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NepiAnyin

OL Kuplopyol MaIKTEG TNC EVNUEPWONC ElvaL TTAEOV TA LECA KOWWVLKAG Siktuwong. H
duvatdtnTa Tou MaPEXETAL 0TOUG XPNoTeg va Staxelpilovtal tn mAnpodopia aAAGleL
NV LEXPL TwPA avtiAnyn Kal avtlpeTwion Tng lénong wg mpoidv, mapeXOUEVO oo
Atlyoug. Apa kat tnv {uyapld 0To OLKOVOULKO TtatxvidL mou adopd tng tnv KupLa tnyn
€006wv Twv MME, 8nAadn tn Stadnuion.

OL peyaAeg eldnosoypadlkeg eTalpleg yla va dtatnproouv tn B€on Toug 0To XWPOo,
otpédovtal mAéov ota eldnosoypadika sites, mapakoAouBwvtag péow Twv analytics
TLG TACELG TWV XPNOTWV OTA KOWWVIKA SiKTUA WOoTE va pooeAKUoouV To evéladEpov
TOUG WG TTEAATEC.

Itn mapovoa epyoaoia eEetalou e Tn Suvaplkn T anoPng tou Stadiktuakol Kowou
otnv Bepatoloyia Twv ed6noewv Twv napadootakwv MME. Itoxevovtag oTiG AEEELC
kKAgldLa e€artiag Tou Bapoucg tng Bspatodoyiag mou PpépeL n KAOBe pLa.

Apxika, e€ayoupe ta dedopéva evog aplBpou(10 mo dnuodllwv) ewdnosoypadikwy
sites. Edapuodloupe alyoplBuo e€aywyng Aé€ewv kAeldlwy amo 1o kabe apbpo. Itn
ouveéxela, eéayoupe ta Sedopéva evog amd ta To SNUOGAN MECO KOWWVLKAG
Siktuwong, to Twitter. YAomowoU e €vav alyoplBpo e€aywyng Aé€ewv KAELSLWV yla
tweets. XpnolgomoloUpe pio pa pnxavr avalntnong mPayUatikol Xpovou Kal
avaluong w¢ Paon &edopévwv. Kal TEAOG, €MIXELPOUUE HOVIEAOTOINON TOU
TPOBARUATOG, EVPECT CUCXETLONG HETAEL TwV SUO HEOWV, Kal amomnelpa poPAedng
NG eMidpaong Twv XpNoTwv yia tn dtapdpdwaon tng Bepatoloyiag Twv SLadLkTuakwy
MME.



EuxapLotieg

Oa nbela va guxaplotow Toug eMPBAEMOVTEG KABNYNTEG HOU Ka. AaoKaAOToUAoU
Kall K. BAoAQKOTIOUAO yla TNV avABECT TOU CUYKEKPLUEVOU BEUATOG KL TS cUpBoU-
A£G TouG. Emiong, Ba nBeAa va euxapLOTHOW TNV OLKOYEVELA KAl TOuG piAoug pou yla
TN otnPLEN Toug, AAAA KOl CUYKEKPLUEVA TOV cupdoltnTh Kal ¢ido pou Mavvn Nwola,
XWpPLg tnv BonBela Tou omoiou n ulomoinon Tng mapouvoag epyaciag dev Ba eixe
emutevyOeL.
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1. Eloaywyn

Ta televtaia xpovia T HECA KOWWVLKAG SIKTUWONG £XOUV ELORAAEL SUVALKA OTO
XWPO TNG evnuépwong. H texvoloyila toug mapéxel tn duvatotnta tng EUKOANG Kal
apeong avapetadoong mAnpodopiag, mAéov and omolodnnote oxedov onueio. OL
XPNOTEC TOUC ETIAEYOUV OL (SloL TToLa YEyOoVOTA TNE ETUKOLPOTNTOG VA AVOUETASWOOUV
KalL VO OXOALAOOUV, TIPAYHA TTOU ATAV adUVaTo va YIVEL Ao TOUG HEXPL TWPA KUPLOUG
TAlKTEG TG evnuépwong(tnAedpaon, padlodwvo, ednuepida kAm), SnAadn Ta
napadoolokd MME. H katdotaon auth €xelL odnynoeL otnv avadelen Tou¢ wg to
KupLOTEPO Kal dnuodhéotepo péao mAnpoddpnaong tng emoxng [1].

Ta npdéodata yeyovota Seixvouv OTL N KOV Xpron €0NCEWV oTa HETA KOWWVLKAG
SIKTUWOoNG anote)el Eéva GALVOUEVO PE AUENUEVN KOLVWVLKI, OLKOVOLKI KOl TTOALTIKH
onuaocia. Auto cupBaivel yloti Ta ATOUA TIOU TA XPNOLLOTOLOUV UMopoUV MAEOV va
CUUUETEXOUV OTNV mapaywyn kat tn &ladoon €l6NOewv 0 HEYAANEG TIAYKOOULEG
ELKOVIKEG KOLVOTNTEG.

Ouwg, ta B€pata mou kataypddovtal A ta apbpa mou avadnuoolelovTal oo ToUg
XPNOTEC TWV HECWV KOWWVLIKAG SIKTUwOoNG, cuvBwg lval ypaupéva r eyeipovral
oo PEYAAEG E16NOEOYPAPLKEG ETALPILEC.

ZUpdwva He To GaLVOUEVO AUTO, 0 APLOUOC TWV XPNOTWV TTOU acXoAeital Le Eva BEpa
au&avel avaloyka tnv afla Tou Bépatog autol, kaBwc odnyel kal AAAOUC XPOTEC
va to dtafdacouv kal va acxoAnBoulv pe auTo.

Tautoxpova, n €€€AEN TwV HPECWV KOWWVIKNG SIKTUWONG WC Kuplapxou HECOU
EVNUEPWONG, EXEL PLEEL TIC TLMEG TNG KUPLOTEPNG TINYAG OLKOVOULKWY €008WV TwV
napadoolokwv MME (tnAedpaon, évtumn epnuepida, padlodwvo), tn Stadnuion:
AOYW TNG OAO Kl TEPLOCOTEPO UELWMEVNE ATIHXNONG TOUC Ao ToV KOOUO, £iTE aUTO
odeiletat oto pndapvo KOOTOG, £(TE 0TNV EVUKOAOTEPN KL TILO AUECH TTPOCRAON TWV

KOWWVLKWYV SIKTUWV.



JUVETIWG, TO KOUUATL TNG Tiitag Twv Stadnuioewv nmou adopd Tto internet OAo kat
pHeyaAwvel adol ol SLopnULOTIKEG €TOLPlEC KAl Ol OTOXOL TOUG(KATAVOAWTEC),
YEPVOUV TIEPLOCOTEPO TIPOG To Sladiktuo.

OL peyaleg etalpieg twv nmapadootakwv MME yla va pmouv oto matyvidt kat va
Slaxelplotolv  auty tnv alayn Tmpo¢ Tto Oladiktuo, €xouv Snuloupynoel
eldbnoeoypadika sites, Statnpwvtag tn SUVALKI TOU OVOUOTOC TOUG.

MapoAa autd T HECA KOWWVLKAG Siktwong cuvexilouv va divouv tn duvatotnta
OTO XPNoTn va emAEyel TG eldnoelg mou Ba Stafdaocel. Autd oe cuvSUACUO LLE TO OTL
To sites mAnpwvovtalL amo TI¢ etalpie¢ pe Paon ta "KAKG', TN Xprion Tou
e€ellooopevou KAaSou twv analytics pe oTtdOX0 TOUG XPNOTEG Kal Ta eviladEpovta
Toug, amod etalpie¢ amodeAtionoinong pe meAAteg TG (Oleg TG ldnoeoypadIKEC
ETALPLEG: YeEVVAEL Kal TIAAL TO SLaxpoviko Kal TOAUCUINTNUEVO EPWTNUA, AV Ol
el6NoeLg SlapopdwvouV TNV KoLV yVWHN N N Kowr yvwun dtapopdwvel TI¢ 6N OELG.
Elvatl 6nAadn ta mapadoolakd péca Pallkng evnUEPWanG mou TAEoV €xouv e€eALyBel
oT0 OLASIKTUOKO KOUMATL, QUTA ToU €TUAEYouv TNV TAnpodopnon mou Ba
SlaKwvrioouv otoug avBpwroug f ivatl emitéAoug oL avBpwrol mou Ba emnpealouv
TG eldnosoypadlkeég etalpieg, oto T Ba ypaPouv WOTe va TPOOCEAKUCOUV TO
evéladEpov MepLocOTEPWY AVOPWTTWV.

ZTnVv mapouoa pyacia ylo vo EpEUVIICOULE KaL VA TIPOOTIOOCOULE VAL OTTAVTI|GOUE
o€ aUTO To Bépa e€etdloupe TNV Suvapkn kKaBe A€ "kAeLSL" pe tn Bepatoloyia ou
auth KouPBaAdel, Kal tnv mopeia tng ota dVo péoa.

Anploupynoape éva cUOTNUA CUAAOYNAG Kal avaluong Twv SeS0UEVWY, LE OTOXO Va
EPEUVINOOUUE TN OUOXETION METOEL Twv SUOo péowv, alAd Kal TNV avalitnon €vog
HOVTEAOU Ttou va propel va mpoPAEPeL To mooooto kABe Bepatoloyiog Twv MME pe

Bdon To MOCOOTO MOV AUTH ANACYXOAEL TOUG XPHOTEG.
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2. AvaAuon-2xebilaon Zuotrpatog ywo apbpa

H e€aywyn Twv apBpwv amod ta ta news sites €ywve pe web crawler tov omnoio mpo-
ypoppotioape pe tn Bonbeta BLBALoBnkwv TG java, ta dedopéva ta anobnkevoape
otnv Baon debouévwy elasticsearch, evw n enefepyooia twv dedopuévwy Eyve pe
epyaAeia machine learning.

Mapakatw g€nyolvtal aVAAUTIKA OL EVVOLEG KOL TOL EPYAAELQ TTOU XPNOLLLOTIOLOOLLE.

Web . 5
Media — Scraping > KEA :
: Querying Specific
R AR AR AR AR R EEEEEREEREEE . i Elastic Search Keyword§for
> Analysis
Social Mining
— . Keyword
Media Twitter "| Extraction
Data

Inverted Index
of Keywords

Ewova 1 - Arnteikévion Svotrjuarog (Mpwto otadio)

2.1. ZuMoyn debopévwy ano Media

2.1.1. WebCrawler

Eilval éva internet bot To omoio cuotnuaTikd MAonyeital 0To MAYKOGULO LOTO yla val
avtAel mMAnpodopia kat va tnv amobnkevel. Emiong xpnotpomnoleitat ya indexing Twv
lotooeAibwv oe Baoelg dedouévwy £€Tol WOTE va yivetal avalAtnon o€ QUTEG TILO

ypnyopa Kot eVKOAa.
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Neplopiopol

Ot crawlers €xouv MEPLOPLOLOUG OO TA Site TTOU EMIOKENMTOVTAL KABWG KATAVOAWVOUV
mopou¢ amd to bandwindth tng oeAidag. XIto apyeio robots.txt mepléxovral

TIANPOPOPIEG OXETIKA HE T SLKOLWHATA TIOU €XOUV OL crawlers oto va avtAouv

TAnpodopleg.

2.1.2. WebScraping

Eival n dwadkaoia e€aywyng mAnpodopoplwv amod otooeAideg and autopaTomnol-
nuévo Aoylopiko(web crawler). Xpnowlonoleital yia data minining mAnpodoplwv

OTIWG 0 KALPOG, TIUEC TTPOIOVTWY, ATIOYELS XPNOTWV KTA.
Ot wotooelibdeg eival ptiayuéveg ouvnbwg oe HTML kal mepléxouv TIOAAQ XproLua

6ebopéva og popdn kewévou. NapodAa auta eival PTLayUEVEC yLa TOUG XPNOTEC Kal

Sev elval eUkoAo va pooTeAaoToUV amnd autopatoug crawlers. [2]

TeXVIKEG

Human copy-and-paste

Mepikég dopeC akopa KoL To KaAUtepo epyaleio web scraping dev upmopetl va
QVTIKATAOTNOEL TO "avBpwrivo xépl" 6cov adopd tn culoyr MAnpodoplwv amnod
LOTOOEAIOEG EVW OE OUYKEKPLUEVEG TIEPUTTWOELG Elval avamodeukto €L6IKA OTav oL

0eASEC xpnoomololve ppayuaTa oTnV AUTOUOTOTON o).

Text pattern matching

Mia amAn mpoogyylon e€aywyng mAnpodoplwv amod LotooeAidec sival To pattern
matching, 6ou xpnotpomnoloUVTaL KAVOVIKEG EKDPACELG TTOU va Talpldl{ouv o€ potifa

KELUEVWV.
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HTTP programming

ITATIKEG KOl AUVAULKEG LOTOOEALSEG Umopouv va avaktnBouv xpnotpomnolwvtag HTTP

requests oTov QMOUOKPUOUEVO Web server pe xprion socket programming.

HTML parsing

MoAAEG LoTooeAIBEC £xOuV pLa LeYAAn oulhoyn amd oeAlSeC oL omoieg Snuloupyou-
vtal Suvaplka amno tn Baon dedopévwy. Ito data mining Eva mpoypappa avayvwpilet
TETOLEG OEALOEC KO €EAYEL TO TIEPLEXOUEVO TO HETADPAlEL O pia OXETIKA Hopdn N

omola ovopaletal wrapper.

2.1.3. Web Scraper

To KoppATL TG UAomoinong Tou web scraper amoteAsital ano ta €R¢ Baoka Lépn

[3]:

e Fetch: Mpookoulon Sedopévwy amo to dadiktuo yla enefepyaoia, OMwC LOTOOE-
Aidec og popdn HTML, pogg RSS o€ popdpn XML.

e Parse: AvaAuon twv otolxeiwv tou kaBe dedopévou amod uia pon RSS.

e Scrap: Evtomiopog kat e€aywyn Tou pEpoug TN mAnpodopiag mou pag evdladépel
pHéoa amod éva cuvolo dedopévwv HTML. Adaipeon Twv Mo KOWWV CNUELWV oTiENng
KOlL LETATPOTIH TOU 0€ KaBapo Keipevo Aé€swv pe povadiko SLaxwpPLOTIKO TO KEVO.

e Search: Avalntnon péoa oto e€aypévo KoppatL mAnpodopiag yla npokaboplopéva
oAAG kal vEa ayvwota keywords.

e Store: AntoBrkeuon otnv Baon S£60UEVWVY TWV OTOLXELWV TTOU EVTOTLOTNKAY, KOOWG
Kal Slddopa akOUn oToLXELA YLl OTATLOTLKOUG KUPLWE AOYOoUG OTIWG NUEPONVIA TTOU

dnuootevBnke n ayyeAia, Tov titAo kot t dtevBuvon (url) Tng.
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2.1.4 Texvoloyia RSS

H RSS eival pia texvoloyia tnv omoia o XpriotnG XPNOLLOTIOLEL yLOl VAl TIAPEL KAl val
Slapaocel mAnpodopieg mou €xouv oTalel o autov avti va emokedBel povog, tov
KATAAANAO LoToTOTO, Yyl va TV avalntroet KoL va tnv mpooneAdoetl. H RSS eival
UMeLBuVN yla TNV autopotomolnuévn AnPn otnv empavela epyaciag e6noswy,
oulntnoswv, podacasts, videocasts kal LouoLkn ¢ ano dtadopoug SIKTUAKOUG TOTIOUG.
Elval pia olkoyévela mpotunwyv avialAayng kat SLavopn g mepLlexoévou mou Baaoilovral
otn yA\wooa XML. Eva kavaitl tpododoaciag RSS (RSS feed) amoteAeitat and pia Alota
oTolXElwV TIou TEpLEXOUV €val TITAO KOBwWG Kol TO OUVOECHUO TPOG TNV QAVTLoTOLXN
lotooeAiba | apyelo. H texvikn RSS emitpémel oe KAMolov OxL Povo va cuvOebel péow
ouvdéopou (link) pe pia totooeAiba, aAAd KAl va YiVEL CUVOPOUNTAC OE AUTH, LE TARPN
evnUépwon Ttou yla KaBe oAlayn tng oeAidag. Aut n katdotaon ovopaletal
“incremental web”(auéntiko Siktuo) iy “live web” (lwvtavo diktuo).

H RSS eival évag eVaAAQKTIKOC TPOTIOG EVNUEPWONG TWV XPNoTtwv. Emitpémnel oto
XPNotn va BAEMEL MOTE AVAVEWONKE TO MEPLEXOUEVO TWV SLKTUAKWVY TOTIWV TIOU TOV
evbladépouv. Mmnopel va Aappavel kateuBeiav oTtov UTIOAOYLOTH) TOU TOUG TITAOUG
TwV TeAevTaiwv eldnoswv Kol Twv apbpwv mou emBUPEl, | AKOMA Kol EIKOVWVY N
Bivteo, apéowg HMOALC autd yivouv SlaBéowua, xwplc va eival amapaitnto va
ETILOKETTETOL KAONUEPLWVA TOUG avtioTolyoug SikTuakoUug Tomoue. lNa va pmopet o
XPNoTNG va KAvel xprion tng RSS texvikng Ba nmpemel va mpopnBeutel éva mpoypappa
avayvwong ednoewv (RSS reader). To mpoypappa autd eival Eva €L61KO AOYLOULKO
oTO omolo PooBETeL TIC oeAideC RSS oL TOV eVSLOPEPOUV KL AUTO LE TN OELPA TOU
eAEYXEL TIC O0eAIOEC QUTECG KOL TOV EVNUEPWVEL SLOPKWG yla otdnmote véo. Adou
ETUAEEEL TPOYpaUa avayvwong, Ba pémnel va anodacioesl Tolo epPLEXOEVO BEAEL
va Aappavel. O xpnotng Ba mpemnel va avalntriosel oto ALadIKTUO KOL OTOUG
oyarnnuUéVoug Tou SLKTUaKoUG Tomoug TG oeAideg RSS mou tov evlladépouv kat va

vpadtel cuvdpountng os auteg [4].
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MNapadetypa xml evog RSS feed

<?xml version="1.0" encoding="UTF-8" ?>

<rss version="2.0">

<channel>

<title>RSS Title</title>

<description>This is an example of an RSS feed</description>
<link>http://www.example.com/main.html</link>
<lastBuildDate>Mon, 06 Sep 2010 00:01:00 +0000 </lastBuildDate>
<pubDate>Sun, 06 Sep 2009 16:20:00 +0000</pubDate>
<ttl>1800</ttl>

<item>

<title>Example entry</title>

<description>Here is some text containing an interesting description.</description>
<link>http://www.example.com/blog/post/1</link>

<guid isPermalink="true">7bd204c6-1655-4c27-aeee-53f933¢c5395f</guid>
<pubDate>Sun, 06 Sep 2009 16:20:00 +0000</pubDate>

</item>

</channel>

</rss>

Ewkova 2 - Mapadetyua XML apyeiou yio RSS feed(wikipedia)
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2.1.5. META TAGS

Ta meta tags eivat otoeia tng HTML kal n Xprion Toug QIMOCKOTEL OTNV PO
KATIOLWV OUYKEKPLUEVWY Katnyoplwv Sedopévwyv (metadata) yla pia LotooeAida.
TomoBetoluvtal otov kwdlka tng otooeAidag, oto head, kat ot mAnpodopieg mou
TIEPLEXOUV TIOPEXOVTAL Ao Tov webmaster. OL Baolkég Katnyopieg SeSopévwy, yLa TG
omole¢ Ba LIAOOU UE MaPAKATW, €lval o TitAog TG LotooeAidag (title), n meplypadn
¢ (meta description), KaBw¢ Kol oL OXeTIKEG AEEeLg KAEWOLA (meta keywords). Ta
6ebopéva auta, pe e€aipeon tov TitAo NG LotooeAidag, dev elval opatd amo Tov
ETUOKEMTN TNG LoTooeAiSaG, KaBwE n AsltoupylkoTnTa Toug adopd Katd KUpLo Adyo
OTLG UNXaVEG avalntnong. OL unxaveg avalitnong XpnoLULomoLloUV Tig TANPodopLeg
TIOU EUTEPLEXOVTAL OTA Meta tags, WG CUMMANPWHATIKEG TNG AVAAUGNG TTOU KAVOUV
OTO TEPLEXOUEVO KAOE LoTOOEAISAC, KATA TNV afloAOyNnoN TG yla TV Kotatagn ota
amoteAéopata avalntnong. Quoikd ta meta tags dev eival amo Hova TouG APKETA yLo
va emtuxete vPnAég BEoelg katatagng, kabwg ot pnxavég avalntnong Aappavouy
unoyn 6ekadeg kputipla [5]. KaBe umooeAida tou site, epdoov £xel SladopeTikd
B€ua, KaAO elval va €xeL Kal Ta SIKA TG meta tags, tn Sikn TnG meplypadn Kot ta Sika
¢ keywords ta omoia BOa eotidlouv otn Alota pe TG AEEelG-KAELOLA TOU

SnNULOUPYNCALE OTO TIPONYOUUEVO KEPAAALO.

Napadetypa kwdika html

<meta name="GENERATOR" content="Netvolution WCM" />
<meta name="PageHandler" content="Netvolution.Site.Engine.PageHandler" />
<meta name="DESCRIPTION" content="01 emiotrpoveg tou Mavemiotnuiov .... "/>

<meta name="KEYWORDS" content="dna,umoAoyiotr,unoloyiotr dna,&va..." />

Ewova 3 - Mapadetyua kwdike html yia meta tags
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2.2. E€aywyn Aé€ewv-Opdaoswv KAelblwv anod Keipeva

(Keyword-Keyphrase Extraction)

H E€aywyn Aé€ewv-Opdoewv KAewdlwv amd kelpeva amotelel éva exwplotd Kal
paydaiwg avantuooopuevo KAASO TNG EPEUVNTLKNAG KOWVOTNTAG Ta TEAEUTAlN XPOVLa,
KaOwG PEYLOTOTOLE(TAL OAOEVA KOL TIEPLOCOTEPO N ONUOCILA TNG YPNYOPOTEPNG KOl
0pBoTEPNC Slayxeiplong Tou TEPACTIOU OyKou dedopévwy kelpévou Online, o omolog
HeYaAwveL ekBeTIKA tapAdAAnAa e Tov MNaykoouLo loto.

Ot uéBodol e€aywyng Aé€ewv-dpacewv KAEWSLWY amo Kelpeva mapouotalouv Heyain
mowkhopopdia Kat ToANEG SLadOPETIKEC TIPOCEYYLOELC ATO ATIAOIKEC UE TN XPriON EVOC
HOVO aAyoplBuou, péxpL kot cuvbuaopoUlg aAyopiBuwyv, Ae€loyiwy, opadomnoinong

KOl LNXAVIKAC Labnong[6].

Mepika amo autd to €pyoAsia HE TN HEYAAUTEPN QTIOTEAECUATIKOTNTA Elval T

egne[7]:

Carrot2: Xpnotuormnotel SUo alyoplBuoug STC kal Lingo yia tnv avalitnon mANpPELS

dpacewv — KAELOLWV LE KATIOLOUG TIEPLOPLOMOUG

KEA: Elval €vag mpotumog aAyoplBuog yia €€6puén Aé€ewv-dpaocewv KAELSLWV.
MNapéxel mpoPAedn tng puadnong amo to Ae€lkd RDF (oe popdry SKOS). To Asfiko
TIEPLEXEL LEpAPXLKN Talvounon. Aivel emiong emloyEg yia Machine Learning péow

Weka.

Maui: Xpnowomnolet oav Bacikod epyaleio to KEA, aAAd Sivel eTUAOYEG yLa TNV EVioXU-

on tou Ae€lhoyiou amo tnv Wikipedia.

wikiFier: MolaZel pe tov adyoplBuo Maui. Xpnolpomnolei emiong wikipedia yla tnv €€a-

ywyn ¢paocswv KAELSLWV .
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Stanford: Xpnotpomoletl LDA yia tnv ekpadnon. Nopéxel emiong emhoy£g yia Machine

Learning.

Ao autd eruAéxTnke n xprion tou OpenSource gpyaAeiov KEA Algorithm ywa tnv

e€aywyn Aéewv KAeLSLWV yla auTn Tt SUTAWUATLKA Epyaoia.

2.2.1. A\yopBuog KEA

O aAyoplBuocg KEA — Keyphrases Extraction Algorithm eivat amAdg kot anoteAeopatt-
KOG KOlL XPNOLUOTIOLEL TOV OAyOpLOO pNXavIKnG Labnong Naive Bayes yla
eknaidevon kat e€0puén ppacewv KAELSLA. XpnoLpomoLeiTal yio autopatn e€6puén
Aé€ewv-Pppacewv KAeLSLWV amo Keipeva. EXeL Tnv Suvatotnta va Unopel va
avayvwpilel urtoPnoleg dpacelg KAELSLA, va UTTOAOYILEL TIHEC XAPOKTNPLOTLKWY yLa
kaBe vroPndLa bpaon KAeLSL koL XpNOLUOTIOLEL €vav aAyOpLlOUO LNXAVLKNAG LaBnong
TipokeLpévou va mpoPAEPeL toleg urtoPrdLeg Aé€elg-dpaoelg kKAeldia ivat ot
OaVIKEC Kal xapaktnpilouv To £yypado mou TI¢ TEPLEXEL. TO OXNHUA LNXOVIKNG
HABnong xtilel éva povieho mpoPAedng xpnolonolwvtag eyypada eknmaibevong pe
YVWOTEG GPpA-0€LG KAELSLA KL OTN CUVEXELA TO LOVTEAO QUTO XPNOLUOTIOLELTAL YLIO VOl
evrtomnioel ppaoelg kKAeldLa o véa eyypada. O alyoplBuog KEA elvat ammAog, Loxupog

He oAU kaAd amoteAéopata Kot eAeUBepa Stabgopoc.

H uAomnoinon tou aAyopiBuou eival dtabéoiun otnv nAektpovikr Wnolakn

BLBAL0BN KN tng Néag ZnAavdiag http://www.nzdl.org. To €pyo Wndrakn BLBAL0OAKN

™¢ Néag ZnAavdiag elval éva epeLVNTLKO TIPOYPALA TOU TIAVETILOTN IOV TOU
Waikato, otdxog tou omoiou eival va avantuxBel n umapyouoa texvoloyia yla Tig
Pnolakég BLBALoONAKeg kal va SlateBel 0To KOO TPOKELMEVOU va XpnoLiomolnBet
oo aAAoug yla tTnv dnuloupyia VEWV cUAAOYWV.

O otoxo¢ Tou aiyoplBuou KEA eival va mapéxel xpriolpa petadedopéva nou dev

umnpxav npw [8].
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2.2.2. 2tab1a ahyoplBuou KEA

O aAyoplBuog KEA €xeL 6Uo otadia:

1. Exnaibevon: To otadlo auto mepthapBavel tnv dnuloupyio evog LOVTEAOU yLo

TOV eVTOTILOUO Aé€ewV-PpaoewV KAELSLA xpnolponolwvtag Eyypada eknaibeuong yla
To omola eival yvwoTEC ol Aé€elg-dpaocelg KAeLSLA.

2. Eé6puén: To otdblo auto meplhappavel tnv e€aywyn paoewv KKAEWSLA>> ano
véa €yypada xpnoLlomoLwvTag To HoviéAo tou otadiou 1.

Kat ota 8Uo otadla o ahyoplBuog KEA emidéyel pia cuAAoyn amnod uroPrdleg Aé€elg
KAELOLA KOl UTTOAOYLZEL TIG TIUEG OUYKEKPLUEVWY XOPAKTNPLOTIKWVY Ttou Ba avaAluBolv

otn cuveéxela[8].

2.2.3. Em\oyn Yriodnduwv dpdoswv

O oAyoplBuog KEA emhéyel tic umoPnodleg ¢paocel oe tpia otadla. Apxlka
"kaBapilel" To Kelpevo moU Tou SilveTal oav €l0080¢, LETA avayvwpllel TIg
uroPnLeG GPACELG KL OTN CUVEXELO KAVEL XPHON EVOC OTEAEXWTN KOl CUUMTUOOEL
Ta meld Kal kepoAaio ypappata.

H Stadikaocia "kabaplopou" tou Kepévou elcodou meplAapBavel tn xprion diAtpou
KOVOVLKOTIOLNONG KOL OVOyVWPLON TWV OPXLKWVY 0plwVv Twv dpdcewv. To KeElUEVO
€lo6dou Slaonatal oe cUpBoAa (tokens) kat urtoBaAAetal os emefepyaoia.

H eneepyaoia nepthapBavet:

1. Avtikatdotaon Twv onueiwv otifewg, mapevbecewv Kol aplBpwy e Ta opLa
dpacewv.

2. Adaipeon twv anoctpodwv.

3. ALGOTIO0N TWV EVWHEVWY HE HECaia TTaUAa AEEewv.

4. Alaypadr Twv UTTOAOUTOUEVWYV XAPAKTNPpWVY KaBw¢ Kal Twv cupBoAwv (tokens)
TIou SEV MEPLEXOUV YPAULOTOL.

To anotéAeopa tng dtadikaciag kaBapLopou Tou KELUEVOU elval €va cUVOAO amod
YPOUUEG KABE Lo aTto TLG OTIOLEC TIEPLEXEL Lot akOAouBia cUUBOAWV KABE €va amod ta

orola TMEPLEXEL TOUAAXLOTOV £Va YPAULLOL.

Meta tnVv oAokArpwon tou otadiou "kabaplopou" Tou Kewévou, o adyoplOuog KEA
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e€etalel OAeC TIC utoakoAouBieg Aé€swv (n-grams) yla éva TpokaBopLopEVO UAKOG TO
ormoio opilel o xpriotng kat anmodacilel MOLEC amd AUTEG ival KATAAANAEC
urntoynoleg ppaoceLs.

Mpokelpévou va anodaaciosl Tnv kKataAAnAdAnta twv vnoPrdlwv ppaccwy,
0aKOAOUBEL TOUG MAPAKATW ATTAOUG KOL CUVAO OTTOTEAECHUATIKOUG KAVOVEG:

1. OLunoPndLleg ppAaceLg €xouv Eva TPOKABOPLOPEVO AVWTATO OPLO UHKOUG TO
omolo petplétal oe mMARBOog Aé€swv.

2. OLunoynoleg ppaocelg dev pmopel va eivat kupla ovopata (AEEeLg mou
eudavilovral mavra pPe apxlko kedpalaio ypauua).

3. OLunoPnoleg dpaocelg dev umopolv va apxilouv f va TEAELWVOUV HE HLa AEEn

TIOU QVAKEL 0TN AlOTO QTayopEUUEVWY AEEEWV.

Ma mopAadelypa av otnv ypoppn Ll0o0dou eiyape ocav (0060 TO KOUUATL ULOG
npotacng «n KEB0S0C TNG e€AVTANTLKAG avaAuonG», oL uTtoPPLEC TTAPAYOUEVEG
dpaoels Ba eivat:

1. «uéBodog»

2. «€EQVTANTIKAGY

3. «avaAuong»

4. «u€Bodo¢ TNG e€aVTANTIKNAG avaAuong»

5

. «€€0VTANTIKAG OlVAAUGCNCY»

OL ppaoelg «n pEBodocg TNG e€avTANTIKAG AVAAUGCNC» KAl «TNG EEAVIANTIKNC
AvaAuonc» dev eival urtoPndleg emeldn ekvouv He To apBpo «n» To omoio avhKeL
otn Alota amayopeupévwy Aé€ewv(stopwords). Emopévwg dev oxLEL o Tpitog amo
TOUC KOVOVEC TTOU avadEPAE TTAPATIAVW.

To tehevtaio otadlo ¢ dStadikaciag emloyng unoPndlwv dpdoswv givat n xpron
oteAexwtn(stemmer) kat n o pmtuén nelwv Ko kKepaiaiwy ypappatwy.O oTeAEXWTAG
TIOU Xpnoldomoleital €ivalt o Lovins o omoio¢ adatpel tnv katdAnén amd kabe
oUuBolo (token) kat cuvexilel TNV Sladkoola OTO ATMOTEAECHO PEXPL VAL NV Elval
Suvatn kamota emumAéov alhayn.

H Stadikaocia Aettoupyiag Tou oteAexwtn Lovins pumopel va meplypadel we €€Nc:
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1. Adaipeoe TV KataAnén amno éva cupBolo (token).
2. Av Suvartal va emimAéov aAAayr) O0To anotéAeopa Tou Brpatog 1 tote

EMAVEKTEAEDE TO Brpa 1; SladopeTIKA EMECTPEYE TO AMOTEAECHAL.

H oteAéxwon Kat n cUPmTuén melwv Kot KEPAAALwY ETUTPETEL TOV OLLOLO XELPLOUO TWV
Sladopetikwv maparlaywy piag dpaong. MNa napadetypa oL ppacelg « OLKOVOULKO
MNaveniot o ABnvwv» Kat « OtkovopLkou Navemniotnuiov ABnvwv» gival idleg. Opwg
XWPLG TNV Xpron otedexwtn Ba avayvwpilovtav ano tov aAyoplduo KEA cav
SlapopeTikEG HpAOELC.

H mpaypatikn popdn twv cupBoAwv (tokens) mpv tnv xprion otehexwtr dlatnpeital
oo tov aAyoplOuo KEA oe pia Sopun dedopévwy. Otav £xel oAokAnpwOel n emiloyn
TWV Ppacewv KAELSLA eTIoTPEDOVTaL oav AMOTEAEGHUA OL PPACELS OTNV APXLKA TOUG

Hopdn Kal OXL LE TNV Hopdr) TTOU TTPOEKUYPE HETA TN Xpron oteAexwTn [8].
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2.3. YAoroinon Scraper

SuAhhoyn links apo RSS

feeds

Parse xml rss feed

Full text extraction

Keyword extraction with

KEA

Indexing orn Peon

bedbopevev elasticsearch

Ewkova 4 - Stabia vAomoiong tou Scraper

Zuhheyoupe T links omo
T 10 dnuodLieoTepu
EVNMEPUTLKEK sites pe

Peon To alexa.com

Efceyoupe mhnpodopiec
OXETLKK PE TNV
NUEpOUNV Lex
peTepopduwonc, Tov TLTAD,
To link

Efooyuyt] TOU KELUEVOU
evog apbpou pe Tn xpnon
Tou hoilerpipe

Efecyunyn) AEEcwv
KAELD LWV omo TO
KeELpevo Twv cpBpuv

Index eovix epBpo oTo
elasticsearch
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2.3.1. ZuMoyn Links amd RSS

O oT16X0C TOU TPOYPAMHATOC ATAV VA EEAYOUE KelPEVA Kal TIG AEEELG KAELSLA TOUG
€TOL WOTE VA T KOTOTAEOUHUE QvAAoyo HPE TN OuXVOTNTA KAl TNV NUEpPOUNVIiA
eudaviong toug(inverted index, postings list).

Apxkd ouykevtpwvoupe ta links and ta rss newsfeed twv site mou Béloupe va
eAéyfoupe Kal Ta anobnkevoupe oe €va apxelo .txt. e KABe ypapun Tou apxeiou

umapyxel éva link pe to xml apyeio tou rss.

2.3.2. Parse xml RSS feed

AlaTpEXOUUE TO apXElo ava ypappn Kat yia kabe link kavoupe parsing to xml apxeio
Tou. OL mAnpodopieg mou maipvoupe gival o TitAo¢ Tou kABe dpBpou, n nuepounvia
uetapoptwong, To link Tou kat éva cuvtopo description.

To parsing auto yivetat xpnolponowwvtog t PiPALoBrnkn ROME tng java n omola
eruotpédel pLa Alota pe otoleia SyndEntry n omoia Stamepvatal péow evog for loop.
Na kabe SyndEntry entry TR tng HeTaBAnT) KOAOUUE TIGC OUVAPTHOELC
entry.getLink(),entry.getPublishedDate() kat entry.getDescription() oL onoieg emiotTpé-
$OoUV TIC AVTIOTOLXEC TLUEG.

Npadoape €va mpoypappa To omoio TPEXEL Pl dopd OTO TEAOG TNG UEPAG KOl
avayvwpilel péow tou Published Date ta kawoupyla dpBpa plag Alotag amod ta
Snuodhéotepa news sites (cUUPwWVA e TO alexa) Kot KAvoupe scraping ta dedopéva

TOUG.
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2.3.3. Full text extraction

21N OUVEXELA ETPETIE VAL EEAYOULE TO KELUEVO A0 T APBpa KOl QUTO EYLVE
xpnotpomnotwwvtag Tt BLBALoOnkn boilerpipe [12] n omola emiotpédel éva String pe to

KELUEVO

String content;

final HTMLDocument htmlDoc = HTMLFetcher.fetch(new URL(url));
final TextDocument doc = new BoilerpipeSAXInput(
htmlDoc.toInputSource()).getTextDocument();

content = CommonExtractors.ARTICLE_EXTRACTOR.getText(doc);

Ewova 5 - Kwdikac evowuatwang tng BtBAtodnknc boilerpipe otnv epapuoyn

2.3.4. Metatpornn KEA kat Ekmaideuon ata EAMANVIKaA yLa tnv e€aywyn

Ae€ewv KAeLOLwv amod ta apOpa mou cuAefape

Aev unnpxe €kboon Tou TOU va OSOUAEUEL HE €AANVIKA KEIPMEVA ETOUEVWC

Tpomonoloape Tov alyoplBuo tou KEA yla tnv epyacia pag.

Metatpornn
MNa va Aettoupynost ¢tid€ape éva apyeio pe eAAnvikd stopwords, kot aMafope tnv

Kkwdwomoinon os UTF-8.

Eknaidevon

Ooov adopad tnv eknaideuon Tou alyopiBuou EMPETE va XPNOLUOTIOL|COUME £va
daviko Seiypa apbpwv ypapupévwy ota eAAnvika pe €tolpa keywords. Eva tétolo
Selypa 6ev unnpxe dtabéopo online, cUVENWC EMPETE VA TO SNULOUPYICOULIE.

MNa tn dnuloupyia Tou xpnolpomnotnoape eldnosoypadikd apbpa mou iyav avaptn-
pHéva meta tags, Ta omola ATV MOAU QVTUTPOCWTIEUTIKA, KOL TOL XPNOLUOTIOLCAUE WG
keywords.

Auto erutevxOnke pe éva script oe yl\wooa Python kat tn BiBAoBnkn Goose.
JuMEEape €va ocuvolo, 1010 apBpwv pe avtiotolya keywords yia to kaBs apbOpo.

Katnyoplomotcape ta apbpa avaloya pe tn BepatoAoyia Toug (MoALTikd, abAnTika,
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KOWWVLKA, 61eBvr, owovouka Kat lifestyle) . ¥tn ouvéxela kavape training tov
oAyoplBuo KEA (KEAmodelBuilder) pe 6Aeg Tig BepatoAoyieg Eexwplotd dnuloupyw-
vtag Sladopetikd settings yia tov KeywordExtractor o omoiog avaloyo He TG

puBuioeic e€ayel ano 1 €wg 5 keywords Eexwplota yla kabe apbpo.

2.3.5. Kataypadn dedopevwv

Ta 6ebopéva mou xpnolpomnondnkay yla épeuva otn mapoloa pyacia, adpopouv
tov NoguBplo tou 2016. NepLéxouv apBpa amnd ta 10 dSnuodléotepa news portals,
arno tnv 1n NoepBpiou tou 2016 otig 00.00 péxpt kat tnv 30N TOU S8LoU pAva oTLg
23.59. O ocuvoALKOC aplBuog Toug eivat 1.233.474 apbpa.
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3. AvaAuon-2xebiaon Zuotrpatog ywa Social
Media Posts(Tweets)

Web N
Media > | Scraping " KEA
Querying Specific
........................................................ . Elastic Search Keyword§ for
. Analysis
Social Mining
o — . Keyword
Media Twitter | Extraction
Data
N s EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEES ". Inverted Index

I of Keywords

Ewkova 6 - Anteikovion Svotnuartoc (Asutepo otadio)

3.1 ZuM\oyn 6edopevwy amo Social Media (Twitter)

Ta Social Media petétpepav plikd TNV povoloyia Twv mapadoolokwv MEowv
MallknG Evnuépwong, oe évav eupltepo SldAoyo. Meiwoav tnv vonth amooctaon
ETUKOWVWVIOC HETAEU TwV avBpwnwv, mpoodépovtag Adpeon oAAnAemidpaon kot
StadpaotikotnTa, kKAvovtag TNV aviaAlayn andPewv BEpa yAwooag Kal OxL YEwypa-
odwkng Bong.

E€€yelpav kal evBappuvayv Tnv Ekppoacn amoPng, oXOALOOUOU KoL OVAUETAS00NC TWV
YEYOVOTWV.

Me auTO TOV TPOTO EVIOXUOCAV TNV QVTLKELLEVIKOTNTO TNG LETAS00NG TWV ELONOEWY,
KOATOOTWVTAG TNV evnUépwon opBdtepn PEow autwyv, adol Ta CUYKEKPLUEVA YEY-
ovota mou Ba petadoBouv apeoa f Ba avapetadobolv eival Aoy Tou cuvoAou
(twv xpnotwv).

MAfov dev amoteAel umepBoAn n €€iowon NG SUVOULKNC EVOG UECOU KOLVWVLKAG
Siktbwong, wg nyn evnuépwong, He éva mapadootakd Méoo Mallkng Evnuépwong

Omwg n tnAeopaon f oL ednuepideg[9].

26



3.1.1. H yuxohoyikn Taon Twv avopwnwv va ekppalovral HEow TwV

Kowwvikwv AlKTUwv

H avaykn t¢ ékbpaong ival XapakTnploTikd Tng avBpwrmivng ¢puong. O avBpwmog
avalntouoe mavra tv e€nynon kot tn Slepelivnon amo otéNToTe tov MePLEPAAAE.
Emopévwg, HEow TNG EMmIKOWVWVIOG, TNG avtaAlayn WOewv, anoPewy Kal EUMELPLWV
TOU eKMANPWVETAL N emBupia tou va ouvdeBel pe aAAoug, mpaypa ou Sivetl agla kat
onuaoia otnv UTapén tou.

Ta p€oa KOWWVIKNG SIKTUWONG TapEXOouV TN SuvatoTNTa AUTH: EVIOXUOVTOG TO KOLWVW-
VIKO KEPAAQLO LE AECO KOL YPYOPO TPOTIO PECW TNG TEXVOAOYLaG Toug. AuTog eival
0 KUPLOG AOYOC TIOU OL TIEPLOCOTEPOL AVOPWTTOL TA XPNOLUOTIOLOUV O TO0O HEYAAO

Babuo petadépovrag kat kataypddovrag kabnuepva tig okePeLg Toug [9].

3.2.2. Znuavtikotepa Méoa Kowvwvikng Alktuwong

OL 8V0 KUPLOTEPOL EKDPACTEC TWV HECWV KOWVWVLKNG SIKTUWONG QUTH TN OTLyUN €lval
to Facebook kal to Twitter, cUpuPwWva HE TOV aplOUO TwV XPNOTWV TOUG KOL TN
dnuodhia Touc.

Kat ot SU0 etatpeieg mpoodEpouv HEow Twv APl Toug TN SuVATOTNTA OTOUC YVWOTEC
T(POYPAUHATIOHOU va eédyouv TAnpodopia, péoa amd autd, TPOCAPUOCHEVN OTO
evlladEpov Toug. ZToXeVOVTOG CUYKEKPLUEVA XOPAKTNPLOTIKA OTWC AEEELC KAELOLA N
XPNOTEG LE KOLWVA yvwplopata.

Amo6 ta SUo autd péoa, av Kal Tto Facebook autr TN OTLYUN €XEL TOUG TTIEPLOCOTEPOUG
XPNOTEC MaYKOoUiwG, ETUAEXTNKE TO Twitter yia tnv e€aywyn mAnpodopiac.

Kupilwg ylati to Facebook 6ivel tn duvatodtnta otoug XpROTEG TOU va KAvouv 6n-
HOOLEVOELC (posts) pLATpApovTOG TO KOLWVO To omoio prmopel va tig et (public, friends,
adjusted KkAm). Auvatdtnta TOU XPNOLUOTOLEL TO HEYOAUTEPO TIOCOOTO TOU.
Ev avtiBéoel oto Twitter av Kal TMOPEXETAL KATL MOPOUOLO OTOUG XPrOTEC TOU (va
KAVOUV TNV POCWTLKA Toug oeAiba "mpootateupévn” dnAadn Un opath o€ XpPROTES

miou &ev Toug akoAouBouv) autd Sev £xeL eupeia amnxnon.
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Evw ocupdwva pe T dnpoactonoinon Twv oTolXelwy Tou, TO TT0C0O0TO OAO KOl HELWVE-
tat (2009 eixe 10% mpootateuuévoug Aoyoplacpolg, evw to 2012 poAg 2.3%) [13].
To anotéAeopa sival onotadnmote dnuoocievon (post) KAVEL Evag XpRoTtng va elvat
npooBdoiun amd omnolovdnmote (public), akoun kat and kamowov mou dev eival
EYYEYPAUEVOC XPOTNG OTO €V AOYO KOWVWVIKO SiKTUO.

H onupavtikn avtn dtadopd tou Twitter pag divel Tn SuvatotnTa va EXOULE €va TILO
OVTUTPOOWTEUTIKO Selypa, ouvenws aodaléotepa Kal opBOTEPA AMOTEAECUATO OF

oxéon pe to Facebook, 6oov adopd tnv avtiAndn tng kowng yvwung [9].

3.1.3. Xapaktnplotikd tou Twitter

To Twitter elvat pia umtnpeaoia microblogging, n omola emiTtpEneL otoug XpRoTeg (users)
TOU va SnNpoactelouV TNV Amoyn Toug, LE AOKWVLKO TpOTo. AnAadn pEoa oE €va UIKpO
mAaiolo 140 xapaktipwy, Ta Aeyopeva tweets.

‘Eva TO00 HIKPO MAQLoL0 TIOAU SUOKOAQ aVTIOTOLXEL O€ OKEWPELG 1 LOEEC, LE amOTEAECUA
0 XPNOTNG VA KAAELTAL VO TTIEPLOPLOEL TNV OUGLO TOU VONHATOG OO AUTO TIoU BEAEL val
TEL HEoO O UETPNUEVEG AéEelc. Q¢ ektouTou Oivel pla Wolaitepn Sduvapikn Kat

KaBoploTik onuacia otn kaBs AEEN Tou XpnoLUOTIOLETALL.

To cuykekpLUEVo SiKTUO evOEikvUTAL YLl OXOALOCHO TNG ETUKALPOTNTAG.

Mia tétola faocn xpnotwv gival ot Babutepeg Suvapkeg SIKTUOU KATW oo To Twitter,
ol omoleg kat To KaBLoToUV TOGO oNUAVTIKO. O SlauAog ETIKOWVWVIAG TTOU ETLTPETEL
OTOUC XPNOTEC va polpalovtal cuvtopa amodBEypata pe ToxuTNTA KoL TAUTOXpova
T0 akoAouBntiko (following) povtéAo tou Twitter To KAVEL val LOLATEL TIEPLOCOTEPO WG
géva ypadpnua evlladEpovto¢ mMapd wG KOWwVIKO Oiktuo. ETOL, €VW KATIOLEG
LotooeAibeg KOWVWVIKAG SIKTUWONG, OTwWG To Facebook kat to LinkedIn, amattouv tnv
apolBaia amodoxn tng ouvdeong HeTafl Twv XpNoTwv (uTovowvtag pia ouvdeon
OTOV TIPAYUATIKO KOGHO), TO OXECLOKO LOVTEAO TOU Twitter eMITPEMEL O €va XpHoTN
va tapakoAouBel TIg TeAeuTaieg evépyeleg omoloudnmote AAAOU XpAOTN, AKOUA Kal
oV autog o aAlog xprnotng dev emilééel va akolouBel tov mpwto (follow back). To

Twitter polalel mo moAU Ue pio edappoyr TOU CUYKEVTPWVEL OAa ta blogs mou
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evlladEpouv KATOLOV, KOL TOV EVNUEPWVEL YLl OTLONTIOTE VEO YPAPTNKE O AUTA.
MNapdAAnAa plotevel kat tn Sikr tou oeAiba blog. Eite mpokettal yla evéladépov oe
€VOL CUYKEKPLUEVO TIOALTLKO 1) KOWVWVIKO BENQ, yLa EVNUEPWON TIAVW OTLG TEAEUTALEG
TEXVOAOYLKEG e€eAIEelg 1) og kAol aBANTIKN) OpAda, ylo KOUTOOUTIOALO 1) emBupia
yla ETUKOLVWVIA HE KATtolov aAAo, To Twitter mpoodEpeL amepLOPLOTEG EVKALPLEG yLa

va Lkavoroln Ol omoladnmote ekpPACTIKY TAON TNG ETUKALPOTNTAC [9].

3.1.4. Ztoeia kaL mAnpodopieg pEoa o€ eva tweet

OL XpNOTECG EVNUEPWVOUV TN KATAOTOON TouG (status update), pe tweets (titiBlopara),
Ta omola epdavilovral oto timeline (xpovoSiaypapua) tou kabe xprotn. Ta tweets
UIopoUV va epAaBAvVOUV pia 1 TIEPLOCOTEPEG OVTIOTNTEC (entities) avAPECSO OTOUG
140 XOopaKTAPEG TEPLEXOUEVOU TOUG Kal va avadEPouv pia i MepLoootepeg BEOELG
(places) mou avtioToloUV o€ TOMOBECIEG OTOV TPAYUATLKO KOOUO.

Ta tweets glval n ouoia tou Twitter kat evw BewpnTikd eivat ot 140 xapaKkTApeg
TIEPLEXOUEVOU TIOU OXETITOVTAL HE TNV EVNUEPWON KATACTACNG TOU XPrOTN, OTNV
TIPAYUATIKOTATA UTIApXOUV TIOAAA Tieplocotepa petadedopéva (metadata) evrog
TOUG.

EKTOC amo To meplexOUEVO KELLEVOU ToU (Blou Tou tweet, Ta tweets cuvodevovtal amno
600 enuTA£0V KOUUATLO HETASESOUEVWY LOLAITEPNC ONUOCLAC: OVTOTNTEC Kol BE0ELC.
OL ovtoTNTEG €VOG tweet ival ouolaoTtikd avadopeg xpnotwy, hashtags, dteuBuvoelg
URL, ko 6edopéva (media) mou pmnopet va oxetilovtal pe éva tweet. Evw, ol B€oelg
elval tonmoBeoieg oTOV MPAYUATIKO KOOUO TIOU Umopel va cuvdéovtal Ue Eva tweet,
eite n mpayuatik 6éon otnv onola eixe ouyypadel, eite pia avadopd oe kamola
B€on mou meplypAdETAL OTO TEPLEXOUEVO TOU.

MNapakatw e¢etaletal éva tweet pe To €£€C MEPLEXOUEVO :
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Don't believe the main stream (fake news) media &
.The White House is running VERY WELL. I inherited a
MESS and am in the process of fixing it.
#fakenews
45.wh.gov/XYQXNw

To tweet autd amoteAeital anod 140 XopaKTAPEG KaL TIEPLEXEL TIG £ENG TPELG
OVTOTNTEG:

- avadopad oto xprnotn @nytimes @washingtonpost

- 10 hashtag #fakenews

- Kat to http URL: 45.wh.gov/XYQXNw

OAa auta eival apketd petadedopéva IOV EUMEPLEXOVTOL O KATL Alyotepo amnd 140
XOPAKTAPEC Kot SElxvouv akpLBWE MOCO LOXUPO UMOPEL va elval éva Hkpo tweet. To
omolo onwc pavnke pmopel va avadépetal o TOANOUG AAAOUC XpHOTEG Tou Twitter,
OUVOEDELG Og LoTOOEAISEC Kal mapamounég oe dtadopa Bépata péow hashtags mou
6pouv w¢ onueila cUYKEVTpWONG Twv tweets mou avadépovtal os auto To Bépa ot
oMo to Twitter, yia eUkoAn avalhitnon.

TéAog, Ta timelines elval xpovoAoylka Taglvounpéveg oUANOYEG amo tweets. Me tnv
adpnpnuévn €vvola, éva timeline elvatl omoladnmote cuAloyn amno tweets mou
eudavilovrtal e xpovoloyLkr oelpad, wotodoo, Vo povo timelines eivat onpavika. To
home timeline, To omolo gpudaviletol POALG Evag XprioTNG OUVOEETOL OTO AoyapLlacpo
TOU KOl TIEPLEXEL OAQ Ta tweets oo Toug XpPRoTEeG Tou akoAouBel, kal to user timeline,
Tou eival pio cuAloyn amnod tweets evog oploEVOU XpNOTH.

Evw ta timelines elvat cuMoyEg amod tweets Pe OXETIKA XaunAn taxutnta, Ta streams
elval delypata Snuoocwwv tweets mou péouv HEow Tou Twitter o€ MPAYUATIKO XpPOVO
KOl UTIOPEL CUYKEVTPWOEL EKATOVTASEG XIALASEC tweets ava Aemtod Katd TN SLApKELa
ekbnAwoewv pe Olaitepa peydho evdladépov, OMwe TPoedPLKEG oulNTAOELS,
€KAOYEC, peyala abAntikd yeyovota K.o.. OAOC auTOog O OyKoG OebSopévwv
napouotalel evoladEépouoeg TEXVOAOYLKEG (engineering) MPOKANOCELG Kal €lval €vag
ONUAVTLKOC AOYyOoC TIou SLAPOpEC TALPIlEC £XOUV cuvepyaoTel pe to Twitter yia va

HeTatpEéPouv auToV ToV OYKOo o€ pia o katavalwtiki popdn[9].
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3.1.5. JSON Format (Snowflake)

To kaBe tweet eival amoBnKeUUEVO KAl YPAUUEVO cUUPwWVA e TN popdr JSON
Object [10].

H JSON n avaAutikotepa JavaScript Object Notation, eivat évag amAdg Tpomog ya
anoBrkeuvon mMAnpodopLwyv e KOAR opyavwaon yla EUKOAOTEPN pocBacn ota
otolxela tov.

To kaBe tweet €xel To 81KO TOU EeXwPLOTO ID. Auto vAomoleitat amno to Snowflake pa
UTINPECLA TIOU XPNOLLOTIOLELTAL YLa VA SNULOUPYHOEL LOVASIKA aVayVWPLOTIKA yLo
Ta avtikeipeva oto Twitter (Tweets, apeca pnvopata, Xprnoteg, SUAOYEG, kataloyol
K.ATL.). AUTA TO avayvVwpLOTLIKA gival povadikol 64-bit unsigned aképatlot, oL omoiot

Baaoilovtal otnv wpa ou dnuloupyouvvral, avti va sivat Stadoxyikol.

To JSON format evog Tweet daivetat oto oxnua.
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Ewova 7 - Tweet Json Format(dev.twitter.com)
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3.2. YAoroinon Script ou va €ayet ta tweets mou

BEloupe

MNa tn dnuioupyia onolacdnimote epapuoyng mou €XeL va KAVeL pe to API tou Twitter,
QITALTELTAL N ATIOKTNON €VOC PWTOKOAAOU €€0uaLo8OTNONG TTOU QVTLOTOLXEL oTNV
epappoyn. To MPWTOKOAAO AUTO QMOKTATAL AMAQ UE TN Snuloupyia Aoyaplocuou

Xpnotn oto Twitter, kot ovopaletal OAuth [9].

3.2.1. OAuth

To OAuth eival éva mpwTtokoAo €€oucLod0OTNCNG TOU ETUTPEMEL TNV QTTOCTOAN
aopaAwv e€oualodotnuévwy aLtnoswy pog to Twitter API. OLxprioteg Sev xpetaletat
va polpalovtal Toug KwOLKoUg Toug He AAAeg edappoyég, aufdvoviag €Tol TV
aopaAela Tou Aoyaplacpou Touc. EmutAéov, untapyxouv moAAEC cupBatéc BLBALOONKeG
He tnv vAomoinon tou OAuth oto Twitter, mou To KaBLOTOUV TPOTUTIO TIPWTOKOAAO

aodpaleiag.
3.2.2. API

H Atermadn Npoypappatiopol Edapuoywy,  API (Application Programming Interface)
elval éva epyaleio to omoio SleukoAUvel tnv alAnAenidpoon pe TpoypAppoTo
NAEKTPOVIKWYV UTIOAOYLOTWVY KOl UTtNPECLiEG web.

MoAAEG untnpeoieg web mapéxouv APIs 0TOUG TIPOYPAUUATIOTEG TIPOKELUEVOU VOl
oAANAeTdpoUV LE TIG UTINPECLEG TOUG KaL va €xouv ipooPaocn oe Sedopéva e Eva
T(POYPOAULLOTLOTLKO TPOTIO.

JUYKEKPLUEVA TO Twitter mapéxel apkeTd StadopeTikd APIs yia SLapopeTIKEG XPOELC.

It nopoloa epyacio pag anacyoAnoav povo ta SUo amno auta.
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3.2.3. REST API

H apxikn mpoogyylon tng e€aywyng Twv tweets Atav n eUpeon OAwV TwV EAANVIKWV
Aoyaplaopwyv tou Twitter. H amoBrikeuon 0Awv twv tweets mou eixav ypayet pexpt
TWPA Kal 0 SLawpPLoHOG Toug avaloya HE TNV nuepounvia, taflvopuwvtag ta o€
SL0POPETIKEC UEPEG TOU €VOG pNva. H v AOyo cUANOYLOTLKN ATAV €PLKTH HLOVO LE TN
Xxprion tou REST API.

To REST (Representational State Transfer) APIs mapéxel yla avayvwon kKot gyypadn
6ebopévwyv tou Twitter mpoodlopilovtag edapUoyéC Kal Xpnoteg tou Twitter
XPNOLUoTolWVTOCG TOo MPWTOKOAAO aodaleiag OAuth. Emutpémel tnv avalntnon Kat
e€aywyn evog UTIAPXOVTOG CUVOAOU SeSopEVwY Tou £xeL SnuoupynBel amo ta tweets
TIou €xouv 1én dnuooteuBeL.

Méoa amnod tn xprion tou Umnopel kaveig va IntnoeL tweets mou talpldlouv o KAmola
OUVKEKpPLUEVA KpLThpla avalntnong, onwc hashtags, ovopata xpnotwv, Tonobeaoieg,
B£0eLC KATL

Me 1o REST API tou Twitter, oL TpOypAUUATIOTEG avalnTouV i Tpafouv Hovo Eva
OUYKEKPLUEVO aplBo amo tweets mou £xouv dn dnpoaoteuBel, o onoiog neplopiletal
amo Ta opla taxvtntag (Rate Limits) tou Twitter. MNa évov PHeEOVWHUEVO XPROTN, O
HEYLOTOG aplOUOG Twy tweets mou pmopel va AdPel eival ta teAevtaia 3.200 tweets,
aveéaptnta ano ta kpLripla avalitnong. EmutAéov, umtdpxeL TEPALTEPW TTIEPLOPLOUOG
OToV 0plOUO TWV AITACEWV TIOU HUMOPOUV VO YIVOUV O €va. OPLOUEVO XPOVLKO
Stdotnua (180 attioelg og Stdotnua 15 Aemtwv).

E€attiog Twv oplwv autwy, n éykalpn epappoyn tTne mapomavw cUAAOYLOTIKAC ATV

TIOAU SUOKOAN.

3.2.4. STREAMING API

Enopévwe anodaciotnke n aAAayr Tou cevapiou, e TN xprion tou Streaming API.
To Streaming API tou Twitter erutpémnel tnv avalntnon dedopévwy, os oxedov
TIPAYUATLKO XpOVOo, amo tweets Ta omola POALG £xouv SNUOCLEVBEL, XpNOoLUOTIOLWVTAG

eite Baowa eite OAuth mpwtokoAa acdaleiag. Me to Streaming API, oL xproTeG
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KOTOXWPOUV CUYKEKPLUEVA KpLtrpla (hashtags, ovopata xpnotwy, tonoBecieg, O€oelg
KATL.) KaL 000 Snpoactevovtal tweets mou Talplalouv e Ta KpLTipLla autd, wbouvtat
anevBelag oto xpriotn pall pe mAnpodopleg yla to cuyypadEa Tou eKAOTOTE tweet.
Elvat meplocotepo wbOnon 6edopévwv amd 1o Twitter, moapd TtPABNyHA Twv
debopévwy

amno Tov TEALKO XpnoTn.

To Streaming APl €XEL TO LELOVEKTN A TIWCE TO TIPAYLATLKO TTOCOO0TO TOU GUVOAOU

Twv tweets, mou AapBavouv oL XproTteg, MOWKIAAEL o peydlo Babuo pe Baocn ta
KpLtipla avalntnong Kot TG TpEXouoes KUKAOGDOPLAKEG CUVONKEC.

Map’ 6Aa autd ta odpéAn TNG LMAPENG piag mpaypaTikol Xpovou pong Sedouévwy
Twitter, kaBlotolv 8laitepa ONUAVTIKA TNV EVOWHATWON Tou Streaming APl oe
Sladopoug Tunmoug epappoywv.

Mia ocuvdeon pe To Streaming APl amattet tn dtatripnon pioag péviung avouytrng HTTP
ouvdeonc. Onwg daivetal otnv Ewkova 5, n Stadkacia Streaming Aappavel ta
tweets, ekteAel avaiuon, GATpapLopa 1 cuvaBpolon — avaAoya WE TIG OTOLTHOELS
Kall aroBnkeVEL To anmotéAeopa o€ pia anodnkn dedopévwy, ar’ émou n Stadikacia
XEPLOHOU HTTP avalntel amoTeAECUATO OE AMAVTNON TWV OLTNUATWY TOU XproTn.
JUVETIWG, aVTL TNG IPONYOUUEVNC TIPOCEYYLONG, KOTOL TNV omola otoxevape anebeiag
o€ OAoug toug EAANveg xproteg tou Twitter, n Kawoupyla TPOCEYYLON OTOXEUE
anevuBelog og Aé€Lc TOU NTAV YPOUUEVEC OTO EAANVIKAL.

AUTO emuteUxOnke pe tn xpron eAAnvikwv Stopwords ('o', '’, 'elval’ kKAT) aAAG Kot
ocuvtopoypadlwy autwy, £tol wote va "tpapnfouue" oxedov omolodnmote Tweet
adopouoe to EAANVLKO Koo tou Twitter.

H xprion tou Streaming API €ywve péow tn¢ BLBALoBrkng Tweepy. Mia amAn o€ xprion
BBALoOnKN TNG Python yla va tnv eUkoAn Staxeipnon tou APl tou Twitter.

3.2.5. Kataypadr Aedouévwy

Ta SeSopéva ou xpnoomnoldnkay yla €épeuva oth mapovoa epyacia, adopolv Tov
NoéuBplo tou 2016. Kat meptéxouv Tweets, amod tv 1n NoeguPBpiov tou 2016 oTIC
00.00 pgxpt kat tnv 30n tou (dlou pAva otig 23.59. O cUVOALKOC aplBUOC Toug eival
1.258.400 tweets.

35



3.3. Keyword Extraction amné Tweet

3.3.1. Awtieg pn amoteAeoaTIKOTNTOG TWV EEEALYEVWY Extractors

To Keyword Extraction and Tweets Stadépel o peyalo Babud amnd autd os News
[11]. Ko epyaleia omwg to KEA Sev eival katdAAnAa, yati Bacilovtal katd éva HEPog
otnv enavaAnyn twv ¢pdocwv KAswbwv. Ta apbpa ocuvnBwe €xouv HéyeBog
HeyoAUTEPO amo pia mapdypado, adol Sev UTIAPXEL TIEPLOPLOMOE OTOV APLOUO TWV
XOPAKTAPWYV TIou Ba xpnotpomnotnBel yia va ypadtolve, Onws cupPaivel ota tweets.
Ta datasets twv tweets, TEPLEXOUV UEPIKO UEPOG TOU TIEPLEXOUEVOU TOU KAOe
tweet(Aoyw twv #hastags, Twv @mentions, kat twv urls), cuxvi xprion Ae\oyikwy
rmapoAAaywv yla amAég Aé€elg (mou amoteAel mpoPAnua yia tn xprion Ae€lkol mou
KAVOUV TOL QVETTUYUEVA gpyaleia eaywyng) Kal mapatnpeite uPnAn amokAlon tou
TpayUaTikoU mARBouc twv keywords mou xpnolponolouvtal o kabe tweet.

Me aAla Aoyla ta microbloggs teivouv va gival TIOAU PLKPOTEPQ ATIO LOTOOEAISEC e
apbpa, €6ka oto Twitter, OMOU TO TEPLEXOUEVO TPEMEL va TMeplopiletal os 140
Xopaktnpec. H yl\wooa ival, eniong, mo casual pe moAAQ pnvUpaTa TIOU TEPLEXOUV
opBoypadikd AdBn, apykd, kot cuviopoypadies (mx "oup", avil ywa "onuepa').
Eniong, ev umapyelL avotnpn tripnon cadnveLag.

Mo ouykekpluéva, e€eAlypuéva Keyword Extraction Tools, onwg to KEA, cuvnBwg
xpnotuonotoUv TF-IDF (ouxvotnta Opou - avtiotpodn ouxvotnta eyypddpwv). H
ouxvotnta 0pou oto dedouévo Eyypado bivel Eva pHETpo omoudaldTNTAG YLl TOV 0pO
uéoa oto €yypado. H ouxvotnta eyypadwv eival €va HETPO YEVIKAG OTIOUSALOTNTOG
ToU Opou (elval o Adyog tou aplBpol OAwV Twv eyypadwv SLalpePEVOG e TOV apLlOuo
gyypadwv mMou MeEPLEXOUV ToV 0po). Katd tn Aswtoupyio toug, k AéEelg pe tnv
udnAdtepn afia TF-IDF emAéyovtal wg Ag€elg-kAeldid. O aplBuog k eival
TIPOCOPUOCHEVOG OvVAAOya HUE TO Kelpevo mpog emefepyaoia. Autd epoapuoletal
OPKETA ATOTEAECUATIKA OE KE(pEVA , OTwC apBpa el6rioewv, Kat NAektpovika BLBAla,
eneldn ol 6pol mou avalntouvrtol we AEEelg KAeWSLA Telvouv va epdavilovtal cuxva
pHéoa og autd. AANA KATL TETolo & cupPaivel og kelpeva pe peyebog 1000 UIKpO 660

QUTO Mo emITpémneL To Twitter. Zta tweets oL MPOTACELG TElVOUV va €lval CUVTOUEG Kall
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YEVLKA OL OpoL ToUG va epdavilovtal povo pia dopd, cupmepAapBovopEVwY apa Kot
TWV OpwWV TIOU OVIUTPOOWTEUOUV TIC A£EelG-KAELOLA TOUG. QC €K TOUTOU TO
XOPOAKTNPLOTIKO TNG OUXVOTNTAG-0poU, eV €ilval TOAU AMOTEAECUATIKO KABWG LE TO
TF-IDF Ba emwdeAnBouv amAd ot A£€eLg tou epdavilovtal omavia, adol auTEC EXouv

TIOAU xapnAn avtiotpodn cuxvotnta gyypdadou(IDF).

3.3.2. Ynapkta EpyaAeia ko Npoogyywon(Brute Force)

‘Exouv emnuteuxBel mpoomndBeleg dnuiouvpyiag EEunvwy epyaleiwv yla tTnv e€aywyn
Aé€ewv KAELSLWV QMOKAELOTIKA yLa To Twitter(onmwg avutn tou Luis Marujo tou Wang
Ling, n to Twitter Keyword Graph). MapoAa auta ta epyadeia autd ite dev eivat
SlaBéowa, auty T otyun, elte dev  €xouv  ulomolnBel yla  eAAnVIKA.
Mpayuatomolnoape anomnelpa dnuovpyiag epapuoyng cupudwva Pe To cuvOUaoUo
Twv oAyopiBuwv mou xpnoluomolovv ta Tapanavw epyoieia(Word Vectores kat
Brown Clusters), aAAd ev amoteAovoe ikt Aoy n UAoOMoinon EKTEAEGLUOU TIOU
va Baotlétav otoug alyopiBuoug toug, kabwg eival tblaitepa e€eLSIKEVHEVN, KO KATL
T€tolo Ba amoteAovos AAAN epyacia. EMOpEVWG, QPKECTAKAUE O Ml omAn
npocoéyylon Aong(Brute Force). Tn dnuioupyia epappoyng mou kabapilel éva Tweet
arnd 1o "Bopufo", &nAadn T Af€elg mou Oev elval Aé€elg KAeWdLA. Auto
TIPAYUATOTIOLNONKE PE TNV CUVEXH €vioxuon twv stopwords pe "axpnoteg" Aé€elg,
Bdoel TwV EMAVEINNUUEVWVY OTTOTEAECUATWY PETA amod KABe TpefLuo.

JUVETIWG, XpnowdomolBnke €vag mivakog HE HEYAAN YKARA ouvnOlopévwy Kal
aouvnhBlotwy Aé€ewv (Omwe 'tv', 'aaa’, 'emitéAoooug’ KATT) Tou TEPLEiXaV akOuUn Kal

Vv enaveyypadr Twv KAaclkwyv stopwords avopBoypada.
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3.3.3. YAomoinon

Tweet

l

Remove Links

v

Cleaning of Symbols

v

Turning all Characters
to Lowercase

v

Remove Diacritics

v

Word Separation

v

Remove Greek
Stopwords

v

Keywords

O1 Tou EXZP "karsfaivouv” oe AEUKn
amepyia. ETeidn 8a éxouv TToAMEg
KPOTATEIC ATTO TO HICHO...

http.//fb.me/8cEFkEkCu

O1 Tou EXZP "karefaivouv” o AEUKR
amepyida. Eaidn Ba £xouv ToAAEg
KPUTACEIS AT TO JICBO

O1 Tov EXIP karefaivouv o AEUKR aTTEPYIQ
Emaidn Ba £youv TTOAES KpUTHOEIS AT TO
HioBo

Ol TOU £0p KATERdUivouv T8 AEUKR atTeEpyia
ee1dn Ba £xouv moMég KpaThoeig atTéd To
HioBo

0l TOU £0p KATERUIVOUV T AEUKN
aTreEpyIa ETTEIBN Ba EXOUV TTOAMEC
KPATNOEIS aTTo To HIgBo

['or, 'Ttou', 'egp’, 'KaTefaivouy’, 'O,
'Asukn', "amepyid’, 'eTeIdn’, '8a’, 'exouy’,
"TTOAAEC, 'KpaTnoelg’, "'atro’, 'to', "Hicho’ ]

[ 'eop’, 'amepyia’, 'KpaTnoeic', "Moo’ ]

Ewkova 8 - Stadia YAomoinong keyword-extractor yia tweets

To kelpevo evoc tweet elo€pyetal wg el0odog otov alyoplBpo. ITn cuVEXELd
adatpolvtal arnod auto ta links mou evééxetal va eumepLléxovtal oto Kelpevo. Meta

OO AUTO, EMAEYETAL N ATIOUAKPUVON OAWV TWV CUUPBOAWV Ao TNV MPOTacH Hag,
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KaBwc uTtapxet auénuévn mBavotnTa autd va ival "KoOANTA" He KATOLEC aTto TIG
Aé€etc. Npaypa ou Ba eixe w¢ oUVEMELA TNV adUvaTtn cUYKPLON TOUG UE TLG
stopwords. To keipevo xwpig ta links kat ta cUpPoAa, akoAouBel TNV petatponn
OAwV TWV Xapaktripwv Tou o Lowercase(), dnAadn 6Aa ta kepaiaia ypappata
yivovtat mela("ukpad"). Ztnv endpevn eneepyaocia, adaltpolvtal OAa TO TOVIKA
cUMBOAQ MAvVwW amod Toug Xapaktnpes. Ta mapandavw Vo otadla otoxeVoOUV OTNV
amAomnoinon TG avamapaoTacn TwWV EAANVIKWY XOPAKTPWV WOTE vVa
eA\aylotomnolnBel 600 yivetal o aplOpog Twv Aé€ewv oTov Tivaka Tov stopwords pe
TIG omtoio Ba cuykplBoUuve. TENOG, oL AEEELC TTOU TIEpLEXOVTAL LECA OTN TIPOTACH
Xwpilovtal o€ EeXwPLOTA OTOLXELQ, TOL OMola ToToBEeTOUVTAL OE TiVaKA, ATO TOV
omolo ouykpivovtal pia mpog pia pe tov mivaka twv stopwords. To amotéAeopa ou

T(POKUTITEL amoTeAel eival ta Keywords tou Tweet.
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Web | :
Media > | Scraping KEA
Querying Specific
: Elastic Search Keywords_ for
Analysis
Social Mining
S — . | Keyword
Media Twitter Extraction
Data
:‘ Inverted Index .:
e SKepwords

Ewkova 9 - Aneikovion Zvatrpatog (Tpito otaébio)

4. Baon Asdopevwv

4.1. ElasticSearch

To ElasticSearch xpnolwponoleital wg epyaAeio yla avalntnon Aéfswv péoca amo
6ebopéva kelévou. To eVPoC TwV SUVATOTATWY TOU E(VAL APKETA LEYAAO KOL LEPLKEG
amo auteG TG duvatotnteg Ba avaAuBolv otn cuveéxela, oAAA KOTA KOpov eival
dTiayuévo, yia va amnotelel tTnv avaykaio urtodopr, mavw otnv onoia dnuloupyou-
VTOL UNXAVEG avalntnong, aAAd KoL ylo Vo TIOPEXEL OTOTLOTIKEC AVAAUOELG TIAVW OE
cwpaTa KEWLEVWVY. Xapaktnplotika kat Sdour tou ElasticSearch. Mo ouykekpuéva, To
ElasticSearch eival évacg ave€aptntog sumnpetntrc Baong dedopévwy (standalone
database server), ypauuévo oe Java, mou déxetal dedopéva Kal Ta amoOnkeveL Ue

TETOLO TPOTO, WOTE va OleukoAUvel avalntnoelg mavw o’ avtd. Eival baitepa
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€UXPNOTO MPOYPUUUATIOTIKA, KOAOWGS To KUPpLlwC MPWTOKOAANO TTOU Xpnotlpomnolet Baaoi-
letal og HTTP/JSON. O i610¢ 0 punxaviopog tou HTTP gival e€ oAokAipou a.oUyxXpovog
amod UOVOC TOU, EMOUEVWE Kaveva vipa TAnpodopiag mou anootéAAeTal Sev XpeLd-

{eTal va MEPLUEVEL ATIOKPLON).

To ElasticSearch mpoodépel peydAeg SuvatotnTEC EMEKTAOLUOTNTACG, adivVovVIag
neplbwpla MokiAwv opadomoLoEWY, TIPAYHA TO OTOL0 avTlKatomTpilel kat To iblo to
ovopd tou. Emiong, n xprion tou umopel va edpappootel oe Siadopa media
avalntnoswy, Onwg mapadelypatog xapn, ota mpoidvta mou Slabétel pla Baon
Sebopévwy N ota apBpa mou SlabEtel éva LotoAoylo. To ElasticSearch Slabétel Tig
duvatdtnteg va Eemepvad ta eUmOdla Tou Snuoupyel ot avalntioelg n GuoLKn

vAwooa[14].

4.1.1. Apache Lucene

O nupnvag tou ElasticSearch otnv ouoia gival éva dAAo Aoylopuiko, dlaitepa yvwoto
Kal pe Loxupeg Suvatotnteg, To Apache Lucene. To ElasticSearch pmopei va peAetnBetl
TeEPLOoOTEPO o BABo¢g, av peletnBei mapdAAnAa pe 1o Lucene kot T SIKEC TOU
umobopéc. Ot alyoplBpuot tou ElasticSearch mou oyetilovtal eite pe taiplaopa
KELUEVOU (text matching) eite pe BeAtioTomolnuéva eUpeTHPLA OpWV TIPOC avalntnon

T(POEPYOVTaL Ao TLG UTTOSOUEG Tou Lucene.

To véo mou kopileL to ElasticSearch otnv én unapyouoa texvoAoyia tou Lucene eivat
TO TO €UXpnoTo Kol OKPLBEC API, n emektacluotnTa, N SLOAELTOUPYLKOTNTA E
YAWOOEC TPOYPAUUATIONOU TEpOV TNG Java, n euxpnotia MPOYypPOUATIOTIKAG
Slaxeiplong tou, n opadomoinon (clustering) kot n avtikatdotacn (replication),
yvwplopata mou nén avadépbnkav ot NoSQL texvoAoyieg Kol KalVOUPYLEC, TILO
€UXPNOTEC EPOPUOYECG, OL OTOLEC ATOTEAOUV EMEKTACEL TWV Java KAACEWV TOU

Lucene.

Baolkd ouotatikd tou ElasticSearch eivat to eupetriplo (index), omou kot
amoBnkevovtal ta Sedopéva. Onwg eixe mpoavadepbel kal otnv meplypadn twv

NoSQL Baocswv Sedopévwy, Ta eupetrpla yia to ElasticSearch £€xouv akptBwg tnv idla
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AELToupylO LE TOUC TIIVOKEG TWV OXECLOKWVY Bacswyv. AAG avtiBeta amd aUTEG, oL
TLUEG TTOU €lval amoBnKeVUEVEG 0’ Eva eUPETHPLO TIpoopilovTal, WOoTE va cUVOPAOUV

oTnV entayuvon plag mbavng avalntnong os dedopuéva Kelpévou[14].

4.1.2. Aoun

H kupilw¢ amoBnkeutik ovtotnta tou ElasticSearch eival to €yypado. Ie avaloyia
TPOC TIG OXECLAKEG PBaoelg, Eva éyypado eival pla ypauun ano dsdopéva o’ évav
miivaka. . Ta éyypada anoteAovvtal ano nedia (Ypappég), aAAd kabe medio pnopet
va eudaviletol mePLOOOTEPEC amo pla PopEC, TOTE 0 AUTAV TNV TMepimTwon
ovopaletat nedio moAamAwy Tipwyv (multivalued). KaBe nedio Slabétel Eva tumo
(kelpevo, voUpEPO, NUEPOUNVIO KOK), OTIWC EMMIONG UMOPEL VO EUTIEPLEXEL EVOL LEPOG
ano kamoto €yypado (subdocument) i kat mivakeg. Ot TUMOL TwWV MESiWV Hmopouv
enmiong va eival ovvBetol. O TUMOC Twv Tediwv €xeL Olaitepn onuacia oto
ElasticSearch, ylati mapéxel otnv ekdotote pnxavn avalntnong mAnpodopieg yla To
OO0 OUXVEG Sladlkaoiec, mapadelypatog xapn cUyKpLonG 1 Talvopnong, TPEMEL va
AaBouv xwpa. Itnv mepintwon tou ElasticSearch BéBala o kaBoplopdg auTwWV TwWV
SL08LKOOLWV ETITUYXAVETAL IE OLUTOUATO TPOTIO. ATIO TNV GAAN, OTLG OXECLAKEC BACELG
Ta éyypada dev amnatteital va €xouv npokaboplopévn dopn. To kaBe éyypado pmopel
va SlaBétel Stadopetikd olvolo Tediwv kat emiong ta media dev eival anapaitnto
va €lval yvwotd mpwv amod tnv avamntuén tng ebappoyng, mopd Hovo av omo mpLv

KaBoploTel KAmolou €i6ou¢ oxUATOG.

E€loou onuavtikod oto ElasticSearch eival kat o Tumog tou eyypadou, 6mou o’ éva
EUPETAPLO UITOPOUV VO amoBnKeUTOUV TOAAEC OVTOTNTEC HE SLOPOPETIKOUC OKOTIOUG.
MNna mapddelypa, o €va LotoAoylo mou Slabetel Tautoxpova dpBpa Kol oxOAla, o
TUTIOG TOoU eyypadou Stadopormolel eUKoAa auTtd Ta U0 SLaPOPETIKA (6N KELUEVIKWY

Se60ouEVWV.

Eival emiong moAU onpavtiko va emionpavOel mwg to kABe Eyypado Umopel va €XeLTn
Sk tou Sladopetik Sopr Kol MW AUTOC 0 SLoXWPLOUOC BonBaAsL onUAVTIKA oTn

Slaxeiplon twv dedopévwy. Opwg Sev MPETEL vaL ayvooUVTal Kal Ol TIEPLOPLOUOL TTOU
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udlotavtal, kabwg ot dtadopetikol TUTIOL EVOC gyypadou Sev pmopolv va BEcouv

SladopeTikou TUTIOUG yLa tnVv iSla ovtotnta[l4].

4.1.3. Ave€dptntog e€unnpeTnNTNG

Emiong, to ElasticSearch £€xet tnv 1810tnTa va A£lTOUpYEL KAl WG QVEEAPTNTOC
efunnpetntig, oA Kol va Aewtoupyel HEOW TOAAQMAWV  OUVEPYOLOUEVWV
€EUTINPETNTWY, WOTE va Unopel va enefepyaletal oykwdn ouvola SeSopévwy Kal va
Sl00étel avoxny oe Tuxwv odpaApata. To oUVOAO QUTWV TWV CUVEPYOIOUEVWV
e€umnpetnTwyv ovopaletal cUMAsyua (cluster) kat o kaBévag amod avtoug Eexwplotd

koupog (node).

4.1.4. Awadkaoia eupetnpiaong(index)

TN OUVEXELN, META TNV Teplypadn NG SOUNAG KAl TwV XAPAKTNPLOTIKWY TOU
ElasticSeach, Ba tav xpriolpo va yivel avadopad yla t Stadikacia mou akoAouBeitat
aro TV oTlyUn mou éva €yypacdo amobnkeleTal eviog tou elasticSearch péxpl tn

OTLyMNA TIOU VOKTATAL LECW KATIOLOU EPWTAMUATOG.

H nmpoobeon Sebopévwv pEoa oe €va EUPETHPLO UMOPEL va yivel eite ameuBeiag,
amMAWG HE TNV amoBnkeuon MEPKWVY eyypadwyv Xwpig mponyoupevo kaboplopod
KATIOLOU  €l8IKOU  €UpeTnplou €ite pmopel o0 XpNotng va emAEEEL  TOV
eupetnplacud(indexing) twv  OSedopévwv  UE  OUYKEKPLUEVO  Tpomo. To
ElasticSearch SlaBétel apkeTEG EMAOYEC yLa TOV TPOTIO, LIE TOV OTIOL0 UIMOPEL va YiveL
eupetnplaon &edopévwy. OL Vo Paowkol pEBodoL mou akoAouBouvtal ylo tov
e€e1l8lkevuévo

kaBoplopd evog eupetnpiou elval n avaluon (analysis) kat n xaptoypddpnon

(mapping), ot omoieg kat Ba avaAuBouv mapakatw([14].
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4.1.5. AvalAuon

210 ElasticSearch, pe tn dnuloupyia evog eupetnpiou Tauvtoxpova kabopiletal kaL o
oplOpog Twv Bpavopdtwy Kal Twv avilypdadwv mou Ba xpnoipomnoinBouv. Onwg
npoavadEpOnke, Eva Bpavoua sival éva Koppatt amno ta dedopéva kal to avtiypado
elval pa emavaAndn twv dtwv dedopévwy Pe t popdn evog avtlypadou acdpaieiog

(backup).

‘Otav Aowndv undpyet €vag KOUPBog, Tote OAa ta Bpavopata Kal 6Aa ta avtiypada
Bpilokovtal péoca o autov Tov KOUPo. Evw otnv mepimtwon mou ol kKopPotl sivatl
TIEPLOOOTEPOL, TOTE Ta SE6OUEVA KATOVEUOVTAL OVAUESA ¢' aUTOUC Toug KOUPBOUG.
Toa 6edopéva oto ElasticSearch avalvuovtal o SUo dpaocels. H mpwtn ¢popa eival étav
éva éyypado anobnkevetal kat n mAnpodopia TG avaAuong Tou kataypadetal Kot
OlUTN OTO EUPETAPLO KaL N SeUTtepn dopd eival otav dlevepyeital KAToOLo epwtnua. To
ElasticSearch avaAuel to epwtnua Tng avalntnong Kal PAXVEL OTIG OmOBNKEUUEVEC
nmAnpodopieg tou eupetnpiou.H Stadikaaoia tng avaluong eupetnpiou (index analysis)
Aewtoupyel wg éva puBUlopevo pntpwo avaAutwy (analyzers), oL omoiol pnopouv
TO0O va avaAuoouv oe Tedia éva €yypado Katd Tnv eil00d0 Tou 600 Kal EVa EpWTNUA

Ue TN popdn cupuPoAroakolouBiag (string).

OL OVOAUTEG YEVIKOTEPOL OMOTEAOUVTOL OO £vav KoL HOVO SLoXwpLloTrh AEKTIKWY
pHovadwv (tokenizer) kat and kavéva PEXPL TEPLOCOTEPA PIATPA AEKTIKWY HLOVASWV.
Q¢ Sloxwplotig AeKTIKWY povadwy opiletal to epyaleio ekeivo mou AapBavel wg
eloodo pa ocupPBoloakorouBia (string) kal emiotpeédel T0 OUVOAO TWV AEKTLKWV
HOVAdwV Tou eumepLlExovial otnv akolouBio avuth. Moapadeiypotog xdpn, o
npokaBoplopévog  avaAutng  (standard analyzer) amoteAeitar  amd  Tov
npokaBoplopévo  Slaxwplotr) AeKTIKwWV povadwv, o omolo¢ edapuolel 1o
TIPOKOOOPLOPEVO DIATPO AEKTIKWV HOVASWY, OTIOU KOVOVLKOTIOLEL OAEC TLG AEKTLKEG
HOVASEC, TO PIATPO UIKPOYPAUUATWY AEEEWV, OTIOU UETATPEMEL OAEC TIG AEKTIKEC
HOVAOEC HE UIKPA ypappata kol to ¢idtpo Twv stop-words Af€ewv, Omou

QIO AKPUVEL OAEG TIG AEEELG TIOU YPAUMATIKA €lval dpBpa, avtwvuuieg, cuvdeopol
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KTA, &nAadn UIKPEG o pEyeBoC AEEELC Ue TIEPLOCOTEPO AELTOUPYLKO XAPAKTIPO KO

Alyotepo onpaclohoyko[14].

4.1.6. Xaptoypadnon

ITn ouvéxela akoAouBel n xaptoypddnon, katd tnv onola kabopiletal To €idog Twv
b6ebopévwyv mou Ba tomoBetnBel oe kABe medio. Av dev umdplel kaBOPLOMOG
xoptoypadnong, tote 1o ElasticSearch Ba mpoonabrioel va pavtépel to €idog to
6ebopévwy kal Ba ta yaptoypadnoel auTOPATA, XwPLG autd va ouvioTd aAdavBaotn
Sadikaocia. Itn xaptroypadnon, mépa amno to idog twv dedopévwy oe kabe medio,
Sivetatl n duvatoétnta va npoodobel Baputnta (boost) o€
oplopéva medla, Wote 0’ aUTA va SIVETAL TPOTEPALOTNTA KATA TN SLAPKELX TWV

avalntnoswv.

4.1.7. Avalntnon

To emoduevo PBApa mou oakoAoubBei, epocov €xouv oAokAnpwBel n mapamdvw
Sladikaoleg kalt €xouv mpootebel kamola OSedopéva OTO EUPETAPLO, Elval N
avalntnon. Mua Baokn avalntnon ektelel éva epwtnua dStapéoou tou ElasticSearch.
To emiotpedOUEVO ATIOTEAECUA TOU EPWTHUATOC UMOPEL KAl auTto va GIATpapLoTEL
elte pe Tov kKaBoplopd cuykekpLEVWY PiATpwy, onwg mapadeiypatog xapn Ae€swy
KAELOLWV 1] EUPOG NUEPOUNVLWV ELTE UE TOV KOBOPLOUO CUYKEKPLUEVWY O ewV (facets),
WOTE VA ETMLOTPEDETAL UOVO EVO CUYKEKPLUEVO KOUUATL TwV Sedopévwy, OTwG yla
napadelyua, va EMLOTPEPOVTAL anoteAéopata HOVO ano Eva

OUYKeKpPLUEVO Tedio, HEXPL Eva OpLoUEVO PEYEDOG Kal os pBivouoa oelpd.
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4.1.8. MNAeovektnpota ElasticSearch

Yuvoyilovtag yla to ElasticSearch, Ba avadepBboUv peplkéc amod TG MEPUTTWOELC,
OTIOU N XProN TOU OTNV KATAOKEUH HnXovwyv avalntnong eivat tblaitepn xpnoLun.
Ta mapakatw mapadelypata eival XapaKTNPLOTIKEG EPUTTWOELS TWV TPOBANUATWY

TIou Umopet va emiAboeL[14].

¢ ExeL tnv kavotnta va emotpédel Ta KAAUTEPA AMOTEAECUOTA PECO ATIO EVAV
HeyaAo aplBuo meplypadwv npoioviwy, Wiaitepa étav avalntouvtal GppaoceL,
onwg “chef’sknife” ylia mapadetypa. Autd kabiotatal Suvatd pe Tnv Xprnon Twy

SLOXWPLOTWV AEKTIKWV LOVASWYV, TIOU TIEPLYPAPNKAV TTOPATIAVW.

* AoB€vTog Tou TTponyoUEVOU Ttapadelyatoc, UTIApPXEL N SuvatotnTa va
avalntnBboUv o€ MOLX CUYKEKPLUEVO UTIOKOTOLOTHLOTO UTIAPXEL TO GUYKEKPLUEVO
TPOLOV KOl OO TIOLEG TTOCOTNTEG KAl MAvVW. X’ autd pnopet va Bonbnoet o

KaBOPLOUOC CUYKEKPLUEVWY OPEWV OTa ETILOTPEDOUEVA ATIOTEAECUATAL.

e YmdpxelL kat n duvatotnta  aUTOCUPTANPwonG (autocompleting) oto kouti

avalAtnong o€ LEPLKWCE YPOUUEVEC AEEELC BaoLlOMEVN OE TPONYOUUEVEG avalNTAOELG.

Y& yeVIKECG ypappEc, To ElasticSearch amoteAel tnv téAela AUon oTo va eMIOTPEDEL
QMOTEAECOTA KATA Tipooéyylon amno dedouéva, kabwg Babuoloyel ta anoteAéopata
Baoel tng mowdtntac. Evw to ElasticSearch pmopel va ¢épel €1 mépag akpLBEC
TOolplaopa O KEWMEVIKEG avalnTAOCEL] KOl OTATLOTIKOUC UTIOAOYLOROUG, OTnV
TMPAYUATIKOTATA O TPOMOG TOU TO  TETUXAIVEL €lvol O EYYEVWG
npooeyylotiky Swadkaoia. Auty tou n WOLOTNTA To EeXwpllel Kal amo TIG

TIEPLOCOTEPEC MOPASOCLAKEC BAoelg Sedopevwy.
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4.2. Elasticsearch yiwa tnv amoBnkevon apBpwv kat tweets

ITnv mapoloa epyacia xpnolponolnoape tn Baon dedouévwy elasticsearch kabwg
Aettoupyel MOAU ypriyopa ota text searches péow evog mAnBoucg queries SuvatotnTtwy
O€ OX€0n Ue AAAEG BAOELG. XpNOLUOTIOLCOLE TO java api TOU yla va KAvou e indexing
Kal quering ota Oebopéva, oA umnpxe OSuokoAla oto va pABoupe va To
Xelpl{opaote Aoyw Tou eAAToUG documentation mou mpoodEpel aANA KOL TLG ALyOOTEC

TAnpodoplieg ou BprKape o€ Kowotnteg Onwg to stackoverflow ktA [15].

Eykataotrioape tn Bdon otov Xwpo epyaciag pag kabwg eniong kat ta plugins: head

kal kibana yia tnv kaAUTeEPN omTikomoinon Twv SeS6o0pévwy.

Itn ouveéxela ouvbéoape To elasticsearch pe to project pag péow tou TransportClient

Client client = TransportClient.builder().build()
.addTransportAddress(new
InetSocketTransportAddress(InetAddress.getByName("localhost"), 9300));

Ewova 10 - Kwbikag ouvdeong tou elasticsearch transport client ue tnv eqpapuoyrn
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Indexing evog apBpou oto elasticsearch

response = client.prepareIndex("index", "type", id)
.setSource(jsonBuilder()
.startObject()
.field("Tile:",entry.getTitle())
.field("Publish Date: ", entry.getPublishedDate())
.field("URL",entry.getLink())
.field("Keywords",keywords)
.field("Content", Boilerpipe.content)
.endObject()
.get();

Ewova 11 - NMapadetyua kwdika indexing evog apBpou ato elasticsearch

Me tn BonBela tng kKAdong SearchResponse UmopoUE VOl KAVOULE queries Ttou
avadEpovTal O€ TLUEG TOV MESLWV TLUWV TOU TivaKa pe Ta apBpa oeAibwv Kal pe
BAoeL auTwV N ouVAPTNON VO ETILOTPEPEL KATOUXWPHOEL TTIOU LKAVOTIOLOUV Ta
KpLTtpLoL Tou query.

Napadetypa kwdika mou pag enotpédel to medio “Content” 6Awv Tov
Kataxwpnoswv Tou index = “index” kat type = “type” pe nuepounvia “Publish Date”
anod

«2016-11-09T11:01:00Z» péxpt «2016-11-11T11:01:00Z» to omoio eival Eva
ouykekpluévo date format mou avayvwpilet kal to elasticsearch.

SearchResponse response = client.prepareSearch ("index")
.setTypes ("type")

.setSearchType (SearchType.DFS QUERY THEN FETCH)
.setFetchSource (new String[] {"Content"}, null)
.setQuery (QueryBuilders.rangeQuery ("Publish Date:
") .from("2016-11-09T11:01:002") .to("2016-11-
11T711:01:002"))
.setFrom(0) .setSize (60) .setExplain (true)

.get();

SearchHit[] results = response.getHits () .getHits();

Ewkoéva 12 - Mapadetyua evog query oto elasticsearch
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Ewkova 13 - Ontikortoinon tou index oto plugin heard tou elasticsearch
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MNapadelypa pLag Kataxwpnong evog apbpou

Ewkova 14 - Mapadstyua kataxwpnaong evog apdpou oto elasticsearch

21N CUVEXELA XPNOLUOTIOLOV UE TNV KAAon TermVectors yla va urtoAoylooupe tnv

inverted index Alota pe ta counts Twv keywords ava pépa.

TermVectorsResponse resp = client.prepareTermVectors().setIndex("in-
dexName™)

.setType("docType").setId("docId").execute().actionGet()
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5. Anuoupyia HovteAov cuoxETLONG Twv dUo

HECWV PE OKOTIO TNV MPORAeYN

Web
Media Scraping

KEA

Social Mirjing
Media Twitter
Data

Keyword

"| Extraction

h A

Ewova 15 - Onttikomoinan Zuotnuatog (Stablo tétapto)

5.1 Trend analysis

Elastic Search

Inverted Index
of Keywords

Querying Specific
Keywords for
Analysis

Ma tnv e€aywyrn CUPMEPACUATWY YLa TO WG Ta trends twv media emnpedlouv autd

Twv social media(twitter) kot avtiotpoda, apxIKd MHpAPE HEPIKA TTapadelypata

Aé€ewv KAELSLWY TTOU OTWG TapatnprRoape eixav uPnAd nocootd epudaviong Kot

ota 8Vo péoa. Kal oXNUATIOOUE OTATIOTIKOUG TIIVOKEG UE OKOTIO TNV ATIELKOVLOH TOUC

o€ ypadnuata, wote va dlarotwOel Stalodntikd av umdpyxeL LETAEU TOUC KATIOLO

KowO pattern.

Ma va cUYKPLVOUUE TIG EPdaVIoELS TWV AEEEWV QUTWV OVA LEPA XPNOLLOTIOLCOUE

TO AOYO, TwV epdavicewy pag AEENC-KAELSL IPOC To UVOALKO dBpolopa

gupavicewv 6Awv Twv keywords ota apBpa pia nuépag. Avtiotolya yla ta tweets,

XPNOLLOTIOLOAUE TO AOYO TwV gudavicewv pLag AEENG-KAELSL, Tpog Twv aplBuo Twy

tweets(auto €ywve e€attiog tou «BopUBou» TOU MPOEKUTITE Ao AEEELG-KAELOLA oTal

anoteAéopata tou brute force aAyoplBuou yla ta tweets) .
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Etol priatape Evav mivaka pe 2 otAeg kot 30 ypappEG OTIOU N PWTN OTHAN
avadepotav ota media katl deUtepn ota social media yla kaBe pia amno tig 30 péPeG

tou NospuPBpiouv 2016.

5.1.1 Avahuon Ag€nc

Napadsiypa n AéEn “Trump”

O mivakag ota aplotepad deixvel Tig epdavioelg Twv keywords ota apBpa twv media
Ko Twv social media

O mivakag ota 6e€la sival peta t Slaipeon mpog to cuvolo twv keywords yia ta

media kal Twv tweets yla to twitter
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KeyWord Counts Counts/keywords-tweets

Media | social Media Social
1 | 640 197 1 0.0025258405 0.00345038
2 701 192 2 0.0027565867 0.00413971
3 | 639 73 3 0.0024189793 0.00321997
4 | 674 56 4 0.0026411175 0.00293685
5 | 480 43 5 0.0027663314 0.00244443
6 | 854 70 6 0.0051106509 0.00396196
7 | 1064 |95 7 0.0041744971 0.00493455
8 | 2952 | 299 8 0.0114322892 0.01555914
9 | 13635 | 2420 9 0.0501725774 0.12329953
10 | 6670 | 1359 10 | 0.0265732817 0.07154514
11 | 4624 | 998 11 | 0.0190940248 0.05347192
12 | 2678 | 681 12 | 0.0163875239 0.03952637
13 | 2281 | 560 13 | 0.0147790592 0.03378786
14 | 3144 | 461 14 | 0.0126788508 0.02563532
15 | 2278 | 289 15 | 0.0090770352 0.01518894
16 | 1921 | 302 16 | 0.0077376996 0.01599830
17 | 1638 | 217 17 | 0.0066403162 0.01138091
18 | 1844 | 272 18 | 0.0076791418 0.01443813
19 | 1434 | 155 19 | 0.0086646002 0.00917702
20 | 1281 | 176 20 | 0.0079799162 0.01080815
21 | 1060 | 169 21 | 0.0041192403 0.00872168
22 | 1548 | 194 22 | 0.0058815260 0.01016185
23 | 1395 | 219 23 | 0.0052694004 0.01098680
24 | 1307 | 183 24 | 0.0048930602 0.00909407
25 | 496 129 25 | 0.0019048789 0.00653528
26 | 590 106 26 | 0.0033035084 0.00593405
27 | 604 106 27 | 0.0034965237 0.00616816
28 | 882 101 28 | 0.0033839000 0.00504924
29 | 815 89 29 | 0.0030287939 0.00432689
30 | 911 88 30 | 0.0033654236 0.00429121
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YTn ouvexela kavape plot tov Sevtepo mivaka

Ewkova 16 - [paikn mopdotaon TG ouxvoTnTac UQavions tng Agénc “Trump” ota Svo uéoa

O x afovag avtUTpooWIEVEL TIG LEPEG
O y atovag aviumpoowrneVEL TO TOCOOTO eUdAVIONG
H ouvaptnon Ue To KOKKLVO XPWLO QVATIOPLOTA TO TTOC0OTO eUdAvIong ava Hépa

ota media, evw To UMAE xpwpa oto Twitter.

Mapatnpoupe Aoumov pla epdavrn cuoxetion Twv Suo cuvapTOEWVY N omola

oS ELIKVUEL TNV ETILPPON TOU EVOC LECOU OTO GAAO.

Avadoplkd To peak TNG CUVAPTNONG CUUTIUTTEL e EKAOYT) TOu Trump w¢ VEOU

npoédpou twv HMA.

Me mapOpoLo TPOTo eAEyEae Kol AAAEC AéEeLs e tapopola dnuodiia(mocootd

eudaviong) ota dvo péoa, alAd kot opadeg Aé€ewv e Kolvr) Bepatoloyia.
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Napadsiypa yia tn Aéén “Toinpag”

Ewova 17 - [paikn mopdotaon TN¢ ouxvotntac ppavions tng Agénc “Toinpac” ota Uo uéoa

O x afovag avTuTPOoWTEVEL TIG LEPEG
Oy afovag avtutpoowrEeVEL TO TOCOOTO EUGAVLONG
H ouvaptnon Ue To KOKKLVO XPWHO OVOTTOPLOTA TO TTOO0O0TO €UdAVIONG OVA PEPQ

ota media, evw To UIAE xpwpa oto Twitter.

Kal ebw mapatnpeital epdavr cuoxETion PeTall Twv VO CUVAPTAOEWV N omoia
oS ELKVUEL TNV ETILPPON TOU EVOG LECOU UE TO AANO. Av Kal o€ autd To Sldypappa
N oUVAPTNON TIOU AVTIKATOTTPIleL To Twitter delyvel o évtovn epdavion g AEENG
OUTAG OTO CUYKEKPLUEVO LEDCO Kal 0L ota media.

To avtiBeto dnAadn pe auto mou cuvéBalve e To ponyoU Hevo ypadnuo TG A&Enc

“Trump”.

AuTO Seiyvel Tn peyoAUtepn Baputnta g AéEnG “Toinpacg” os oxéon pe tn Aé€n

“Trump”.
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Napadsiypa yia tn Aé€n “Mannequin”(€ywve npwta “viral” oto Twitter)

Ewkova 18 - Mpapikn mapaotaon tn¢ oUxVoTNTaG EU@avions tng Aééng “Mannequin” ota Uo uéoa

O x afovag avtUTpooWIEVEL TIG LEPEG
O y atovag aviupoowrneVEL TO TOCOOTO eUdAVIONG
H ouvaptnon Ue To KOKKLVO XPWLLO aVOTTOPLOTA TO TTOC0OTO €UdAvVIoNG ava PEpa

ota media, evw To UIAE xpwpa oto Twitter.

To mapddelypa TNG CUYKEKPLUEVNG AEENC ETUAEXTNKE €aLTiOG TOU YEYOVOTOG OTL QUTH

III

n Aé€n €ywve mpwta “viral” oto Twitter péoa oto Noéupplo tou 2016 Kat otn
ouvexela acxoAnbnkav pe avtr ta napadootakd MME. Autd daivetal kal oTto
TIAPATAVW YPAdNO OTO OTOL0 N cUVAPTNON TIOU amelkovilel To Twitter €xeL TIHEC
oTov dfova y anod Tnv mpwtn HEPA TOU UAVA, EVW N cuvaptnon twv media Eekvael
va EXEL TIHEC oToV Afova Y Kal va «0KoAouBel» tn cuvaptnon tou Twitter peta tnv
6" uéEpa.

Ta media avtihapBavovtal tnv Ektoon Tou ¢alvopévou Kat apxilouv Tnv

dnuooieuon apBpwv mou avadépovtal os autr tn AEEN.
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5.1.2. Avaluon opadwv Ae€ewv

21N GUVEXELA TTOPOUCLATOVTOL TA ATIOTEAECHATA YLo Ta group AEEEwy ToU

egetaotnKav.

Autd adopouoav tic dnuodléotepeg Aé€eLg KAELOLA oo Toug €AG BepaTikoUg
aovec:

Evpwnaikn Evwon

ABANTIKA

MNpooduyko Zntnua

Npooduyikd ZAtnua

Ewkova 19 - [paikn mopdotaon TN¢ oUXVOTNTAS EUPAVIONG OUVOAOU Aééewv ue Jeuatodoyia to “mpoopuyLko
ntnua” ota SUo uéoa

O x afovag avTutpooWTEVEL TIG LEPEG

O y atovag aviutpoowrneVEL TO TOCOOTO eUdAVIONG

H ouvaptnon e To KOKKIVO XPWHA aVOTTOPLOTA TO TTOO0O0TO EUGAVIONC VA LEPA OTA

media, evw To UMAE xpwua oto Twitter.
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Evpwrnaiki Evwon

Ewkova 20 - [paikn mopdotaon TN¢ oUXVOTNTAG EUQPAVLONG OUVOAOU Aééewv ue Jeuatodoyia tnv “ Evpwnaikn
Evwon” ota 500 péoa

O x afovag avtUTpooWIEVEL TIG LEPEG

O y atovag aviumpoowmeVEL TO TOCOOTO EUPAVIONG

H ouvapTtnon He To KOKKLVO XPWHLA OVATIAPLOTA TO TTOC0O0TO EUdAVIONG OVA HEPA OTa

media, evw To UMAE xpwua oto Twitter.
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ABAntKka

Ewova 21 - [paglkn mapaotaon TG CUXVOTNTAG EUPAVIONG ouVvoAou Aééswv ue Beuatoroyio “ AdAnTika” ota
duo uoa

O x afovag avtUTpooWIEVEL TIG LEPEG

O y atovag aviumpoowreVEL TO TOCOOTO eUdAVIONG

H ouvapTtnon He To KOKKLVO XPWHLA OVATIAPLOTA TO TTOC0O0TO EUdAVIONG OVA HEPA OTa

media, evw To UMAE xpwua oto Twitter.

Edodoov mapatnproape OtL n cuoxETion ivat 1ooo npodavng, SokLUAoaUE va
TpE€oupe kamoloug adyopiBuoug Mnxavikng Mabnong oto Dataset pog.

AUTO €yLve UE TN Xprion Tou gpyaieiov Weka.
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5.2. MaBnon Mnxavwv kat EpappoyEg

H Mnxavikin Mabnon n N'vwolakég Mnxaveg (Machine Learning), évag kAadog tng
Texvntic Nonpoouvng, elvatl éva EMLOTNPOVIKO TTeS (0 TTou avadEpeTal oTo
oxXedLoop0 Kal avantuén aAdyopiBuwv mou S€xovial wg elcodo (input) epmelpka
6ebopéva, OTWG EKelva TTOU TIPOEPXOVTAL OO aloOntrpeg (sensor) i BAcEeLg
Sebopévwy, Kal Slvel oxESLA N OXETLKES TIPOPAEPELG YL TOL XOPOKTNPLOTIKA TWV
EUTMAEKOUEVWV HNXOVIOUWVY TIou dnutovpynoav ta dedopéva. Ta Kupla
XOPOAKTNPLOTIKA TWV AyVWOTWV BOCIKWY KATOVOUWY TILOAVOTATWY UImopouV Ta
yivouv yvwotad £tol wote ta SeSopéva va xpnotponotndouv e anodoTiko TPOmo
amo évav eknaldevopevo. Tétola dedopéva pmopolv va BewpnBolv wg MEPLTTWOELG

TUOAVWVY OXECEWV HETAED TWV MAPATNPOUHUEVWY HETABANTWV[16].

‘Eva amo ta KUPLOL OVTLIKELPEVA TNG €PELVAG HABNONG UNXAVWYV Elval 0 OXESLAOUOG
oAyopiBuwv mou avayvwpilouv moAucUvBeTa oxédla kal AdBouv VORUOVEG
anodaoel; Baolopéveg ota Sedopéva elcodou. Mia Baotkry SuckoAia gival OtL n
opada OAwv Twv duvatwv cupunepldopwv Pe oAa Ta miBava Sedopéva elcodou eival
TOAU HeyaAn yw va ouuneplAndBel oe éva olvolo Oedopévwv Tou €XOuv
napoatnpnOet (emheypéva dedopéva , training data). Me Bdaon ta mponyoUupeva, O
eknatdevopevog (learner) mpémnel va yevikeLoel amo ta Sedopéva mapadelyparta £tol
WOTE VA UTOPEL va TTOpAyEL XPr OO CUUTTEPACHATA YLl VEQ TipoBANHaTa.

H Mabnon Mnxavwyv pnopei eVoOAANQKTIKA VoL 0pLoBEel w¢ £va EMLOTNOVLKO Tedio TTou
TPoodideL 0TOUG UTIOAOYLOTEG TNV LKAVOTNTA va pabouv xwpig va €xouv dueoca
TIPOYPOAULOTIOOEL Lo TETOLO OKOTIO.

Avadépetal OtL pia pnxavr pabaivel kabBe dpopd mou aAldlel tnv doun tou, TO
nipoypappa n dedopéva, mou Pacilovral oto Sedopéva eLl0OS0U 1) O£ AVTATIOKPLON
e€wteplkwv MAnpodopLwy, £T0L WOTE N AVOUEVOUEVN arntodoon va BeATwOel. TEToleg
oMayéc onwg n mpooBeon esyypadwv oe o Baocn SedopEVwyY, OVAKOUV O
Skalob00ieg AAWY YVWOTIKWY QVTIKELLEVWY KOL YEVIKA £lval yWWOTEC WG pabnon.
MNna napadsypa, otav n anodoon piag pnxavng avayvwplong opAiag BeAtiwvetal

LETA QO TO AKOUOUQ
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SL0popwv SelypdTwy TG OUIALOC EVOG ATOUOU KATOVOOUHE KOL UTTOPOUE VA TIOULE
OTL N unxavn €XeL LA OeL.

H MdaBnon Mnxavwv cuvnBwg avadEpetal oe alayEG 0 CUCTAMATA

Tou ekteAoUV Sladikaoieg (avayvwplon, Slayvwon, oxeSLOOUOC, EAEYXOG POUTOT,

nipoBAEPEeLg, KA ), mou oxetilovtal pe tnv Texvntr) Nonuoouvn (Al) [16].

5.2.1. Weka

To WEKA (Waikato Environment for Knowledge Analysis) eivatl pia couita AoyLlopikou
yla Hnxavikn padnon kat E€opuén Asdopévwy. AvantuxBnke oto MavenoT Lo TOU
Waikato tng N. ZnAavdiag kal mrjpe to ovopa tou anod to Weka, éva pkpd Kol umo
e€adavion mouAi tng N. ZnAavdiag. To WEKA avrkel otnv Kotnyopia Tou AeyoueVOU
"geAevBepou Aoylopikol” (freeware) kat SiatiBetal dSnuoociwg cVUPwWvVA HE TOUG
0pou¢ tng adetag GNU General Public License, n omola enMTpENeL 0TOUG XPHOTEC VAl

XPNOLUOToloUV, dAAQ Kot Vo TpoTtomoloUV eAeUBepa To AoyLlopko [17][18].

To WEKA eival éva amo ta mo dtadedopéva Aoylopikd E€6puéng Asdopévwy. Exet
XpnoluomnolnBbel o peydlo aplBUd EMUOTNUOVIKWV €PYyOOLWY, Kol apKeTA BLpAia
E€6punc Asdopcvwy avadepovtal os auto. H peyain dnuodihia tou odpeiletal ota

€161KA XOpAKTNPLOTIKA TOU KAl OTLG SUVATOTNTEC IOV TIPOodEPEL.

AvoAuTtikotepa to WEKA:

® [leplEXEL APKETA PEYAAN TOKIA LD peBOSwV yla katnyoplomoinon, maAwvdpounon,
avaAuon cuotadwy, Kal KaVOVEC oUOXETLONG. Emiong, mapéxel SuvatotnTeg yla

npoeneéepyaoio Twv dedopévwy, KaBwe Kal epyaAsia omtikonoinong.

® Elval AoyLopiko avolktou Kwdika. Autd onpaivel 6tL o mnyaiog kwdikag ivat
Snuooiwg Slab£oog. XpnoTeG UE YWWOELS TIPOYPAUUATIOHOU UITOPOUV Vol

TpomomnolouV Kal va e€eAloocouv Toug alyopiBuoug.

e Elval ypappévo oe yh\waooa Java, yeyovog ou Tto KaBLotad tkavo va eykadiotatal

o€ 510dopeTIKEG MAATHOPUEG UALKOU KOl AOYLOULKOU.

61



o AlaBgtel ypadiko meptBarlov epyaciag. 2to dtadiktuo unapyet Stabgotun peyain
TowKIALa BLBALOBNKWY yla pnxaviki padnon kat e€6puén dedopévwv. Qotooo, N
Xpron toug amnattel tn ouyypadn kwdika. AvtlBETwWS, To ypadikod mepBailov Tou
WEKA emTpEMEL TN XPrioN TOU AOYLOULKOU OO TEALKOUG XPHOTEG, oL omoiotl Sev

SL0BETOUV YVWOELG TPOYPAUUATIOUOU.

5.2.2. Linear Regression
ApXLKQ, yla TNV povteAomoinon tou mpoBARUatog Kal Kat’ enéktacn Tnv dSnuloupyia

HoVTEAOU TPOPAENG XpNOLUOTIOL CaE TOV amAd alyoplBuo Linear Regression.
Ztnv amAn ypoputky maAwvdpopnon(Linear Regression) €xoupe éva oUVoAoO e
Setypata tipwv {x; ,y;}. Zkomog eivat va Bpou e €va amAo Hobnuatikd HovieAo, To
omolio va replypddeL TNV oxEon autwv Twv dUo petaBAntwv tnv x kot tnv y. To

OTAG HaBNUATIKO POVTENOD TTOU €ilval pa euBeia ypappn TG Hopdng

f(x) =y = ax + B n onola "taipldlel" kKaAUTEPA 0TO GUVOAO TWV SELYUATWV.
‘Exovtag autd To HOVTEAO UTTOPOUE va "TPOPBAEPOULE" TLG TLLEG TOU Y YLOL VEEG
TLWECG ToU x. H peBodoloyia auth XpnoLUOTOoLELTOL OTNV UNXavLKA Ladnon (machine

learning).
Mapatpnon yLa tn CUYKEKPLUEVN TtEpinTwon:

H petaBAntn x, SnAadn autr npog npoPAsPn adopd ta media.

H avefdptntn petaBAntn) y, adopd ta social media.

ApxKa Sokuaotnke n A&En “Trump” kal To amotéAeopa Tou alyopiBuou €deite

TIOAU Uikpo oddApa (17.8933%).
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https://el.wikipedia.org/wiki/%CE%9C%CE%B7%CF%87%CE%B1%CE%BD%CE%B9%CE%BA%CE%AE_%CE%9C%CE%AC%CE%B8%CE%B7%CF%83%CE%B7
https://el.wikipedia.org/wiki/%CE%9C%CE%B7%CF%87%CE%B1%CE%BD%CE%B9%CE%BA%CE%AE_%CE%9C%CE%AC%CE%B8%CE%B7%CF%83%CE%B7

=== Run informatiocn ===

Scheme: weka.claszifiers.functions.linearBegression -5 0 -R 1.0E-8 -num-decimal-places 4
Belation: Trump-weka
Instances: 30
Lrtrributes: 2
media
social
Test mode: evaluate on training data

=== (Claszifier model (full training set) ===

Linear Regression Model

social =

0.3763 * media +
0.001%

Time taken to build model: 0 seconds

=== Evaluation on training set ===

.

Time taken to test model on training data: 0.02 seconds

=== SUmMmary ===

Correlation coefficient 0.988
Mean absolute error 0.0011
Eoot mean squared error 0.0015
Relative absoclute error 17.8933 %
Boot relative sguared error 15.2749 %
Total Number of Instances 30

Ewkéva 22 - Output tou Weka yia tn Aéén "Trump" (Linear Regression)
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21N ouvExela Soklpaotnke To dataset tng Aé€nc “Tolmpag”, otnv omolia OpwWE To
odaApa NTav apKeTA peyalo (78.9238%)

=== Run information ===

Scheme: weka.classifiers. functions.linearRegression -5 0 -R 1.0E-8 -num-decimal-places 4
Eelation: Tzipras-weka
Instances: 30
Attributes: 2
media
social
Teat mode: evaluate on training data

=== {lazsifier model (full training set] =—

Linear Begresasion Model

social =

0.925 * media +
0.0042

Time taken to build model: 0 seconds

=== Evaluation on training set ===

Time taken to test model on training data: 0 seconds

=== SUmmary ===

Correlation coefficient 0.6114
Mean absclute error 0.0018
Eoot mean sguared error 0.0024
Belative absolute error 78.9238 %
Boot relative squared error 79.1334 %
Total Number of Instances 30

Ewoéva 23 - Output tou Weka yia tn Aéén "Toinpac" (Linear Regression)

AuTO odeiletal oto yeyovog OTL N andotaon HeTaty Twv SUo cuvapTtoewy Sev eival
otaBepn OTO PEYAAUTEPO HEPOC TNG OTIWE LOYXVEL LLE TNV TTPONYOUEVN TIEPUTTWON,
OAAG uTApPXEL pia davep TUNUATIKY OUOLOTNTA TTOU 0 aAyopLBuog dev umopoloe va
avtiAngOel.

la to Adyo auto Enperme va BpoUpe €va VEO LOVTEAOD Ttou va AapBavel utoyn tv
OX€0N TWV KOVTLVWV XPOVIKA TLUWV HETAEL TOUG, £TOL WOTE va Yivel aopaAéoTepn

PpOPBAeYn.

To KataAANAOTEPO HOVTEAO YLA TNV EPLTTTWON OGS ATAV N TIPOCEYYLoN TwV
Forecasting Time Series.
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5.2.3. Time Series Forecasting kat SV Regression

To povtélo Forecasting Time Series xpnolpomoleital yia va tpoPAEYPEL LEANOVTIKES
TWWEG Tou Baoilovtal o€ MPONYOUREVEG TAPATNPNOELG TIHWV. Evw To regression
analysis gival ouxva eEOMALOUEVO |LE TETOLO TPOTIO WOTE vVa EAEYXEL Bewpleg OXETIKA
HE TO €AV OL TPEXOUOEC TLUEG QMO Hia 1) TIEPLOCOTEPEG AVELAPTNTEG XPOVOOELPEG
eMNPEAIOUV TNV TNV TPEXOUOCO TLUA MLAC AAANG XPOVOOELPAC, QUTOC O TUTOC TNG
QVAAUONG XPOVOOELPWV BEV ETILKEVTPWVETAL OTO VOl CUYKPLVEL TLUEG EVOG time series n

noAAamAwv e€aptnuévwy time series o€ SLaPOPETIKA onUEL OTO XPOVO.

Mapoha autd to Weka 6&ev umootnpilel tnv edappoyry TOU OCUYKEKPLUEVOU
HOVTEAOU(ARIMA, ARMA) aAAd avTi yla auTto IPOTELVEL TN Xprion Tou Support Vector
Regression[19].

Evog Machine Learning povtélou mou ouvnBwg xpnotwdomoleital yia classification,

OAAQ €XEL TTOAU KOAQ QTTOTEAECUATA KAl Lo continues TLUEC.

Emopévwg, edapudoape to makéto time series analysis forecasting and control tou
weka oeg ouvbuaopd He Tov OAyOoplOuo support vector machine 1o omoio

Xpnolpomnoleital yia va mpoBAEPeL poviéla mou e€eAicoovTal Pe To Xpovo.

Ze autn TNV mepinmtwon oL duo meputtwoelg(media kat Twitter yia tnv (bla A&€n)
e€etalovral oav §U0 SLadoPETIKEC CUVAPTAOELS 0TO (610 cuoTNUA a€OVWVY OTIOU N pia

EMNPEALEL TNV TIEPLOBIKOTNTA TNCG AAANG.
MNapatipnon yla T CUYKEKPLUEVN TTEPLTTWON:

To y elval to mocooto eudaviong NG AEENG KAL X OL LEPEG TOU prva. Mo va yivel n

POPAePn o aAyopLlOUOG mapatneEL TNV OUOLOTNTA TWV YPADNUATWV.
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Edappoyn otn Aé€n “Toinpag”

Ewkova 24 - Mpapikn mapaotaon mpoBAeyns xpovikwy celpwv tne Aééng “Toinmpag” yia ta SUo péoa

E€attiag Tou Training mou kavel o aAyoplOuog pe Bacn ta nponyoupeva dedopéva

TO ypadnua pag Eekvael T TpoPAEPELS amo tnv 8" uépa Kal PETA.

Me pAGLVO XpOVO OTELKOVI{OVTAL OL TIPOYHOTIKEG TIHEC YLOL TA TTOOOOTA €UdAVIONG
™G Aé€NG oto Twitter evw e KiTpLvo xpwpa To TL TPoEPRAede 0 aAyOPLOUOG yLa TLG
HEAAOVTIKEC TIUEG TOU Twitter €va Bripa kaBe popd mplv oxedLAoEL TO EMOUEVO

onueio AapBavovrag umoyn to ypadnuo Twv media(KOKKLVO Xpwua).

AvtioTolya, HE KOKKLVO XPWHLA OTELKOVI{OVTAL OL TIPAYHOTLKEG TLLEG KOL TOL TIOCOOTA
gudpavionc tng A£Eng ota media, evw Pe UITAE Xpwpa To TL TPoEPRAePE 0 alyopLlOpog
yla TLG LEAAOVTLKEG TIHEC TwV media éva Bripa kaBe dopd TpLv oXeSLACEL TO EMOUEVO

onueio Aappdvovtag umoyn to ypadnua tou Twitter(mpdoivo xpwua).

Ta mooootd AdBoug mou mpogkuav Katd to output Tou adyopiBuou sivat moAu

HLKPQA.
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Number of kernel evaluations: 465 (98.445% cached)

=== Ewvaluation cocn training data ===

Target l1-step-ahead
media
H 2
Mean absoclute error 0.0004
BEoot mean squared error 0.001
spcial
N 2
Mean absclute error 0.0011
Eoot mean sgquared error 0.0028

Total number of instances: 30

Ewkova 25 - Output tou Weka yLo to opadua mpoBAsync, tng Aééng “Toinpacg” (support vector regression )

Edapuoyn otn AéEn “Mannequin”

Ewkéva 26 - [paikn napaotacn mpoBAedng ypovikwy oepwv tng Agénc “Mannequin” yia ta Suo uéoa

E€attiog tou Training mou KAavel o aAyoplBuog pe faon ta mponyoupeva Sedopéva to

ypadnua pag Eekvacel Tig mpoPAEPELG amo TNV 7" pépa Kal LETA.

Me mpAcLvo Xpovo amelkovilovtal oL TPAYyUATIKEG TLUEG YLOL TA TTOCOOTA EUPAVLONG
™¢ AéEng oto Twitter evw pe KiTplvo xpwpa to Tt tpoéPAee 0 alyoplBuoC yla TIg
HEAAOVTIKEG TLUEG TOU Twitter éva Bripa kaBe dopd TpLv oXESLACEL TO EMOUEVO ONUELOD

AapBavovtag untodn to ypadnua twv media(KOKKIVO Xpwua).
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AvtioTolya, HE KOKKIVO XpWHa amelkovilovtal ol TpayUATIKEG TUUEC KOL TA TTOCOOTA
gudpaviong tng Aé€ng ota media, Evw PE UTTAE Xpwa TO TL TPOoERAePE 0 alyoplBuog
yla TG MEAAOVTIKEG TLUEG TwV media éva Bripa kaBe popd mpLv oxeSLACEL TO EMOUEVO

onueio Aappavovrag unoyn to ypadbnua tou Twitter(nmpdacivo xpwua).

Ta mooootd AaBou¢ ou poékuav Katd To output Tou aAyopiBuou eival oTIC ULOEG

TIMEG HIKPA KOUL OTLG AAAEC ULOEC PEYAAQL.

Humber of kernel evaluations: 465 (99.3E88% cached)

=== Evaluation on training data ===

Target l-atep-ahead
Media
N 2
Mean absoclute error 0.0001
BEoot mean squared error 0.0002
Social
N 2
Mean absoclute error 0.0002
Boot mean squared error 0.0004

Total number of instancesa: 30

Ewkova 27 - Output tou Weka yLa to opadua mpoBAsync, tng Aéénc “Mannequin” (support vector regression )

AMO TO MEPAPOTO TIPOKUTITEL OTL UopEel va yivel mpoBAedn amod 1o éva PECO OTo
aAo(elte Twitter mpog media, elte media mpog Twitter). MapoAa autd n mpoPAsdn
TWV LEAAOVTIKWV TLHWV Tou Twitter cUppwva e TIG TIUES TwV media elval ApKETA T
akpLBng, oe oxéon He TV PoPAedn Twv LEAAOVTIKWYV TIHWV TwV media, cupudwva pe
TIC TWMEG TOU Twitter. Apa €ival 1o eUKoAo va TpoPAEPoupe TIC avildpAoELS TOU

Twitter pe Baon ta media kal SUOGKOAOTEPO AUTEG Tou Twitter pe Bdon ta media.
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6. Zuunepaopata

MapatnEoUpe AoUtdV MWG UTTAPXEL CUCXETLON TWV TACEWYV METALY TWV MopadooLaKwV
MME Kot TwV TACEWV TWV XPNOTWV TWV KOWWVIKWV Siktuwv. Daivetal 0Tl 1000 Ta
TIOCOOTA UEUOVWHEVWY AEEEWV 00O KAl TA TTOCOOTA OO TA CUVOAX AEEEWV HLOG

Bepatoloyia epdavilouv mMapOUOLA KATOVON OTO XPOVO.

AUTO yivetal Wlaitepa epdaveg ota ypadruata eLOIKA O XPOVIKEC OTLYUEG OTIOU LA
elénon €pxetal otnv emkapoTnTA Kal oL Aé€ELg mou tn cuvodelouyv yivovtal trends.
ITa ONUELO OUTA TTAPATNPOULE TOTIKA LEYLOTA OTL CUVOPTIOELG, EVW TOCO 1 Avodog

HLOG TAON 000 KoL N twon GalVETOL VA CUUTTIIITOUV XPOVLIKA.

IXETIKA PE TNV PeANoVTIKN TIPOPBAedn Tdoswv otn Bepatoloyia Twv MapadooLloKwy
MME, ocUpdwva Pe TNV TACN TWV XPNOTWV EVOG KOWVWVLKOU SIKTUOU, opatnpoU e
OTL TOAAEG HOPEC TO KOWVWVLIKO SIKTUO KL N TAoN TWV XPNotwv Tou "rupodotel” tnv
avtiotolyn avénon TtNC OepatoAoyiag Twv TMOPASOCLAKWY HECWV  UAlLKAC
evnuépwong, aMa mapdalnAa  apketé¢  ¢dopég  oupPaivel TO  avtiBeto.
Eniong, WSlaitepo evdladépov mapouolalel To yeyovog OtTL n mpoBAedn Twv TACEWV
ota media, pe Baon ta social media mapouoldlel peyoAutepo AdBog, amd OtL n

npoPAsPn Twv social media pe Baon ta media.

AUTO TIOU UMOPOUUE va TIoUPE pe Befatdtnta eival OtL mapakoAouBwvtag tn Tdon
TOU €VOG JEoou pmopeilc va aviiAndBeic to T €xel ypadtel oto dAMAo.
Ziyoupa amodelkvUEeTaL OTL LE TNV AVOAUTIKOTEPN HOVTEAOTIOLNGN TOU TTPOPANUATOG,
NV PooBnkKn extra KABOPLOTIKWV TLUWV, OTIWCE N WP, UITOPEL Vol KOBOPLOTEL O€ TTOLEC
TIEPLITTWOELG KAl KATW ard TOLEC CUVONKEG, OL XPOTEG UIMOPOUV VO EMNPEACOUV TA
MME kat n taon tng Bspatoloyiog Toug va pmopet va mpoPAeNTel He peyain akpiBela

HEOW TEXVLKWV MNXAVIKAG Habnong.

AuTtO 1O amodeifaue emiong PE TEXVIKEG UNXAVIKAG HABnon Omou Ta mocootd
POPBAEPNG elvaL LOLALTEPA OTTOTEAECUOTLKA ELOLIKA OTAV N ETMIOUEVN BPLOKETAL XPOVIKA

TIOAU KOVTA o to SedopEva TTou EXOUUE PEXPL EKELVN TN OTLYUN.
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