet.entrySet()){
this.testSet.put(temp.getKey().toString(), Math.ceil(((temp.getValue() - min)/(max-min)) *
this.normilizer * 2 - this.normilizer));
}
}

/**

* KAVOVIKOTTOINoN JoVTéEAOU

**/

private void normalizationModel() {

Double min = Collections.min(words.values());
Double max = Collections.max(words.values());
/ly1a kaBe oKop TTPATAGN KAVOVIKOTTOINGN GUNPWVA UE TRV GUVAPTNON
[[(X-min/(max-min)) * normilizer * 2 - normilizer
for(Entry<String, Double> temp : words.entrySet()){
this.words.put(temp.getKey().toString(), Math.ceil((((temp.getValue() - min)/(max-min)) *
this.normilizer * 2) - this.normilizer ));

}
}
/**
* dnuIoupyia Kal apxXIKOTToinan HOVTEAOU - Ae€IkoU
**/

private void initHashMaps() {

/la@aipean €I0IKWV XOPAKTAPWY aTrd TIG TIPOTACEIG TOU TrainingSet
List<String> training_data_sentence = training_dataset.select("title").toJavaRDD().map(line ->
line.toString().replace("[", ").replace('l", "").replace("!", ").replace(",", "").replace(";", ")
""" ).replace("$", ™).replace(".", ").replace("(", ").replace(")", ").replace("&", ")
.replace("£", "").replace("\\d+.*", "").replace("\\s+", ")).collect();
List<Double> training_data_score = training_dataset.select("polclass").toJavaRDD().map(line ->
Double.parseDouble(line.toString().replace("[", ").replace("T", "))).collect();
for (int i=0; i<training_data_sentence.size(); i++) {
this.sentences.put(training_data_sentence.get(i), training_data_score.get(i));
}

this.setSentence = sentences.entrySet();
this.iteratorSentence = setSentence.iterator();

/[dnuioupyia Kar apxIKOTToinan HOVTEAOU - A£EIKOU PETE aTTO KABAPIGUO

List<String> words_count = training_dataset.select("title").toJavaRDD().map(line ->
line.toString().replace([", ").replace("]", ").replace("!", "™).replace(",", "").replace(";", ")
replace("%", ").replace("$", "").replace(".", ").replace("(", ").replace(")", "").replace("&",
").replace("£", "").replace("\d+.*", ").replace("\\s+", "™)).collect();

JavaRDD<String> sentenceRDD = main.javaContext.parallelize(words_count);

JavaRDD<String> wordsRDD = sentenceRDD.flatMap(line -> Arrays.asList(line.split(" ")).iterator());

JavaPairRDD<String, Integer> counts = wordsRDD.mapToPair(w -> new Tuple2<String, Integer>

(w, 1)).reduceByKey((x, y) -> X +);

Double wordsCount = (double) counts.count();

/INioTa words -> n AioTa Tou pHovTéAOU PE apxIKoTToINUEVEG AéEeI Tou TrainingSet

for (Tuple2<String, Integer> i : counts.collect()) this.words.put(i._1, 1.0/wordsCount);

this.setWord = this.words.entrySet();

this.iteratorWord = this.setWord.iterator();
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Kepdloro 6: Xoykpron nedodov kot amoteriopoTo

Ynrdpyovv 0600 kOpleg mpooeyyicelg ywoo to Sentiment Analysis, m 7pocéyyion
Boaoiopévn oe kavoveg (rule-based - yprion Ae&ikadv) kot n mwpocéyyion Poaciouévny oty
Mnyavikn MéBnon (my. Machine Learning). Xtnv tp®dtn Tepintwon, ypNoYLOTolEital Evag
alyopOpog “yaptoypaenons”’, pe Tov omoio ot AEEEIC KOL Ol QPACEIS TOL KEWEVOU
Tavopovvion 6e O1popeg KAUCELS, COUPOVO HE KATO0LS TPOKAOOPIGUEVOVS KAVOVEG,
napadetypatog yapv, Paon Pabuoroyioc. H devtepn mpocéyyion, Paciletar oe poviéda
UnYovikng pabnong ,to omoio o emeEepyactodhv 10 mEpLEYOUEVO (). pLOUOS epPdviong
AeEewv), Ba eEaybel éva poviého kol ev télel too dedopéva Ba taStvounbovv oe pia
katnyopia. ['a mapdderypa, o Naive Bayes Classifier vmoAoyilel Tnv cuoyétion HeETa&y g
oLYVOTNTOG TV AEEEMV Kot TO €100¢ TOV £yypdpov, Yia va e&aybovv Kdmola cuunepdcuaTa.

Ye HepéG MEPMTOCES, M YpNon g devtepns mpocéyyong (Machine Learning
Classifiers) @épel kamolo mAgovekTiuota Evavtt g npotng mpocéyylong (Rule Based -
Ae&dr).

[ToAAéC popéc, ta Ae&ikd Tov LIdpyovV Katl £xovv dnuovpyndel, eEeldikevovtal og
KAmO10V TOAD GUYKEKPYEVO TOUEN (TTY. OUKOVOUKE, TOVPIGUAC, KIVILATOYPAPOG KTA.), OTOTE
éva Aewcd dev umopel va €xel KaBolkn epoppoyn kot va ypnoipomomnBel ce kdbe
nepintwon. Ev avtiBéoet, o Classifiers égovv avtv v wovotto, agol eKToude0ovVTaL e
TETOLOV TPOTO, OVTMG DGTE VO, EPAPLOLOVTOL G€ TOALOVS TOUEIS OLOLPOPETIKOV EVOLUPEPOVTOG
. Opwg, 10 yeyovoc awtd, dniadn n dadikacio g ekmaidgvong, iowg v amotelel Kot Eva
and ta peovekmuatd toug. H ekmaidevon evog Classifier amottel pion KatdAANAn GuALOYY|
dedopévov (Training Set) otov ekdotote topéo. Avdpeca OP®G oty onuovpyio €vog
eEedtkevpévon Aegukod kot otnv dnovpyia evog Training Set, £va Training Set umopel va
onuovpynBet apketd mo Ko Kot Yp1yopa.

EmumAéov n mpocéyyion pe éva Ae€ikd dev AapuPavel vmoyy 10 TEPLEYOUEVO LLOG
TpoOTacNG, OMMG Yo Topddetypa 1 AéEn “increase”, m omoio GTNV YEVIKN TNG HOPON €XEL
Oetikn onuocio, oAAd OTOV AVOEEPETOL GTO KOGTOG £VOG TTPOIOVTOC, TOTE AMOKTA 1o LPE
apVNTIKN onuoacio. AkoOpa otnv mepintwon mov TOAAEG AEEelg piag TpoOTaoNS OEV VILAPYOLV
péoa oto AeEko, TOTE glvar ToAD cvvnBeg OAOKANPM M TpOTOGT Vo TaStvounBel mg adidpopn
(neutral), mapd T0 YEYOVOG OTL UTOPEL VO AVIKEL GE KATTOL0, GAAT KAGON.

2y mopovoa epyacic ONUOLPYNCAUE €V KOvoOplo TPOTO TPOGEYYIoNG Yo TO
Sentiment Analysis, faciopévo oty Bswpio Tov Avtoépotov. Expetadievdpevor to Beticd
otoyeia g Oswpiog ™e EEavaykacuévng Mabnong, snpiovpyodues eEgtdtkevpéva Aegukd
amo 1o ekdotote Training Set ko TO YPNGLOTOIOVLE Y10 TNV TOEVOUNGT TOL KEWWEVOD.

[Mapaxdrtw, Bo eEetaotovv ot tpelg péBodor Pdon kAmowwV HETPIKOV O™ Yo
TOPASELY O, O TOUENS EQUPLOYNC, TOOTNTA EKTELEOTG, 0TGN KTA. [44]
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Toptag Egappois

Bewpntikd ot dVo TpwTot puéBodot (Ae&kd kot Machine Learning Classifier) kou xot’
enéktaon ko m tpitm (Learning Automata Classifier), umopodv vo e@appoctodv oe
OTOLOONTOTE TOUEN EVILOPEPOVTOC (O1IKOVOULKE, Tovplopd kTA.). Ot amaitnoelg Ppiokovrol
otV Vmapén e&edikevpévou AeEkov oty mpdtn uEBodo Kot kotdAAnAov Training Set yio
TIg 000 tedevtaiec. Omwg €xel mpoavapepOei, n dnuovpyio Aelikodv yevikd elval pio
YPOVOPBOpa Kot dVGKOAN dadtKacion Kot Tl 0ev OmOTEAEL TAVTA TNV KATOAANAN €mAoYN.
[Mopora avtd, ot AéEelg Tov amaptilovy Ta AeEIKA, PEPOVY APKETE KOAN ATOTEAEGUATO, 0LPOV
etvar e€e1d1kevpéveg 6ToV avTioTolyo Topéa. ATd TV GAAN TAELPA, 1 Snovpyia EVOG CwOTA
optopévov Training Set (cwot opBoypapio, amadlotpn EWOIKOV YUPOKTHP®V, ANLULATOTOINGN
KTA.), amoTeAel pion apKeTd o yYp1yopn Oladtkacia, apov 1o Uoévo mpdyuo mov ypetdletal
amd mAEvpA omoutioemv, eivor 1 Pabuovounon tewv mpotdoewv o€ pio  KAAQoM.
Xpnowonowwvtag tov Learning Automata Classifier kot pe v ypfion Tov KatdAAnAov
Training Set, pmopodpe va cuvovdcovpe to Betikd ototyeio TV 600 mapandve pebddwv Kot
VoL EMTOYOVE VYNAOTEPO TOGOGTO EMTLYIOC.

Tayvtnte extéleong kot 6tdoe peddoov

Ymv mepintoon ™G peBodov pe v ypnomn tev AeEKdv, ot dadikacieg Tov
axolovBovvtot elvar apketd amiéc Kot apopovy  Kupimg tov vroloyiopd g Paduroroyiog
g mpdtaons, Pdon e Pabuoroyiog tov Aéemv. Agv amartodvion TOAAG GTAOW STV OAN
dwdkacia, pe povadikn iowg arnaitnon v Anppotonoinon tov Aégewv. [N'evikd, n taydTa
extéheonc g pebddov efaptdror kobopd omd v Swbéciun VRTOAOYIGT oYL TOV
OLOTNHOTOG, TOPOAL OVTE, TOLOTIKA TO GTAO0 oL £lodyel kaBvotépnon oty nEBodo eivan
TO GTAOW0 TNG ANUUATonoinong. Xto Ke@dAalo 3 yio To oTddl0 TS ANUpatomoinong £xet
npotabel pio StoupopeTiky, eAappmg Bertiopévn péBodog 66OV aopd TNV TaydTNTO Kol TIG
VTOAOYIOTIKEG OMOUTNGES. ATO TNV GAAN TAgvpd, N nEBodog pe v ypnon tov Learning
Machine Classifiers omotedel pio mo moidmioxn Swdwacic, n omoio amoteAeitor omd
TEPLOCOTEPO. GTASW. Y TAPYOLV TEPIGGOTEPES OMALTIOELS OGOV QPOPE TNV PO eneEepyociol
TOV O£OOUEVOV KOl TNV EKTOLOEVOT] TOL LOVTEAOV, TOPOAL OVTO Ol XPOVOL EKTEAEOTG £ival
OPKETE IKOVOTOMNTIKOL GE OYE0MN e TO OMOTEAEGHOTA Ta Omoto eEQyovTat. XtV mepinTmon
tov Learning Automata Classifier to otddio mov amottodvtol yo TV Agltovpyio TOL
Classifier givol kowd pe avtd tov Machine Learning Classifier. H taybtnta extéleong g
peBOO0L glvarl APKETA TKAVOTOINTIKT Yo TO EEAYOUEVO AMOTEAECLLATA.

A&L0L0Y1|61] OTOTEAEGUATOV

H peBodoroyia pe v ypnom tov Aeikdv dev mapéyel KAmolo 6Tad10 aEoAdYNoNG
TV amotelecpdtov, Tto amotedéopoto  Pacilovior kaboapd oty Pobpordoynon tov
TPoTace®V. Oa TPEmeL var Yivel ELeYYOC TOV ATOTEAECUAT®V €iTe LE YEWPOKivnTa HECO 1| LE
Kémolo ovtopatomompuévn pébodo. v pébodo twv Classifiers and tnv GAAN, petd v
exmaidgvon tov pHoviéAov akoAovBel to otdolo ™G aElorldynons. Méoa amnd to oTdo0,
eEdyovtal amoteléopoto Tov apopovv Tov Babud aglomotiog Tov ekdotote povtélov. Ommg
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aVOQEPOVLLE Kol 6TO KEPAANLO 4, TPOKVTTOLV HETPIKES OmG M akpifeta Ko 1 avakinon. [a
v pébodo tov Learning Automata Classifier, 0o pmopovoav va ypnoionomBodv
avtopotonompévor péBodot eréyyov tv AeCikmv, aArd kot peéBodor a&oAdynong tmv
Classifiers 6nmg otV nepintwon tov Machine Learning Classifiers.

Amnoteréopata MeBoowv

[Na g avdykeg g mapovcag epyaciog onpovpyndnkav dvo Data Sets. To npmTto
amoteieitan and 100 ta&vounuéveg eyypoeés YOpw omd TOV TOUEN TOV TOVPIGHOV (GYOALL
XPNOTAOV Yoo Egvodoyelakés povaoeg). Xpnowomoteitan ¢ Training ko Test Set yw v
nepintmon tov Learning Automata Classifiers (60% Training kou 40% Test) kot wg Training
Set yia v mepintwon tov Learning Automata Classifier. To dgbtepo ypnopomomonke g
Data Set mpog tagvounon and oiec Tic nebddovg kot amotedeitan amd 50 eyypapéc YOpw amd

TOV TOUEN TOV TOVPIGLOV.

Ytov TopokaTe mivaka (tivakog 6.1) Tapovoidletor to Training Set mov avagépeTon
TPOTYOLUEVMG KOl ¥pNGLoToteital yio v ekmaidevon twv Machine Learning Classifiers kot

tov Learning Automata Classifier.

Evening food ok but not brilliant. 4 pos
The staff are very polite and friendly and the hotel is very clean in it's self. 6 pos
Staff were superb. 8 pos
Car park opposite hotel entrance is really close. 5 pos
Absolutely perfect. 10 pos
The location is excellent, just a couple of minutes walk from the railway station. 5 pos
The reception staff deserve special mention. 8 pos
It was an excellent choice. 9 pos
Friendly staff and very comfy beds. 5 pos
| dislike cold milk with my cereal so when i asked expecting to see a frown like other hotels i was

pleasantly surprised when it was done with a smile. 4 pos
Great hotel, great room and bed and wonderful happy staff. 7 pos
Room was lovely and tidy. 5 pos
Food and drink was reasonably priced and very nice quality. 4 pos
Hotel was friendly and bright and excellent breakfast. 6 pos
Marked as only a three star probably due to its facilities this is a very good modern hotel that

feels like a four star. 7 pos
Excellent staff, newly decorated rooms and spacious. 6 pos
Good breakfast choice and quality. 4 pos
Food was fine, basic meal. 3 pos
The overall stay at this particular hotel was great we only stayed one night but it was enough to

see how well this hotel is doing. 6 pos
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The staff are very polite and friendly and the hotel is very clean in it's self. 6 pos
Car park opposite hotel entrance is really close. 3 pos
It was clean and quiet and still very close to city centre for great night out and shopping. 6 pos
The location is excellent, just a couple of minutes walk from the railway station. 4 pos
Just fab to be able to watch planes take off and land whilst eating breakfast. 6 pos
The hotel is about a 10 min walk away and requires you to cross one moderately busy road. 1 pos
Room had no toiletries aside from liquid soap. 2 pos
There was a desk where | could work and the room was warm enough. 3 pos
| Could hear some noises from outside, probably airport or trains. -4 neg
Breakfast a bit over priced. 1 pos
Basic but does the job. 2 pos
| would stay here again as it's cheap and cheerful. 5 pos
And parking is £8 for 24 hours. 3 pos
Stayed here before and can only say it is outstanding for an airport stop over. 4 pos
The staff are really polite and courteous and extremely helpful. 5 pos
Ate in the restaurant in the evening and again food and service brilliant. 5 pos
They dont offer too much choice in the red wine. -2 neg
Clean, comfortable accommodation; basic but very adequate. 3 pos
Great desk space, comfy bed, and good lighting. 5 pos
The only thing that can leave an impression regarding these hotels is the staff. -3 neg
My only gripe is the lack of air conditioning in the rooms and people smoking right outside the

front door. 2 pos
Would return here if ever using city airport again. 6 pos
Very clean and comfortable room, and quiet enough even though you are right next to the

airport. 7 pos
Very easy to reach the city centre by train. 4 pos
Well stocked breakfast and an acceptable evening meal. 4 pos
It was well priced for a Saturday night. 6 pos
The room itself was everything you'd expect! 6 pos
Only negatives were that the phone reception was awful | had no data access for my whole stay. -3 neg
Food at hotel was ok and served quickly but of only average quality but you get what you pay

for. 2 pos
No towels in room, the bare basics facilities cold and empty feel. -1 neg
Bar and food downstairs more like a 1980's bar with unchanged food choice. -1 neg
Good location but the hotel needs a total refurb. pos
The staff were really nice friendly and helpful. 4 pos
Parking is £8 per night which is almost reasonable. -1 neg
This chain charge for wifi after 30 mins which is rare nowadays. -2 neg
Lack of staff is a problem here one person to serve all the rooms. -3 neg
The staff were all very friendly however there didn't seem enough of them. -2 neg
They were very friendly, many young but all seemed capable. 4 pos
There was no AC in the room. -4 neg
Poor hotel. But the restaurant is worth the visit. 2 pos
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Good value, good food and cheap prices. 6 pos
Staff on reception rude, bad manners. -5 neg
| found the hotel to be slightly shabby and although our room was clean, other areas of the hotel

needed the cleaners attention. -3 neg
The Hotel is as you would expect a 3* Hotel by the airport runway. -1 neg
The restaurant seems to small for the size of the hotel. -4 neg
Was disappointed that parking cost £8 for 24hrs. -3 neg
Room was freezing as soon as we entered. -6 neg
Misrepresented airport location so in breach of advertising standards. -4 neg
Breakfast is better at a supermarket, coffee was undrinkable. -7 neg
When we arrived it was a very hot and there was free iced water at reception. 4 pos
One staff member on check in, having to cover the bar too. Terrible breakfast, not enough staff

anywhere, nobody cared, not relaxing bar and restaurant atmosphere. -8 neg
There was a strange damp smell near lifts, smashed safety glass in door to the level we were

staying on. -7 neg
Room was basic but clean,pillow cases an off white colour, mattress was comfy but bed base

had seen better days, shower was poor. -4 neg
This hotel is right near the airport (walking distance). 1 pos
My brief experience was that when checking in there were about 25 men in the lobby, including

one with a mohawk that were either truck drivers or recently release prison inmates. -3 neg
Spacious room but bath is not standard size so unable to have a nice soak in there. -7 neg
Had to wait till 11pm for towels in room after asking 3 times. Breakfast on final morning was a

nightmare. -8 neg
May be cheap but you have the noise of the airport plus the room suffered with noisy dripping or

running water from the down pipes. -5 neg
Would not book next time rather pay the extra! Would not recommend if your stay is longer than

few days with children. -8 neg
For such a basic hotel | was surprised to be paying £109.00 for the night, even more so because

of the lack of any managerial input. -10 neg
So, it's an airport hotel so of course there's going to be some noise. -3 neg
Check in was smooth with polite staff. The room was as you would expect for this hotel chain. 3 pos
Had to go to bed hungry. After waiting for an hour in empty restaurant with our overpriced small

drinks for a bowl of chips. Recieved the food for our room on a tiny tray so the food almost fell

off several times on the way back to our room. -8 neg
The only reason for staying here is to move on to somewhere else. -5 neg
We noticed the bucket and dripping water as we walked into reception at 2.45pm but didn't think

anything of it... things happen! -1 neg
Very friendly receptionist checked us in. Room was very clean, clearly recently refurbished...

bed was comfortable (man-made duvet though). 3 pos
| arrived to check in around midnight before an early morning flight to be told the only room they

had left available did not have any curtains!! -2 neg
Stayed here due to an early flight in the morning. My advice - don't stay here unless you

absolutely unable to go anywhere else. -9 neg
There was no soap or shower gel in the room, found out when | first got there that there was a

£8.00 parking charge which | was annoyed about as this wasn't mentioned on the website. -6 neg
Very poor quality pizza, basic frozen stuff but at high prices. Made to wait 40 minutes for it too!

Won't bother next time. Room was ok. -4 neg
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I know you pay for what you get, BUT! We had 2 rooms a double and a family room. Neither

room smelt fresh, in fact it smelt like an old peoples home! -6 neg
Very very basic room, limited tea coffee and milk supplies. -5 neg
The actual rooms at this hotel were okay. We had four rooms between our family and all were

acceptable. It was the food and service downstairs that was awful. -3 neg
On first entering the building, there was no one at the desk, no one at the bar and no one in the

cafe. | waited 20 minutes before being seen. -8 neg
Rooms were not serviced throughout the 3 nights and towels not replaced. Breakfast was

excellent and could not be faulted. -4 neg
Good location & room was clean & bed was comfortable. However very basic. No hairdryer in

room and no telephone to call reception. -2 neg
Ok, so the cost is a bargain, however there are some standards that should not be cut. The

rooms are basic, that's fine, it was only a place to sleep, and the beds are wonderfully

comfortable. -1 neg
Car park is spacious. You have to pay £7.50 for 24 hours parking which seems very steep. -2 neg
The bed was also super comfy. There is no air con and the hotel is right on the runway, so it

was very noisy! -3 neg
Room had hairs in bed linen. Most of menu was unavailable for ordering and when ordered a

pizza it tasted as though it had been cooked on a dirty pan! Location to Airport is the only pro!! -7 neg
Although the rooms here were just about adequate for an overnight stay before a flight from

airport, | just would not bother again. -6 neg

IMivaxag 6.1, Tovprotikd Training Set yio v e€aymyn omoTELEGUATOV

2V TpdTN 6THAN PAETOVLE TIC TPOTAGELS Ol 0Toieg amoteAovy to Training Set. Ztnv
devtepn otAn Ppioketon n Padpordynon - Pabuovounon tov npotdoewv oty KApoaka |-
10,10] yio v ekmaidevon tov Learning Automata Classifier. Ocov apopd v fadpovéunon
TV Tpotdcewv yw tov Learning Automata Classifier, BoBupoloyieg pkpotepeg tov 0,
avTioToryilovV TIg TPOTAGELS OTNV APVNTIKY KAGOT (neg), evd Pabuoroyieg peyoarvtepeg amd
10 0, avtietoyilovv Tig mpotdoels oty de0TEPN KAAGN (pos). Znv tpitn oThAn Ppicketar N
Babuovounon tev TpoTace®mv TG 000 VITOYNELEG KAAGELS (POS KOl NEZ) Y10 TNV EKTOLOELON
tov Machine Learning Classifiers.

[Mopakdro, mapovsialovtar To amoTeEAEGHLOTA TO. 0ol apopoVv To devTepo Data Set
mov dnuovpyndnke yw PBabpordoynon - tafwounon omd to Asgukd kol toug Classifiers.
(mivaxog 6.2)

Amoteléopata AECIKOV
H pebodoroyia tov Ae&ikdv Pabuoroyel to Data Set 610 chvoro tov Kot oyt avd TpdTao.
Ytov mopakdTo mivako, PAETovue ta aroteAécpata ta omoia e&nydnoav and ta tpio Aegukd

mov ypnowomomoape, Bing Liu Lexicon, Loughran McDonald Lexicon, Harvard 1V-4
Lexicon.
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Bing Liu +40 84 2765 ms
Loughran McDonald +6 432 3755 ms
Harvard 1V-4 +15 171 3285 ms

MMivaxag 6.2, Amotedéopato pebddov pe v ypnon Ae&ikov

Anoteréopata Classifiers

Ytov mopokato mwivako (wivakoag 6.3) mapovotdloviol T omOTEAEGUATO TTOV
e&nybnoav amd tovg Machine Learning Classifiers aAld kot and tov Learning Automata
Classifier. Xtnv mpdt otAn PBpiokovtor ot mpotdoelg tov Data Set, evd otig vdromeg
othieg Pplokoviar ot ta&vopncels mov mpoékvyav and tovg Classifiers. H otAn pe titho
MNB avagépetor oy taSivounon mov mpoékvye amd tov Multinomial Naive Bayes
Classifier. H otqAn pe titho SVM oavagépetor otnv Ta&vouncn mov TPoEKLYE amd TOV
Support Vector Machine Classifier. H otqAn pe titho LR avagépetor oty ta&vouncn mov
npoékvye and tov Logistic Regression Classifier. H otjAn pe titho DT avagépeton oty
ta&wounon mov mpoékvye amd tov Decision Trees Classifier. Télog n othAn pe titho LA
avagépetor oy tagvounon mov mpoékvye ond tov Learning Automata Classifier. Ztov
napakato mivake pe “P” yopaxkmpifoviar ot mpotdoelg or omoieg taSvopnbnkav otnv
TpOTN KAdon, v Oetikn. Me “N” yapaxtnpilovtar ot Tpotdcelg ol omoieg TaStvounnkay
oV devTEPT KAAGT, TNV CPVNTIKY).

We arrived very early, but got to check-in when we arrived. Something we are very

thankful for! The staff are really welcoming and sweet. P P N P P
This may not be the smartest hotel in London but it represents very good value for

money. P P N P N
Had a two night weekend break , first impression of the actual room was ok. It was clean

and an OK size. P P P P N
| stayed in this hotel in May this year and thought it had everything | needed, it was clean

and bed was comfortable. However this time | didn't enjoy it as much. P P P N P

Stayed for four nights in a single room. Decent size room, bath small but clean, bed was
okay. Spent my days out exploring, so | wasn't looking for or expecting much in a hotel

room. P P P N

Hotel is huge and service formal and not personal. Breakfast is awful!!! P P N N P
This hotel is value for money. It is good if you want a central location and dont want to

spend all day in the hotel. Staff were very friendly and welcoming. P N N N

| would never stay at this hotel again! P N N N

Smallest bed ever had in a hotel or motel room. The advertised two single beds were,
according to UK standard bed sizes.

From the stained carpets to the damp ceilings to the lack of space to swing a cat and P P P P
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broken wooden furniture.

When we got there early we were told one of the rooms was ready, but if we wanted to
put our bags in we would have to pay A£10.00 which we had to do or carry our bags with
us until all rooms were ready.

It wasn't bad, it had all you needed , clean rooms, bed quite comfortable , small rooms |
have to say at least ours was.

Room was cold. Heater didn't work. No hairdryer. No toiletries. Wall paper was peeling off
the walls. The paint was peeling off the bathtub. The bathroom was tiny. | wouldn't
recommend staying here.

The accomadation was extremely comfortable and the staff polite and helpful. Breakfast
was excellent and great value for money especially.

| was pleasantly surprised. The greeting at reception was cheerful, friendly but
professional.

Chose this hotel as it was ideally situated for the beginning and end of a pub tour we
were booked on. We chose early check in and this went without a hitch.

Just a one night stay but comfortable and quiet, no issues at all. Fresh air from a window
that opened - quite unusual!

It is worn and tired but it's what you pay for. Rooms are ok and clean but it is noisy - walls
are paper thin.

| swear the people above me where moving their entire room in and out the amount of
banging going on!

Wake up calls not reliable at this hotel.We were lucky we didn't miss our flight.Good
location and breakfast.

Convenient location and very friendly staff. Limited number of TV channels, had to pay for
WiFi and the building needs some urgent TLC.

This hotel can only be described as an absolute dump. Should be knocked down.
Absolutely appallingly bad attitude from staff and management and hotel is riddled with
mice. Not even worth one star.

Good friendly staff. Very helpful when asked directions, always clear and sure. Sink didn't
drain properly and toilet slowly. Bathroom tiny but all you need really.

Room was small but clean, however got very hot at night. For me, the bed was very
comfortable however my partner found it too hard and woke up with a bad back.

Arrived. Dreadful checkin by most unfriendly male. A£150 paid. Room offered was
freezing, shoe box size and not in main hotel. Complained and given another room in
main hotel. Furniture and tv were dated and room not very clean.

clean, quiet, with good little gym and a pool, sauna, jacuzzi ( bit tired and past its prime)
functional, good wifi, i would stay here again, old 60s building and its not exactly in
Barbican, more kinda clerkenwell, old street, walkable to shoreditch and the city, and a 20
minute bus ride to the west end, good for the money.

It's a usual big group London hotel, nice reception area, rooms fairly standard, small, and
a small bath.

Lovely Hotel with excellent staff. Food and service very good. Only reason | did not give 5
stars, was due to the location. Bit far out of the city for shopping and theatres.

| suppose for london the price is reasonable but it was honestly all just a bit naff.
Bathroom was dirty and check in was poor no conversation no have a nice stay, didn't tell
us about the pool or anything.

Visited overnight on business, average hotel, room quite hot and could do with updating.
Work was being carried out in the reception area. Staff friendly enough and breakfast was
fine.

When | booked this hotel | was a little worried after reading some of the negative reviews
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but | have to say | was pleasantly surprised. The reception team were very nice and very
helpful.

Having read all of the reviews on here | thought that this hotel seemed worth the money
and was a safe bet that we would have plenty of facilities and be looked after. After
staying here | would defiantly not return!A

My partner and | stayed at this hotel one night for our anniversary and it was great. The
staff very polite, friendly and kind. The hotel is very clean and the room where we stayed
in was ready in time, clean and provided with towels, shower gel and shampoo.

Lovely hotel, rooms quite small but very nice. Bed very comfy and staff very pleasant and
helpful. Plenty of bars and restaurants around the hotel.

We wanted somewhere cheap to stay after a night out and this place was perfect. It is
very small, but it is clean, comfortable, the shower was good and the location was
perfect.

Excellent locaton, amazing value, very comfortable beds and clean, brand new rooms.
Mostly very friendly staff.

| booked a flexible rate room as it could be cancelled and | am still waiting for my refund 9
days after cancellation. The cancellation email did not specify how long the refund would
take so after a week | emailed them and | did get a quick response from the front desk
team.

Tiny room with no windows the walls are to thin could hear people next door all night this
felt more like a prison cell than a hotel the only good thing was the bed it was comfy.

Just awful. We're here for 4 days, 1 towel for 2 people, nobody changed the towel during
that whole time. 1 little bar of soap supplied and a half empty mini bottle of shampoo.

| stayed in this hotel and the room was poorly maintained ( bedside shelf falling off was,
air con on the blink) The rooms | stayed in were in an unstaffed building with very poorly
closing front door.

The staff was very friendly and helpful. The room was very nice and clean with excellent
design. The room also provided services such as free wifi, air conditioning, tv, hair dryer,
hot water and hidden lighting with automatic color change.

Excellent value for money; very small room but had everything you need in it; tv,
hairdryer, place to hang clothes. Room & bathroom were immaculate, towels provided.
Great location, close to tube, water taxi, loads of bars & restaurants.A

Great location close to the business area, tube station, shopping centres, cinema,
restaurants and bars. The rooms are compact but very well designed. Comfortable bed in
a quiet room.

This hotel it's really good, | visited this place with my brother and girlfriends and so | had
the chance to see two room. Nice and comfortable rooms really clean with everything you
need. The rooms are not massive but for the price you pay | think it's big enough.

I like the hotel and | recommend to stay there if you need the room just to sleep. The
hotel is clean and the staff were friendly. | requested a towel and toiletries. The hotel
gave me a hand soap and | think it is better to add shampoo with it.

| love staying without windows. This is the place to be after a relaxing night out.

When we arrived at the hotel it looked nice. On closer inspection we were disappointed in
the decision to book this hotel. The hotel is tired and needs an update.

150 for a room that probably hadn't been cleaned at all the towels were dirty cobwebs in
every corner dust on the side and stained walls. After seeing this we was completely
turned off of staying at the hotel.

Stayed here for a week for business just because everything else was booked. 1- if you
travel for business these days, you must have internet connection. The hotel just uses a
3rd party and just does not work.
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My husband and | stay in this hotel, what | can say about this hotel was really the worst
hotel, not worth. Very bad attitude of the staff and management. P P P N N

[Tivakag 6.3, Artoteléopata pedddov pe TNV TASIVOUNTOVY UNYOVIKNAG Labnong
Ytov endpevo mivoka (tivakag 6.4) Bpickovrtal ta dedopéva Ta omoia e&nydnoav and o

o1dd10 ¢ a&loAdynong twv classifiers kot apopoldv peTpikég 6mmS N akpifeia, n avaxkinon ko n F-
measurement tov povtélov.

MNB 0.7470 0.6176 0.6066
SVM 0.7142 0.6764 0.6807
LR 0.7536 0.7352 0.7388
DT 0.5570 0.5294 0.5360

IMivaxag 6.4, Anotelécpoto otadiov a&lordynong yia toug classifiers

Learning Automata Ag€iko

To Ae€wd t0 onoio mpoxvmtel amd v pebodoroyia Tov Learning Automata Classifier
nmapovolaletal otov TopakdTe® Tivako (mwivakoag 6.4). Ov Pabporoyleg tov Aéfewv,
TPOKVTTTOLV 0td 1O 6TAd10 TG ekmaidevong tov Classifier. H péyiot Babupoioyio n onoia
umopetl va 800l oe omoradnmote AEEN elvar o +10, ko onuaivel 0Tt 11 CLYKEKPIEVN AEEN
&xel oAy Betikn onuoacia, eved 1 eAdyiotn Pabuporoyio mov umopel va d00el o pia AEEN eivan
10 -10, Tov onpaivel 6Tt N GLYKEKPUEVT AEEN €YEL TOAD OPVNTIKT OMUOGIAL.

breakfast 4  |checked 2 |back 1 |hear 1 |does 2
young 3 |next 1 |this 3 |Food 3 |24hrs 2
For 1 |Breakfast 0 |right 3 |particular 3 |gripe 2
call 2 |shabby 2 |expecting 3 |245pm 2 |three 3
clearly 2 |The 5 |walking 2 |job 2 |quickly 2
offer 2 |its 3 |stuff 1 |bucket 2 |couple 3
it 1 |than 1 |accommodation 2 |water 2 |[reach 3
smell 1 |acceptable 2 |reasonably 3 |There 0 |waiting 1
outside 2 |noisy 1 |Was 2 |ordering 1 |cereal 3
minutes 1 |bright 3 |think 2 i 3 |cooked 1
old 1 |have 0 |self 3 |extra 1 |walked 2
told 2 |leave 2 |overpriced 1 |only 2 |feel 2
Parking 2 |having 1 |Had 0 |station 3 [|near 1
could 2 |[such 1 |beds 3 |Recieved 1 |throughout 1
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pizza 0 |[several 1 |here 1 |still 3 |desk 2
wasn't 1 |we 1 |some 1 |basic -1 |more 0
been 1 |This 2 till 1 |member 1 [|inmates 2
advice 1 |happen 2 |disappointed 2 |[courteous 3 [friendly 5
place 2 |thing 2 |hotels 2 |tidy 3 |asking 1
centre 3 |[seen 0 |No 2 |which 0 |fact 1
over 3 |menu 1 |cover 1 |[smelt 1 |smashed 1
conditioning 2 |however 2 |warm 2 |also 2 |facilities 3
any 0 |land 3 |cheap 3 |meal 3 |bath 1
stayed 3 |ever 3 |[first 0 |easy 3 [nights 1
double 1 |Just 3 |morning -1 [somewhere 1 |unavailable 1
tasted 1 |smile 3 |lighting 3 |[should 2 |noises 1
these 2 |great 5 |doing 3 |Good 3 |seems 1
release 2 |managerial 1 |extremely 3 |standard 1 |didn't 2
book 1 |brilliant 3 |needed 2 |although 2 |So 2
seemed 3 |walk 3 |for -4 |Location 1 |noticed 2
are 4 |out 2 |chips 1 |what 1 |access 2
smooth 2 |awful 1 |cost 1 |lobby 2 |regarding 2
shower 1 |unless 1 |entrance 2 |liquid 2 |cold 2
away 2 |the -10 |waited 1 |airport 1 (relaxing 1
glass 1 |[free 3 |go 0 |problem 2 |door 1
frozen 1 |arrived 2 |poor 1 |actual 2 |man-made 2
brief 2 |not -2 |time 0 |your 1 |overall 3
recommend 1 |peoples 1 |planes 3 |served 2 |almost 1
plus 1 |either 2 |too 0 |atmosphere 1 |truck 2
times 0 |[Saturday 3 |asked 3 |receptionist 2 |helpful 3
be -1 |Friendly 3 |did 2 [runway 1 |dont 2
bad 1 |longer 1 |just 2 |got 1 |needs 2
home 1 |if 2 |railway 3 |happy 3 |Clean 2
comfortable 3 |[pan 1 |empty 1 |much 2 |mins 2
really 4 |when 0 |BUT 1 |feels 3 |where 2
paying 1 |lovely 3 |chain 2 |pleasantly 3  |gel 1
our 0 |[strange 1 |cheerful 3 |few 1 |were 0
including 2 |drink 3 |drivers 2 |hotel 4 |so -2
Only 2 all 1 |serviced 1 |base 1 |opposite 2
nightmare 1 |annoyed 1 |people 2 |enough 3 |Absolutely 3
going 2 |as 1 |limited 1 |expect 3 |and 10
midnight 2 |though 2 |Excellent 3 |can 2 |iced 3
mattress 1 |Spacious 1 |was -1 |prices 2 |being 1
May 1 |average 2 |how 3 |Car 2 |absolutely 1
it's 3 |better 0 |no -1 |pipes 1 |tea 1
polite 4 |distance 2 |Marked 3 |tray 1 |toiletries 2

81




super 2 |anywhere 0 |When 3  |room -2 |replaced 1
them 2 |move 1 |into 2 |done 3 |Ok 2
but 2 |Rooms 1 |there -1 |[nice 2 |everything 3
bed 1 |clean 4 |colour 1 |[seem 2 |con 2
final 1 |road 2 |mohawk 2 |bar 0 |fresh 1
pay 0 |itself 3 |Very 3 |[faulted 1 (refurb 2
recently 2 |[soak 1 |star 3 |off 1 |parking 1
per 2 |space 3 |hot 3 |food 2 |cared 1
size 0 |dislike 3 |lack 1 |by 2 |watch 3
trains 1 |Misrepresented 1 |hairs 1 |like 3 |[choice 3
impression 2 |is 0 |value 3 |t 5 |newly 3
checking 2 |about 0 |[supplies 1 |However 2 |fell 1
wifi 2 |Well 3 |things 2 |an -1 |very 6
visit 2 |charge 1 |[Neither 1 |red 2 |bit 2
supermarket 1 |overnight 1 |reasonable 2 |[reason 1 |you'd 3
But 2 |check 1 |early 0 (cleaners 2 |advertising 1
After 1 |had -1 ok 2 |Bar 2 |[say 3
found 1 |level 1 [|quality 3 |rooms 0 |family 1
evening 3 |on -6 |unchanged 2 |downstairs 1 |days 0
person 2 |Ate 3 |cut 2 |And 2 |Basic 2
even 2 |perfect 3 |modern 3 |Terrible 1 |available 2
that's 2 |would 2 |duvet 2 |there's 2 |capable 3
steep 2 |moderately 2 |min 2 |experience 2 |air 2
outstanding 3 |before 0 |Poor 2 [return 3 |l -3
small 0 |stay 0 |city 4  |hungry 1 |requires 2
rather 1 |whilst 3 |high 1 |standards 1 |else 0
okay 2 |dripping 1 |rude 1 |coffee 0 [stop 3
train 3 |using 3 |hour 1 |hairdryer 2 |see 3
at 0 |wine 2 |They 2 |website 1 |ordered 1
total 2 |wonderfully 2 |You 2 |mentioned 1 |of -4
11pm 1 |hours 2 |whole 2 |around 2 |rare 2
drinks 1 |they 2 |spacious 3 |with -1 |wonderful 3
undrinkable 1 |refurbished 2 |one 1 |data 2  |work 2
smoking 2 |tiny 1 |Could 1 |entering 1 |front 2
manners 1 |again 3 |aside 2 |cleanpillow 1 |(to -5
flight 0 |stocked 3 |reception 2 |cafe 1 |get 1
towels 0 |slightly 2 |staff 6 |[take 3 |know 1
suffered 1 |Great 4 |in -8 |attention 2 |curtains 2
sleep 2 My 1 |Made 1 |close 3 |noise 1
We 1 |special 3 |bare 2 |able 3 [restaurant 0
busy 2 |comfy 2 |Evening 3 |course 2 |that 0
my 2 |fab 3 |service 2 |breach 1 |Lack 2
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bargain 2 |Won't 1 |Room 0 |entered 1 |many 3
Most 1 |freezing 1 |Stayed 1 |eating 3 |[One 1
telephone 2 |bowl 1 |quiet 4 |worth 2 |between 2
children 1 (On 1 |staying 0 |nobody 1 |night 3
priced 4 |Staff 2 |good 5 |shopping 3 |after 1
four 3 |cases 1 |Would 2 |AC 1 |[serve 2
frown 3 |due 2 |dirty 1 |you 1 |Airport 1
park 2 |Although 1 |input 1 |Check 2 |soon 1
don't 1 |prison 2 |building 1 |because 1 |areas 2
Hotel 3 |cross 2 |from 1 |location 2 |soap 1
damp 1 |deserve 3 |well 4 |way 1 |linen 1
basics 2 |lifts 1 |other 2 |adequate 2 |excellent 4
milk 2 |us 2 |left 2 |a -5 |mention 3
probably 2 |safety 1 |surprised 1 |anything 2 Jor 0
decorated 3 |white 1 |nowadays 2 |down 1 |phone 2
fine 2 |men 2 |pro 1 |wait 0 |1980's 2
running 1 |superb 3 |bother 1 |unable 0

IMivaxag 6.5, Ae€kd 10 omoio mpokvITEL 0o TV ekmaidgvomn tov Learning Automata Classifier
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7. Lounepdopata

Y10 TAOIG10 TG CLYKEKPIUEVTG EPYOGTNG Kot DOTEPA O TNV eEUYDYT TOV ATOTELEGUATAOV,
TPOKVTTOVY KATOLN GUUTEPACULATO, GYETIKA TOGO E Ta 1010 TO AMOTEAECLLATA OGO KOl UE TIG
dtadtkaciec ol omoieg akoAovOnOnKay Yo TNV OAOKANP®GN TNG GUYKEKPIUEVNC EPYUTING.

1. Ta amoteléopata ta onoia eENyncav amd v péBodo tov Aegikav (+40, +6, +15 avtictoyn), and
NV oTlyun Tov gival BeTIKd, apécms onpatodotovy 0Tt kot To data set otov uéso 6po Tov amoteAeitol
amo Oetikd popticpéveg AEEels Kat kat’ eTEKTOOT TPOTAGELS. BéPata, Adyov tov 41t dev vrdpyet
K010 1060 €£E101KEVUEVO AeEIKO Y10, TOV TOUEN TOV TOVPICUOD, OEV UTOPOVLE VO TOVLE TMG TO.
TEAMK( GKOP TO 07010 SLOUOPPDONKaY, avTikatonTpilovy e TOG0 peydAn a&lomotio Ta
OTOTEAECLLATOL.

2. H péBodog tmv Ae&ikdv, Adyo g viomoinong g, e€etdlel Odec pali Tig mpoTdcelg Tov test set kot
e€ayel €éva GUVOAIKO amotédeso — Babuoroyia yio to, dedopéva. Me avtdv Tov Tpomo, Aapupdvovus
pio 7o yevikn ektipnon yio to 6£dopéEVa Lag. Xe avTiBeon LE TNV GUYKEKPIUEVT DAOTOINGT|, Ol AAAES
dvo pébodot, divouv Eupaon oe kdBe pio TpdTacn Tov test set pe tétolov Tpomo, oV PIopel va yivet
oLYKPLoN o€ Kabe TpdTOoN EEXMPIOTA.

3. Ot BaBpoi a&lomotiog tov classifiers dmwg mpokdmTovy Ko and tov wivaka 6.4 (MNB — 0.7470,
SVM —0.7142, LR - 0.7536, DT — 0.5570), onuatodotovv to yeyovog 6Tt To training set kot kot’
EMEKTAON KoL TA LOVTEAQ, emdEyovTar Bertioon. Ta mocootd alomiotiog dev ivat ikavd Yo va
SIKOLOAOYHGOLV TNV YPNOT) TV UOVTEAMY TOV EKTOUOELTIKOV GE TPOYILOTIKG SECOUEVA KoL
npoPAuata Sentiment Analysis. Me v katdAinin dnpovpyio kot enelepyocio Tov dedopuévov
ekmaidgvong (repimov 1000 eyypagéc, popacuéves otig 00 dabioiueg kKAaoels), ot classifiers Oa
elvar og Béom va extinoovy pe oAl ueyodvtepn aélomiotia (tovAdyietov 80% ue 85% axpifeia)
1060 KGmo10 doKuacTiko training set — test set, 660 Oumg Ko Kamoa TPayUaTIKd dedopEva Ta. Omoia
TpokvITOVY 0o Koo wpoPAnua Sentiment Analysis. e kG0s TpdPAnuo. g id1o pHomng,
OTOTOVVTOL TOL KATAAANAO dESOUEVE EKTTOIOEVLOTG.

4. To poviélo to omoio Tpokvmtel Yoo tov Learning Automata Classifier, Babuoioyei apketd kaAd tig
AéEgrg o1 omoieg amotehoVV TG TpoTaoelg Tov training set. Tagéotata ot AéEglg mov epeavifovran
TEPLocOTEPO Ko eEPOLY OeTikn faduoroyia, Oa wpénel va avtapuelpbody TeplocdTEPO 0 GYECT KoL
UE EKEIVEG O1 OTTOIEC EIVOL TT1O OTTAVIEG ALY KOl 0O EKEIVEG O1 0TTOiEC PEPOLV apvNTiKY Pobdporoyia.
[Mopdra avtd, To dedopéva Ta omoia ¥pNooTOMONKAY Y1 TNV EKTAIGELGN TOL HOVTEAOL, Elval Ta
id1o, Ta. ommoia yproomofnkay kot otny nepintmon twv Machine Learning Classifiers. e npdto
0Tad10, Onpovpyndnke éva Ae&ikd to omoio amoteleiton amd 574 Aqupota.

5. H obykpion tov amoteAecLdtov 1 omoia Tpokvrtel amd tov mivaka, 6.3, onpotodotel Ty 6moT
Aerrovpyio tov classifiers, evd 1 oyetikn opotopopeio, Tovg, 66ov apopd tov Badud g aélomiotiog
(55% - 75%), onuaiver 61t ko ot 5 cvvolka classifiers Bpickovton mepinov otov id10 Pabud
a&lomortiag.
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8. Mehhovtikéc ETekTaoels

Ot véeg teyvoroyieg, ot véor péB0OOL Katl TEXVIKEG OVOTYOLV KALVOUPYLOLS OPOLOVG
TG0 Y0 TNV TEYVNTH VONLOCGUVY OAAG KOL TO GLYKEKPIUEVE, Yio TOV TOpéN Tov Sentiment
Analysis. Zuveymg mpoteivovtal véor pébodotl kol cuvovacuol avT®V, Yoo TV emitevén
AKPIPESTEPOV LETPOEDV KO OTOTEAEGLATOV.

210 mAaiclo TG mOpoVCOS EPYACING UEAETGOLE, VLAOTOUCOUE KOU GLYKPIVOUE
vrdpyovoeg peBodovg Yoo TV Kornyoplomoinon - tafvounon keyévov. AkOpa, ®G
EMOTNUOVIKY TpwTOTOPia, mpoteivape pia véa uébodo avdivong kot enesepyaciag KeEVOD,
n omoia Paciletar otov Topéa TV Avtopatmv. Me avutdv ToV TpOTO, EKUETAALELTHKOUE OA
exetva ta BeTiKd oTotyela TOV PO TAPEXEL O GLYKEKPIUEVOG TOUENS KOL TO EPAPLOCOUE GTNV
onuovpyia evég kawvovprov tasvountn (classifier). IMopdio avtd, €mewdn oKOmOS NG
épeuvag etvar ocvuveymg va eEeMoocetot kot vo BEATUOVETOL, TPOTEIVOVTOL KATOLES LEAAOVTIKES
EMEKTAGELS TNG TOPOVOAG EPYACING, TPOG O1APOPES KATEVOVVOELS.

Apywd mpoteivoope v dmuovpyio piag kowvovplag peboddov, omv omoia Ho
oLVOLAGTOVY TG0 N LUEB0OOG TV AeEIKMY, 0G0 Kot N LEBOSOG TV TASIVOUNTAOV UNYOVIKNG
uabnong. Kdavovtog ypnon tov Ae&ikov, Oa mpokdmtel Eva véo training set to omoio otnv
ovvéyeta Oa ypnouonoteital ylo Ty ekmaidevon tov dwbéoipmv classifiers.

Axépo, mpoteivoupe v dnpovpyia avtopatomromuévav nebddov Beltictonoinong,
v TV dwyeipton twv Classifiers kot kvupimg yro o otddo g ekmaidgvons. Ot mapdpeTpot
TOV ypnoporomdnkay oty Topovco epyacio ywo v ekmaidevon tov classifiers frov ot
npotEVOUEVOL  mapdpeTpot mov  opilovrar amd 10 APl 1tov Apache Spark mov
ypnowonomOnke. [opdia avtd, Kabe TPOPANUA ™G TEYVNTNAG VONUOCLVNG, OTMOG KOl TO
Sentiment Analysis, omottel TPoGEKTIKY LEAETN Y10l TOV KOBOPIOUO TMV TOPAUETP®V TOV, LE
OKOTO TNV EMITELEN TOV KAADTEPWV OLVATAV OTOTEAEGUATOV.

Q¢ cuvéyela g mopamdve dadikaciog, oniadn g Peitiotonoinong Tov 6tadiov
eknaidevong tov classifiers kot ©¢ QLOWO emAKOAOLOO KOL TOV OTOTEAEGUATOV,
mpoteivovpe TV mEpAITEP® pHeEALTN kol Peitiotomoinom tov véov Learning Automata
Classifier, pe okond v avénon g alomoTiog TV OTOTEAECUATOV TOV.

Onwg givarl mpoeavég, pe v mapoamndve dadikacio, Oxt povo Ba Pertictomomcoovpe
T amoteAéopato tov Learning Automata Classifier, oAAd Ooa pmopécovue vo
onuovpynooope  afomiota  eEgdikevpéva  Aeikd, emdve o O14POPOVE  TOMELG
EVOLOPEPOVTOC. ZE EMOUEVO GTAIO AOUTOV, TPOTEIVOLHE TNV dNoVPYia VOC eEE1OIKELIEVOL
Ae&ucob Yo ToV TOpEN TOL TOLVPIGHOV, pe TNV xpnon tov Learning Automata Classifier, to
omoio Ba pmopéoetl va ypnoiponombei 1660 yia v e€aymyn EPELVNTIKOV OMOTEAEGUATOV,
0AAG Kot TNV a&loAOYNoN TPAYHOTIKOV GYOAM®V & S100IKTVOKES VINPEGIES KPATNCEWV.
BéBata, mpv v dnpiovpyia tov Aegucod, amorteiton n dnpovpyio KATAAANA®V training set,
Ta omoia Oa ypnoomombodv oto 6TAd0 NG ekmaidevong Tov classifier.
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Téhog, mpoteivovpe v avamtuén piog O1dIKTLOKNG VANPEGING, N OToio KAVOVTOG
YPNOT TOV TapuTdve ototyeiwv, Oa eivar oe B€on va avaldel dStapdpmVv E10MV KeiLevVa, oAAY
Kupimg va yapokpilel kol va kotnyoplomotlel doedouéva, ta omoia Ba TpoEpyovtal amd Tov
TOVPLOTIKO TOWEN KOt B0 ApOopovV OMOYELG EMCKENTMOV TAV® G€ EEVOOOYEINKES LOVADES.
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Kepdiaro 12: Ilivakag akpovopiov
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Ta&wopuntig Paciopévoc ota Avtopata

Data Set

Yvlhoyn Aedouévav
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Test Set
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