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Data-driven Innovation:
Location and Big Data Analytics for Knowledge
Extraction in Tourism Destinations

ABSTRACT

This Ph.D. thesis is written and submitted to the Department of Economics of the University of Crete,
Greece, as a partial fulfillment of my obligations as a PhD Candidate. It consists of three separate
chapters that study the applications of location and big data analytics for knowledge extraction in
tourism destinations.

The first chapter of the thesis entitled, "Big data Analytics: Applications, prospects and challenges”,
studies the role and impact of big data analytics in innovation and value creation. The tremendous
increase of data through the Internet of Things (connected devices) has led to a “big-data era”, where
big data analytics are applicable in every sector and economy globally. The growing expansion of
available data is commonly accepted, while valuable knowledge arising from the information comes
from big data analysis processes. The prospects of big data analytics are important and the benefits for
data-driven organizations are significant determinants for competitiveness and innovation performance.
However, there are considerable obstacles to adopting a data-driven approach and get valuable
knowledge through big data.

The second chapter of the thesis entitled, "Knowledge Extraction through Location & Big Data
Analytics: the case of Crete", explores the knowledge extraction using location and big data analytics
techniques. Nowadays, tourists generate massive volumes of data (big data) during their visit to an
urban destination. However, there is little knowledge of their spatial activity and perceptions.
Enterprises and organizations in hospitality and tourism are able to exploit actual behavioural data -
perceptions derived from big data generated in real-time from online data sources in contrast to
traditional customer surveys based on questionnaires. An innovative approach is demonstrated using
the case study of Crete by integrating big data techniques, location intelligence and social media
transforming tourist experiences into valuable assets (new knowledge extraction) for quicker and more
efficient decision making. More specifically, the approach introduces the combination of textual and
photo analytics with data derived from media sharing and textual social networks, introduces social big
data analytics such as social engagement, sentiment analysis, topic/label detection combined with
spatio-temporal features to provide more insights about tourist destinations. Research findings
demonstrate how this novel approach of location and big data analytics, in contrast to traditional tourist
surveys and conventional spatio-temporal data, can provide new and valuable knowledge. Implications
arising from the study are significant assets for tourism SMEs, DMOs and other tourism stakeholders
in the search of innovative marketing strategies for demonstrating the added value of destination,



strengthening destination branding and gaining a competitive advantage against other rival tourist
destinations.

The third chapter of the thesis entitled, "Big Data Analytics for Tourism Destinations: A
comparative analysis through Location-Based Social Networks", investigates the user-generated
data in Location-based Social Networks (LBSNs) that can be a great resource of knowledge for
understanding people’s behaviour details and movement flows in tourism destinations. Nowadays, local
authorities and tourism enterprises are using conventional methods like surveys and opinion polls for
collecting data and strategic decision making. Despite the benefits of these approaches, they present
significant disadvantages such as the sample size is small and they are time - consuming. Focusing on
tourism and location-based social media networks, this chapter reveals a novel approach to leverage
massive unstructured data for knowledge extraction. In contrast to the conventional spatio-temporal
data, big social media data offer dynamically to innovation and value creation through improving the
strategic decision-making process of tourism destination stakeholders. The approach integrates location
and big data analytics techniques and it is implemented based upon geotagged user-generated data
shared on the two largest islands in the Mediterranean Sea, the island of Crete (Greece), and the island
of Cyprus that are popular summertime tourist destinations. The comparison between two tourist
destinations with common characteristics provides additional insights into the potential of each
destination and areas of improvement. Practical implications are arising through the efficient spatio-
temporal and demographic analysis of tourist movement in both tourism destinations for improving the
strategic decision making of stakeholders like local authorities and tourism SMEs leading to innovation
and value creation. In addition, DMOs can leverage the new knowledge for developing innovative
marketing strategies, strengthening destination branding and gaining a competitive advantage against
rival tourism destinations.
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Exterapévn Hepiinyn ota EAlnvika

KED®AAAIO 1: Big Data Analytics - EQoppoyéc, Tpoontikég Kot TpOKANGELG

Yfuepa, 1 taxeio avamtuén TV TEXVOAOYIBY oL Pacifovtal 6To S10dikTVOo Kot 1) TEpAoTIo adénomn TV
OLVOEDEUEVMDY GLUOKELMOV UECH TOL Aladiktvoov TV mpayudtov (Internet of Things - 10T), éxouvv
odnynoel oe pio paydaio avénon tov dyKov dedoUEVOV HETOVOUALOVTAG TNV ETOYN TOV SIAVOOVLLE CE
“gmoyn TV ueydiov dedopéveov”’ (“Big Data era”). Ta peydlo dedopéva amotehodV HEPOG TG
“oKovopiag TG Yvoong” Kal OVTITPOCOTEVOVY £Ve, SNUOVTIKA duvapkd Kot paydaio eEEMOCOUEVO
7edlo Yo TIC EMYEPNOEIS KO TOVG OPYOVIGUOVS, KaBdg Tapéyel Tn duvatdtTe Vo OTOKTHGOVV
TOADTILEC YVADOELS GYETIKA LIE TIC ATOYELS, TIC TPOTIUNGELG, TIG OVAYKEG KO TIG OTTOLTIGELS TV TEAUTOV

TOLC.

H avamtuén tov dradiktoov pe v évapén g Web 2.0 enoyfic édwoe 6Tig eTaupieg EDKOAITEPT KoL TTO
OLKOVOLLKT TPOGPaoT € TEPACTIO OYKO TANPOPOPLDY, EVED Ol EVKALPIES Yot GLAAOYT SESOUEVOV Ao
ewtepikég mnyég Exovv avénbel axdun nepocdtepo pe TV gpeavion tov Web 3.0. I't” avtd to Aoyo,
Ol EMYEPNOCELS KO OL 0PYAVIGHOTL aveEapTi T KAAJOV dpyioay va e6TIAL0VY TNV EKUETAALELOT TOV
OEJOUEV@OV YO TNV OTTOKTIGT] GUYKPLITIKOD TAEOVEKTNUATOS. XTIC UEPES UG, 1) ETOYN TV UEYOA®V
dedopévov (Big Data) éxel ptdoet oe Oheg oyeddV TIG eMYEPNOELS, KOODS £xovv avTiingBel 6Tl ot
aropdoelg tov Pacilovtar ota dedopéva teivouy va glvar KoAvtepeg kot o akpiPeis. [apodia avtd,
TO YEYOVOG OTL TOAAEG EMIYEIPNOELS GE JAPOPOVS KAASOVS EPAPUOLOVY ETLYEIPNUATIKES OAVUADCELS,
GUUTEPTAOUPAVOUEVOV Kl AVOADCEDY UEYGA®Y dedOUEV@V, dEV oNuaivel OTL OAEC ®PEAOVVTOL OO

VTEG AQUPAvOVTaG XPHCLUN YVAOOT Kal TPoyloTikn oio omd to Staféoia dEdoUEVaL.

H yprion teyvikdv kot epyoreiny avaivong dev apkel omd uovn g yio vo. LeTapopmbei pia etonpio
oe gtaupio mov Paocileror ota dedopéva (data-driven enterprise). Ot etarpieg yperdleton vo dtabétovy
avOpMOTOVG UE CLGTNUOTIKY CKEYT Y10 TN AYN KOADTEP®V amoPdcemV Pucicuévov ce dedouéva. H
EMITVYIO. OTO GMUEPIVO, TPOCUVATOAIGHEVO GTO, SESOUEVA, ETLXEPNUOTIKO TEPIPaAlov TepthapPdvet
mv kavotnto va. okéetetol kaveig data-analytically. Kabdg o 0ykog twv dedopévaov avEdvetot
SPKMDS, 1 YVOOT] KOl 1] avOADGT] 0V UTOPOHV VA Sloy®mploTovy peta&y Toug. Tdoo ot akadnpaikoi 660
KO Ol EMOYYEALOTIEG OQEIAOVV VO EXOVV OVOAVTIKES IKAVOTNTESG KOL VO KOTOVOOUV TIG ETLYEIPNHOTIKES

dradtkaoiec.

Ot enayyelpotieg mov dev S100€TOVV GTOLKELDON KOATAVONGOT TOV TPOTOL CKEWYTNG OTNV ovaAvon

dedopévav, dev yvopilovv ovclooTIKA TG Aettovpyel o extyeipnon. Av umopovv va KataAdfovv
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dwdkacio Kot otadio eEEMENG TS, Elval EDKOAGTEPO Y10 LTOVG VAL BPOLV TIG KOTAAANAEG AVGELG OTIG
advvapieg Tov kdbe otadiov. AAAG Yo vo, LTOPODV Ol OPYOVICUOL VO, EIVOL TPOGUVOTOMGUEVOL GTO

OEJOUEVE TTPETEL VO, OVTILETOTIGOVV SIOIKTTIKES KOl TEYVIKES TPOKANGELC.

Ta peydio dedopéva dev £xovv vo KAVOLV LOVO LE TOV OYKO OAAG KO JLE TNV TOTKIATL KO TV TOOTTO.
H avéAivon tovg divel v duvatdtnTa GTIS EMYEPNOES VO KATOVONGOLV TO EMLYEPNUATIKO TOLG
wePPAALOV, TNV CLUTEPLPOPE KO TIG OVOYKEG TOV TEAATMOV TOVG KOl TIS OPOCTNPLOTNTES TMV
AVIOYOVIGT®OV TOVG. XApN OTNV OVOALOT TOV HEYOA®V OEOOUEVMOV Ol EMLYEPNOELS UTOPOVV Vo
SOLOPPMGOLV TO TPOTOVTA KOl TIG EVEPYELES TOVG LE TETOLO TPOTO MGTE VO KOADTTOVV TG AVAYKES TMOV
TEAQTAOV TOLG KOl VO KOVOTOUOUV £VOVTL TV OVIOYOVICT®OV KAVOVTOG KAADTEPES TPOPAEWELS Kot
Aappdvoviag cwotdtepeg omopdoelg mov Pacifovrol € amodeKTIKA oTorygin kKot Oyt o€ daicinon. Ot
OPYOVIGLOL TTOV KOTAPEPVOLV VO, SOYEPIGTOVV TIG TPOKANGELS Kot vV, V1I0OETGOLVV Lo KOLATOVPO TOL
Baciletar ota dedopéva, PUTopoHv Vo TEPIUEVOVY KOAES TPOOTTIKES. Y TAPYOLV 1YVPEG OmOdEIEEIS OTL
1 aroddoon piag etanpiog propel va Pertiondel péoa amd anopdoelc Pacicuéveg oe dedopéva, Epyoareio
KoL TEXVIKEG avAALGNC TV PeYAAmV dedopuévav. Kabog 0Ao Kot TepIocoTEPE ETAIPEIEG ATOKTOVVY TIC
amopaitnteg SeE10TNTEG Yo TNV PO TOV UEYAA®DY OESOUEVOV KOl QOYOAOVVTOL LE TIG GUYYPOVEC
TEYVOLOYiEC, TOV GuVEYmG eglicoovtal, ival TOavov chvTop vo propésovy va Eeympicovy and tov

OVTOYOVIOCUO KOl VO, GTOKTHCOVV OTOPAGIOTIKO GUYKPLITIKO TAEOVEKTN M.

Ta peydho dedopéva PonbBodv TiG EMXEIPNGEIS KOL TOVG OPYOVIGUOVS Vo dNpovpyodv o&io Kot va
OTOKTOVV TPOKTIKY YVAOCT MGTE VO AAUPAVOUV KOADTEPES ATOPACEIC KOl VO PEPOVY EXAVAGTACT GTI
oTpaTNYIKEG Kot Ta. emysipnuatikd toug povtéda (Waller & Fawecett, 2013). H dwabeciudmro tov
UEYOA®V 0£00UEVOV TTOV GYETIOVTOL UE KOTOVOAMTEG SIVEL OTIC EMYEIPTOEIS LOVAOIKEG EVKALPIES YLO!
VO, KOTOVOGOVV TIG TAGELG TNG QyOPAS, TV CLUTEPIPOPA KaL TIG EVEPYELEG TOL Katavolwt (Erevelles
et al., 2016; Waller & Fawcett, 2013). TTapdro mov o va Bacilovtal ot enyelpnoels ota dedopéva dev
elvar kdTt véo, Tpoceata dpyloay va a&lomolovy Kot GAAES TYES 0e00UEVOV OTMG KOWVMOVIKA SIKTVa,
smartphones 1 cévoopeg, Kot véeg TexvoLoYieg OvAALGONG Y10 VO EKUETAAAELTOVV T, HESOUEVA 0T
(Hartmann et al., 2016). To peydia dedopévo. 6gv apopodV LOVO TV GLALOYN Kot TV omofKELGT TV
dedopévmv, 0 oTdYOG TOVGg gival 1 avaivon TV dedopévav yio v Ay yvoong kat a&iag (Bello-
Orgaz et al., 2016). v onuepvi €T0YN, Ol ETLYEPNGELS TOV JEV KATAPEPVOLV VO, TPOGUPLOGTOVY
oT1g dwdikacieg mov Paciloviar ota dedopéva aviyeTomilovy T0 Kivouvo vo ¥AcouV SNUOVTIKO
OVTOYOVICTIKO TAEOVEKTN O, EVD 1] 1] ETOPKNG XPTOT] T®V OESOUEVOV PIopel v, dnpiovpynoet Bépata

Brwcwdmrog (Brownlow et al., 2015).

Ta, KowvmViKG diKTLO £YOVV UETAUOPPMGEL TI YE0EIC LETAED emyElPNoE®Y, ePYAlOUEVOV, TEAUTMV
Kot evolopepopevav. EEgyovta mapadelypoto Kovmvikov diktomv nepthapupavovy to Facebook (e

Tavo amd 2,2 dioekatopupdplo evepyodc ¥pNnoTes unviaing), to Twitter (pe méve oamd 330 exatoppdpio
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evepyolg ypnoteg unvioiong), to YouTube (ue mévo omd 1,8 dioekotoppdpla evepyods ¥pnoTteg
unviaiog) kot o Yelp, mloateoppo yio Kprtikéc mpoidvimv Kot VANPECIOV amd Tovg i8100G TOVS
Katavolotée, Omog ko blogs, forums, microblogs, mlatedppeg dapolpacol eidovav kot Video (Yo
mopadetypa to Instagram pe 800 exatoppdplo evepyodg ypnoteg unviaing). Avtol ot apBpoi deiyvoovv
EexdBopa OTL TO KOWOVIKA dIKTVLO TOPEYOVV TEPAGTIO OYKO OEO0UEVMV KOl QUTY] 1] TAT|POPOPia UTOPEL
VO TPOCPEPEL TEPACTIES OVVATOTNTEG OVATTLENG OTIS EMXEPNGES. AOY® TOL apBUOD TOV EVEPYDV
YPNOTAOV KOl TOL TEPIEXOUEVOL TOL dNptovpyeitat KaBnueptvd oTic TAATPOPLES OVTES, OL OPYUVIGLOL
TOPOKIVOUVTAL VO avayvepicovy tdoel, mhavols Kivohvoug kat gukaipies, KATL Tov glval Wiaitepa
VIOKEWEVIKO Yo KABe opyaviopd. Extog amd v mopakoiovdnon tov chyypovav tdcemv, sivol
anopaitnto va yvopifovpe Kot Tovg {310V TOVg dNULOVPYOVS TOL TEPLEXOUEVOV, WOHITEPA AVTOVG HE
™V peyaAvtepn emppon]. Toéco ot emyeprioelg 660 Kol ot PUN-KePAIOGKOMIKOL OpYaviGHol GUAAEYOVY
dgdopéva Tov dMUoLPYOLV Ol ¥PNoTeS pe otdyo va eEacpaiicovy pia Béon 6TovV KOGUO TV
moAvpécov. Ot MEAATEG UMOPOVV VO OTOKTAGOLV OlopOpOv €0GV O£d0UEVA AVTOAAACCOVTOG
TANpoeopieg LETAED TOVG PHEGH TMV KOWOVIKOV OIKTO®V. AVTEG 01 TANpoopieg Tailovy GNUAVTIKO
POAO OTIC QYOPOOTIKEG AmOPAceS. EToUévmg, tio onUaVTIKS TTUYH TOV KOWOVIKGV SIKTO®OV Eival TO
YTICILO GYECEMV LLE TOVG KOTAVOAMTEG, TOVG TPOUNOELTEG, TOVG JLUYEIPIOTEG ONUOGIOV GYECEMV Kol

TOVG dUVNTIKODC GUVEPYATEC.

H oavéivon tov ueydlov dedouévev amd To KOWOVIKG OiKTUO UTOPEl Vo EQOPUOCTEL Yo TNV
avaKdAVY”N VEOC YVMOGNG TOL UTOoPEL Vo ypnopomoindet yio kodvtepn AMyn aroedcewny. H avdivon
TOV 0£00UEVOV OTO TO KOWVOVIKE SiKTVO TOPEYEL LOVODIKT] EVKALPIO, Y10 AVAKTNOT TEPAGTION ap1Opon
OTOYEMV TOV TEANTMV KOl EUTELPIDV TOV GLUPGALOVY TNV BEATiOON TOV TOPUSOGIUKDY GTPATNYIKMV
HEoa amd TNV dNUIovPYia TEPIEGOTEPO GTOXEVUEVOV evepyelmv papketvyk (Bello-Orgaz et al., 2016)
Kot otpatnyikne. H avdivon mepieyopévon kot TANpo@optdv Tov SLopolpdleTol oTa KOmViKd SikTua
EYEL QAVEL YPNOLUN GE FLAPOPOVG KAASOVE OTIMG LAPKETIVYK, dNpocta vyeia, dnuooto acpiareto (Gerber
2014), tovpiopde ko moatikr (Carvalho et al., 2017). Yrdpyovv d0popetikéc Teyvikég Ol OToieg
YPNOUYLOTOIOVVTOL Y10 TNV OVOKAALYT KPLUHEVOV HOTIfoV Kol yvooemv ota oedopéva amd Ta
KOW®VIKG dikTvo. Mepikég amd avtég Tig teyvikég gival: Avaivon keyévou kat cuvauoHnporog, topic
modeling, natural language processing (NLP) ko data mining. H omtikomoinon tov dedopévav kat m
OTTIKN avaivon moilovv oNUAVTIKO POAO OTNV OOTEAEGUOTIKY Olo)EiploN Kol KOTAVONGN TOV

peyarwv dedopévav (Ribarsky et al., 2014).

2TV €noyn TG YNOLoKoH UETAOYNUATIKOD Kol Kouvotouiag, ol pkpousoaisg entyepnosig (small and
medium enterprises - SMES) &yovv v kavOTTo Vo ovaTpEYoLV T, TOPUO0CIOKE ETLYEPTLOTIKA
HOVTELD XApT oTNV eveMEia Ko TV KovoTtopio Tovg. E1dkotepa y1o TIg LIKPOUECUIES EMYELPT|GELC TTOV
EYOUV KOTA KOUPLO AOYO TEPIOPIOUEVOVS TTOPOLS KOl OV EYOLV TNV TOADTEAEWN Va, KAvOuv AdOog

dwyeiptomn, n yvoon mov Aaufavovy umopei vo, cupPdAel GTNV GLYKEVIPOGT OTO O GUUVTIKA
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{nmuata. o ovto To Adyo, n avdivon cuvanstnpotog uropet va Bewpnbel pio Tpocodopopa TEYVIKT

OV TPOEPYETOL ATTO TAL LEYAAL OESOUEVQ.

H 61060vdeon Tov KOWOVIKOV SIKTO®V €ivol £Vo EKTETOUEVO EPYAAEI0 LOPKETIVYK Y10, VO, amevBuvOel
Kaveic 6To facikd koo tov. H duvatdtnta vo amavidel Kaveig ypnyopa, vo OAANAETIOPA LLE TO KOO
TOV TOKTIKA Kot Yo Oépota mov dev oyetilovtal amapaitnta Le 10 Tpoidv, Umopel vo eVOLVOUNDGCEL TO
oplo HeTaED TOV EMYEPNOEMY KOl TOV TEAATOV TOLG, €V EWVOL EVOG OLKOVOLIKO GHEGO KOVOAL
emikowvoviog Waitepa yuo tig SMES (Nobre & Silva, 2014). Ot enyglpnoelg mov dev aplepOvovYy
ApKETOVS amd TOVG TOPOVG TOVG GTNV OLUSIKAGIO OPYAVMGTC KOl OEV EPYOVTOL GE ENAPN LLE TOVG TEAATES
ToUG pmopel va amodeyBolv mePLGGOTEPO EVOAMTEG Kol €l mo mhovd va yacovv TNV
OVTOYOVIGTIKOTNTO TOVG LE TO TEPAGLO TOV YPOVov. OToladNTOTE TOLPLISTIKN emLyeipnon xpeldletan
va aE10TOUGEL TIG OPYOVOGIOKES KO LOPKETIOTIKES GTPATNYIKEG, TAKTIKEG KO EPYOAELN Y10 VOL TETVYEL
KOl Vo dlotnpnoel évo, Hovipo avioymviotikd mheovéktnua  (Mariani et al., 2018). Mg v évoon
TOAALDV JLLPOPETIKAOV TNYDV HEYAA®V Oedopévmv, T ) €TEpOYEVEIC TNYEG dedopévmV e TN HOPON
SopNUEVAV Kal Un SOUNUEVOVY SEOUEVMV, OTMG Y10, TOPAOELYUO 1) OVATPOPOSOTION TOV TEAATMV,
OedOUEVE, KPATNOEMY Kol OESOUEVE, 1GTOPIKOD avalNTNoNG amd TNV TAELPE TOV TEAUTOV KOl TOV
TPOoUNOEVTOV UTOPOHV VO ATOKAADYOLV VEN YVMGT] TTOL Ol TOPUSOCIOKEG TPOCEYYITELS dEV UTOPOVGAV
va gvtomicovv (Mariani et al., 2018). Oleg awtég o1 mepindokeg dadikacieg pmopodv va a&roroynody
KoL Vo eKTiUn0obv pe v avdAvon Tov PEYAAmy dedouévmy T 0Toia mopovv vo fonbncovy oty

avénon g pokpolmiog TV ETLYEPHOEDV.
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KEDAAAIO 2: EE6puén yvmdong pe v a&lomoinon Location & Big Data Analytics: n
nepintoon g Kpnng

21|uepa, ot ToVPIoTEG TOPAYOLY TEPAGTIO GYKO SESOUEVAOV OTAV EMCKETTOVTOL AGTIKOVS TPOOPIGLOVG,.
Qo1660, 1 YVOON GYETIKA LLE TNV OPOCTNPLOTNTO KOl TIS AVTIAYELS TOVG Y10l TOV TPOOPIGUO avTo gival
neplopiopévn. Ot eMEPNOELS KOL 0L OPYOVIGUOL GTOVG KAAOOVS TNG (IAOEEVIOG KOl TOV TOLPIGLOV
propohv v 0E0TOWCoVY TPAYUATIKE dESOUEVE, GUUTEPUPOPAS - OVTIANYELS TOV TPOKVTTOVY Ond
peydra dedopéva Tov dNUOVPYOVVTOL GE TPAYLOTIKO YPOVO amd SadIKTVOKES TTNYES OedoUévmV oE
avtifeon pe 1o mapadoolokés Epgvveg mov Paciloviol og epmtnuotordye. (Heerschap et al., 2014).
Qo61660, VIAPYEL EPELVNTIKO KEVO GYETIKA UE TNV EKUETGAAELON TOV UEYOA®V OEJOUEVOV GTNV
@uioevia kot Tov TouploTikd KAAdo. Emopévmg, amatteiton 1 vAOTOINON KOWOTOU®Y TPOKTIKMOV
Boaciopévov oty avaivorn peydiov 0edouévev ot omoieg Ba avadelkvoouy TV ¥PNOIUOTNTA TNG

EPAPUOYNG TOV LEYAA®V dedOUEVOV GE anTOVG ToLG KAGdovg (Mariani et al., 2018).

H ypnon dedopévav mov Pacilovtal ota KOwwvike diktoa gival eEUIPETIKA ETMPEANG Y10 TOAAG,
evolopepopeva pépn (stakeholders) coumeptropfavouévav tov mtoAtdv kol tov KuPepvicewv. Ta
diktvo, TOV KowoViK®v pécnv evnuépmong (social media networks) pmopodv vo amotedécovv
Kuplopyo TOPO Y10 TOADTULY YVAOGT] GYETIKA LUE TOLG TOVPLOTIKOVS TPOOPIGUOVG HECH TNG GLAAOYNG
dedopévov amd ta Kowvwvikd diktva Paost tomoBesiag (Location-Based Social Networks). ‘Eva
ONUOVTIKO TPOPANUa etvor 1 EAAENYT YVOONG CGYETIKA PE TNV GTOYTN TMV EMICKEMIOV YO £VOV

TPooplopd, KoM N CLUTEPLPOPA, Ol AVAYKES KOl Ol TPOTIUNGELS TOV ENMCKETTMV OEV EIVAL OPATES.

H gvkaipia yio ék@paor T@v amoyemv Tov TEAATN SNUOGIOG HECH TOV KOWOVIK®OV SIKTVOV, YOPIg
TOTIKOVG Kol YPOVIKOLG TEPLOPICLOVG, £xel 0ALGEEL oe peydro Pablo Tov TPOTO TOL Ol EMLYEPNOELS
avteToniovv Toug Teldtes Toug. Kabdg 1o Toupiotikd mpoidv Paciletar oty kdALYN avaykdv Kot
wavonoinor emfumv, o KAAS0g TOL TOVPIGHOY Kol TG Prloteviag, TeEPIOGOTEPO OO OTOLOVONTOTE
A0 KAAOO, TTPETEL VO, TOPAUEVEL UL, EUTTELPTIO OTOAOLGNC Y10, TOV TEAATT). Ol KOKES KPITIKEC UTOPOLV
va. PAGyovy onuavtikd Ty entyeipnon. H dnuocisvon ootoypapldv og amodeiln yio tnv ANy Kakov
VINPECLDY EYOVV QPVNTIKN EMATOON GTO TMG 01 VEOL dSuvnTIKol TeEAdTEG O GKEPTOVV Lol Kpdtnon M
ayopd. H d0vaun €xetl petapepei amd v entyeipnon otov meAdtn 0G0V apopd 1 SPAVELD LE T U
KOVOTTOoT Kot 1) Svo@opio. vo €ival ELPAVIG GE OTOLOONTOTE GUVOEETUL GTO OLOOIKTVO KOl TO,
okGvdaAa umopovy vo. yivouv viral, mpdyua mov éxel g oamotédecua peyaio Pabud apvnTikhg

ONUOGLOTNTOG KoL OTMAELN KOPOVG LLOG EMLYEIPNOTC.
2T1C uépeg pag, eivar onuovtikd va divetat Tpocoyn otig Aertouépeleg, kabmg n enun Boacileton kuping

OTNV EMKOWOVIO TOV KPUITIKOV ond €va peyddo delypo avlpdnmv, émov gppaviletar pe peydin

Aemtopépela 1 eumelpio oxedOV OA®V TV TEAAT®V. O1 TaPOdOCIOKEG EPEVVES E EPOTNUATOAOYIO 1
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TOPOTNPOVTOG TIC EMOKEYELS G€ TOMoDeGiEG, EMYEPNOELS K.0. EIVOL TOAD OTWYEG TTNYEC TANPOPOPING
o€ oyéon UE TO SLdIKTLOKO amoTVTTOWO. H 6pactnplotnTa Tou ATOIOL 6To KOW®VIKE SikTud, 1) 0Toia
oyetileton pe v owtoékepaot Kot Baciletot amokAeloTikd oty enfupio TOV 0TOUOD VO TAPOVGIACEL
TOV £0VTO TOV, Elval KOTOADTNG Y1 To peydia dedouévo, (Salas-Olmedo et al., 2018). H dwaBeociudmro
TOV TEPIEYOUEVOL TTOV TTOPAYETAL OO TOVE YPNOTES OTO JAOTKTLO KOl Ol VEEG TEXVOAOYIEG TAPEYOVY
GTOVG EPEVVNTES 0L VEQ OTTTIKY LLE TNV OTTOL0L WITOPOVLE VO, TPOGEYYIGOVE TV AVTIANYELS Kol THOVOV
Kol 70 emumedo kavomomong tov taédwtmv (Alaei et al., 2017). Ot enyelpnoelg Kot ot emaryyeAHOTiES
TOV TOLPIGUOV UTOPOLY VO TPOGAPUOGOVV Kol VO BEATIOCOVY GUYKEKPLUEVO APVNTIKE ornueia Tov
EVOYAOLV TNV TAEOVOTNTO TOV TEAATOV TOVG EVA €MionNg pmopolv vo yvopilovv molo pépn g
GTPATNYIKNG TOVG KOl TOV EMLYELPNUATIKOD TOVG LOVTEAOL Tyav KaAo. Mropovv eniong va pdbovv
TPog mole KatehOvvon VO KOWVOTOUNOOVY KOl VO EMEKTEIVOLYV TIC OpPACTNPLOTNTEG TOVLG, TIG

EYKOTAGTAGELG TOVG KOl TIG VINPEGIES TOVG.

H BeAtioon g Myms ono@daceny HLEG® TANPOPOPLDOY Y1d TNV TOVPIGTIKY eUnEpia Tov Aapfdavovton
0€ TPAYUOTIKO ¥PpOVO, UTOPEL VO, 0ONYNGEL GTNV TOPUKIVIOT] TOV TOVPISTOV OVUKOAVTTOVTOS OVOYKEC
KO TTPOTIUNGELS, OVATTUEN VEOV EMLYEPNUATIKDY LOVTEA®MVY, TPOIOVIMV KOl VINPECIOV Kot Beltinon
TOV EMYEIPNUATIKOD OIKOGVGTAUATOS EVVOMVTOG TNV GUVEPYUCIO KOl TNV EUTIGTOGUVN UETAED TV
UEADV TNG KOWOTNTOG. XTO TAOIGLO LTO, TO KEPUANLO GULVEIGQEPEL OTIC EPUPUOYEG AVOAVONG TOV
UEYOA®V OEOOUEVOV GTOV KAGDO TOL TOLPIGHOL KOl TNG QIA0EEViag TPOTEIVOVTOC UK KOIVOTOWO
TPocEyylon Yo TV a&lomoinon TepAcTion OYKOL [N SOUNUEV®V JESOUEVOV amd KOWVWOVIKA dikTua,
tonobeciog Kot TapEYouy TOADTIUN YVAOGT Y10l TO, YOPIKA, YPOVIKA KOl ONUOYPUPIKE YOPUKTPIOTIKG,
TV ToVpLeTdVv. Evd éxouv mopovciactel dAlol péBodot avaivong ded0UEVEOV TAPUTHPNONG, AVTH M
UEAETT TOPOVGOIALEL L0 KOVOTOWMIKT TTPOGEYYION TTOL GUVOLALEL TEXVIKEG UEYOA®Y OES0UEVMY OTMG
text mining (avédivon ocvvacOHiuatog, evtomopds Bépatoc KtA), mAnpoeopieg tomobeciog kot
KOW®VIKA 3IKTLO LETAUOPPDVOVTOG TIG EUTELPIEG TOV TOVPLOTAOV € TOADTIUO ayofd (amdKTNoN VEg
YVOGNG) Y10 YPNYOPATEPT KOl TO OMOTEAECUATIK ANYN amo@dcemv omd Tig Tovptotikég SMES kat
TOVG QuECH eVOlaPepOUEVOVG. TTio ouykekpluéva, 1 TPOGEYYIoN QVTH EIGAYEL TNV OVIALON KEWLEV®V
KoL EIKOVOV HE ANYT| 0E00UEVOV OO KOWVMVIKEA STKTLO KOWVNG ¥P1IONS TOAVUECHOV KAl KEWEVOV, TNV
avilvon TV Kowovikov dedopévev (social big data) omwg xowovikn diddpaoct, avdAivon
oLVUICONUOTOG, EVTOTIGUOG BEUATOAOYI0G GE GUVOVAGHO LE TOTIKA KO YPOVIKE XOPAKTNPIOTIKA Y10 VL

OMOEL TEPIGGOTEPT] YVAOOT| GYETIKA LLE TOVG TOVPLGTIKOVG TPOOPICHOVE.

H mepintoon e Kpritng ypnoiporodnke yio vo TopovclooTEl TOG 1) TPOTEWOUEVT] TPOGEYYIoT
UTTOPEL VO TOPEYEL YPTOULEG TTPAKTIKEG EQPUPUOYEG o1 Oloyeipion tomobeaiog, v Peltimon kot v
TpodOnon ¢ eumEPpiog TOV TOLPIOTOV. Xpnowomombnke &vo et 0edouUEVOV amtd VAIKO 7OV

ToPNYayoV oL ¥PNoTeG (ONUOGIELGEIS KEWEVMY KOl QOTOYPAPIOV) TO 0Toio Kowomombnke oe
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KOwmViKd diktua evtomicpob Béong yia T dvo peyaivtepeg morelg tng Kpnng, To Hpdxielo kot ta

Xowvid.

H yvoon oyetikd pe to molog €ival o dNUOPIAESTEPOG TPOOPIGUAC, TL EAKDEL TEPICCOTEPO TOVG
TOUPIoTEC KOl Yloti, TOleg €wol o1 dNUOPIAESTEPEG WEPEC/MPEC Yo dnuocievon kdbe TOTOL
TEPLEYOUEVOL, TTOLA LEPT TTPOTLLOVV VL ETIGKETTOVTOL Ol TOVPIGTES KO YLOTL, oo £IVOLL 1) TTO EAKLGTIK
tonofecio Yo cCLYKEKPEVT] LEPA/DPA KOl TTOlL €VOL TOL YOPUKTNPIOTIKE TV TOVPIGTAOV OVTAOV,
Bonbdel Tovg TOLPIGTIKOVG OPYOVIGLOVGS, TIG TOVPICTEG LKpopesaies emtyelpnoelg (SMES) kot Toug
voroma evolapepdpeEva LEPT OTMG ONUOL, TEPLPEPEIEG KTA. VO oYXeOALOVY, VO, DAOTOOVY Kol Vol
avamTOcoVV TPOoidVTO Kot LInpecieg mov Pacilovial 6TV Yvdon Tov TPoépyetal and SUdPACTIKES
OTTIKOTOMGELG dEOOUEVAV divovTag T duvatotnTa Yo Babitepn avdAivon ympic va amotteiton kdmolo
eEedikevon. EmmAiéov, to amoteAéopata g EPELVOG TAPEXOVY YVAOT| GYETIKA LE TNV AVATTUEN TOV
KOTOAANA®V GTPATNYIK®V Y10 TNV TPodinon Tov TOAe®mV Kot OAOKANPOL TOL vnolov ¢ Kpnng og

TOVPIGTIKOV TTPOOPIGHOV UEGH amd TNV SLOSIKTVOKT TPO®ON oM.

Ta amoteléopota TG £PEVVAS KATASEIKVDIOLY MG 1) VEX VTN TPOGEYYIGT GYETIKA e TNV Tomobecia
KOL TNV 0VOADGN TOV HEYAA®Y SE00UEVOV GE avTIOEDT e TIC TAPASOGIUKES EPEVVEC KO TO GUUPOTIKG
YOPIKA/YPOVIKAE dedOpUEV UTOPEL VO dDGEL VEQ Kol TOADTIUN Yvdon. To cuumepdouata g £pELVag
glvar moAvTna yio Tig Tovplotikég SMES, DMOS kat dALovG evOlaQEPOUEVOVE TOV TOVPICUOD TTOL
avalntobyv kawvotoueg otpatnyikég marketing yu va mapovoidoovy v mpootiféuevn aio evog
TPOOPIGLOV KOL VO EVOLVOUDGOVV TNV ETMVUUIN TOV OTOKTOVTOG CLUYKPLTIKO TAEOVEKTNUO, EVOVTL OE

GAAOVG TOVPLETIKODE TPOOPIGUOVG.
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KEDAAAIO 3: Meydhn avaivon 0e00UEVOVY Yo TPOOPISHOVS TOVPIGHOV: M1 GUYKPITIKY
avaivon péow Location - Based Social Networks

Ta dedopéva mov TaPAyovTaL 0o TOVG XPNOTEG 6TA KOWmVIKA diktva tomobeoiog, Location-based
Social Networks (LBSNS), umopouv vo. amoteAEéG00V GNUAVTIKN TTNYN YVAOOTG Y10 TNV KATAVONoT TV
AemTopEPE®V TNG avOPOTIVIG GLUTEPLPOPES KoL TNV KIVNGT] GTOVG TOVPLGTIKOVS TPOOPIGUOVG. XTI
LLEPEG L0, O1 TOTIKES OPYES KO O TOVPLOTIKES EMLYELPTOELS YPNCLOTO0VV GLUPATIKES HEBOOOVG OTTMC
EPOTNUATOAIYIL KOl ONUOCKOTNGELS Y. Vo GLAAEEOLY dedopéva kot va AdPovv oTpatnykéc
aropdoelg. [lopd to TAEOVEKTNUOTO TOVG, Ol TPOGEYYIOES OLTEG TAPOLOIALOVY ONUAVTIKA
UELOVEKTAUOTO OT®G OTL €lval apKETA ¥povoPOpeg Kol £OVV Th SLVOTOTNTO VO, GLAAOYNG HKPOD
delyparog anavtnoemv. H Biprioypagio mov mapovcidlel TpokTikéc HeAETEG TOL GLUVOVALOVY TEYVIKES
avdAvong peydlmv 6ed0UEVOV Kol KOWOVIKE dikTua elval omavia, eV VIApyEL EALEWYT] YVOGNC Yia
mv a&lomoinon TV peYaAmv dedouévey oTov KAGSo TG GrAo&eviog kat Tov Tovpiopuoy. Emopévag,
glval avaykaio 1 VAOTOINGT KOIVOTOU®V EQUPUOYDV OVOADONG TOV UEYOA®V JEOOUEVAOV TO, OO0
0£10mo100V To KOW®VIKG dikTuo BE0MG Y10 TNV AmOKTNGCT VEX YVAGNC GYETIKA LLE T CLUTEPIPOPA KOl

TIG AVTIMWELG YOP® 0O TOLG TOVPLGTIKODE TPOOPICUOVG.

Kobbhg 1 1don e ynoeromoinong cuveyiletat, givor mBavo ot eEumvol ToupioTikol Tpoopispol (Smart
tourist destinations) 6o avaderyBovv. Avtoi Bo PBacilovtal oty “dladpoon EvOg TPOOPIGUOD HE TNV
KOWOTNTO TOV EVOLNPEPOUEVOV LEPOYV, TOV KOTOIK®V KOl T®V TOVPLSTAV, 1 ontoia Oa Pacileton og
OUVOIKEG TAUTQOPUES, POEC emKOV@VieG pe Bdon tn yvdon Kot PeElTiopéva cuotipate otnpiEng
anopdcewv” (Vecchio et al., 2018a). Me v mpoPreyn 6t | TtpdcPacn ota dedopévo Ba yivel oakopo
L0 ELKOAT| KO 1) TANpOPOpic akOuUn o aKpLP1g, Oa avénbel onuovikd v axpifela Twv TpoPréyewy.
Q01660, GTOV TOVPLOTIKO KAASO0, 1) SUVATOTNTA TV HEYAA®Y dedopévmv dev €xetl a&romoinbel o peydio
Bobuod. O Khadog TV ToLPIGHOL Kal TG Prloleviag SUVCKOAEVOVTOL PE KOVOTOUES TPOCEYYICELS Ol

omnoteg Ba mpoodidovv a&ia aglonoidvtag to peydla dedopéva (Mariani et al., 2018).

H épevva tov tovpiopol pmopet va e&ghiybei o o véa emoyn 0mov o1 Tpooeyyicelg mov Pacilovtan
ot Oempio kot o1 TpakTikeg mov Pacilovial ota dedouéva Oa vmootnpilovy N wia TV GAAN Yoo TV
Kkatavonon N v e€nynon eavouéveov kabmg ETLGNE KoL TOV EVTOTIGUO VE®V doTAcE®VY 6TIS Dempieg
(Alaei et al., 2017). Ztmv ynolakn exoyn, VEEC EVKAPIES Y1a S1ABPACT UTOPOVY VOl SLOPAVODY Y10, TIC
EMYELPTOELS, TOVG OPYAVIGHOVE KO TOVE TOVPIOTES (TEAATEC) HECH TOV KOWMOVIKGOV dkTimv. Kabng
OMO KOl HEYOAVTEPOG OYKOC TEPLEXOUEVOD dNIovpYEiTal kadnuepvd amd Tovg id1ovg ToVg YPNOTES,
OTOKTAUE OAO KoL TEPLGGATEPT] YVAOOT GYETIKA LE T1 GUUTEPLPOPE TOV Katavolmtov. ETcol, amoldtng
TPOGOUPUOGUEVEC CTPATNYIKEG UITOPOLV VO, ovarTLYBohV Yio Vo KOADWOLV TANP®G TIC AVAYKES TV
TEAATOV PEATIOVOVTOG £TCL TNV OMOTELECUATIKOTNTO TOV EVEPYEIDV UAPKETIVYK, EVO EEMEPVIOLVTAL

EUTOO10 Kol SNUIOVPYEITOL KOVOTOUIO TTPOG TOALN VITOGYOUEVEG KOTELODVGELG.
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[Iponyovueveg pekéteg éyovv mpoomabnoel vo GLAAAPOVY Kol Vo OVOADCETE TIS TOVPIOTIKEG
OpUoTNPOTNTEG KOl TPOTWNCES Yo TNV PEATIOON TOV OTPATNYIKOV OTOPACEDY KOl TOV
TPOYPUUUATICUOD GTOVC TOVPIOTIKOVG TPoOoPIoots. Ot Tapadoclokeés mpooeyyicelg Omwg Ta
Ta&1010TIKA NUEPOAGYIX TAPOVGIALOVY TEPIOPICUOVE EVA TO KOWVOVIKA dTKTLO LTOPOVV VO, GUALGSOVY
o€ LEYOAO BOOLLO TNV GLUTEPLPOPE TV TOLPICTMOV GTOV YDPO Kot T0 ¥povo. ETot, 6To Tapdv Keparato
yivetar mpoomdBela vo glcdyovpe g Koavotopa pebodoroyio yio v eaymyn emmpochetng Kot
a&l0A0YNG YVOOTG amd TO TEPLEYOUEVO TOL OL YPNOTES ONUIOVPYOVV KOl KOWVOTOLOUV GE ONUOPIAElG
TAOTPOPLES KOWDVIKADV JIKTO®V LEGD TMOV KIVNTAV TOVG TNAEPOV®Y GTOVG VIO EEETAGT TOLPLGTIKOVS
poopioovs. O cuvdvaopog Twv TAnpoopidv tortobesiag (location intelligence) pe v avaivon tov
LEYOA®V OEOOUEVOV TOPEXEL TEPIGGOTEPT] YVMOON EMTPEMOVIOG OTLS EMYEPNOEL Kol OTO
EVOLULPEPOUEVO, LUEPN VO TPAYUATOTOOVV KAAVTEPEG TPOPAEYEIS GYETIKA UE TIG CLUTEPLPOPES TV
TaOTOV Kol Vo, ¥pNoonmotody Tovg O1afEciuovg mOPOVS avoAOYMG. XVYKEVIPOVOVTOG Kol
avordovtog peyaro dedopéva Baocet torobeaiog (LBSN big data), ta evéiapepopeva pépn propovv va
OTOKTGOVV TOAVTIUN YVOGCT Y10 TO LOTIPa, TIG TPOTIUACELS KOl TIG AVAYKEG TMV TOVPIOTOV KOl TOV
ta&wiotov. Ta anoteléopato TNG AVAALONG Y10 To dVO VNGLA UG OTVOUV YVMOGOT Yid TG TAGELS TV
TOVPLOTAOV GE UEPT avOAOY UE TIG MUEPOUNVIEG KOl TOV €I00C TOL TEPLEYOUEVOL (POTOYPUPIES 7
KEILEVO), TO cuvaictnuo TV TovploT®@V (To o BETIKO Yo TO TOPASOCIIKO PUYNTO KoL TNV OUOPOLYL
TV Tomtiov otnv Kpnitn kot 1o mo 0eTikd Yo TV OpopeLd TV TOTI®V Kol TIG dpAoTNPIOTNTEG GTNV
Kvmpo) oe cuykekpluéveg meployéc, Ty didopacT) ToL YPNOTH AVOAOYO, LE TO 100G TOL TEPIEXOUEVOD

0€ GLYKEKPLUEVOVC TTPOOPIGUOVE KO TOV EVTOTIOUO TNG BEUATOAOYING TOL TOPAYOLEVOD TEPIEXOUEVOL.

H yvdon ywo 1o mo1og givat o SNUopIAEGTEPOC TPOOPITUOC, Tl EAKDEL TOVE TOLPIOTEG TEPIGGATEPO KL
vy, moleg €lvar oL o OMUOPIAEIC MPEC KOl Ol TPOTIUMUEVEG UEPEG-DPES Y10, dMUOGigvoN
TEPLEYOUEVOL, TTOLOL LEPT TTPOTLLOVV VO ETIGKENTOVTOL Ol TOVPIGTES KO Y10TL, TOL0L £IVOLL 1) TTLO EAKVGTIKN
tonofecio Kot oo ivan Tol YOPAKTNPICTIKE TOV TOVPLGTAV, dIVEL T dVVATOTNTO GTOVS TOVPLGTIKOVG
OPYOVIGHOVG, TIG EMLYEIPTOELS KOL TOVG OlOPYUVATEG VO GYESIAGOLV, EPUPHOGOVY KOl OvVOTTOEOVY
TPOTOVTAL KOl LENPECieg pe Paocm Tn yveoon YPNOYOTOIOVING Ol0dPOUCTIKEG OMTIKOTOIGELS TMV
dedopévav ot omoieg fonbovv oty Pabitepn avdivon ywpig va amorteiton e€edikevor. EmmAéov,
GOLPMOVO. LLE TNV £PEVVO YOP® OO TIG EEVTVEC TOAELS, N PedTicoom Tng Sladikaciog AYNG GTPUTNYIKOV
OTOPACEMY OO TIG TOTIKES OPYES KOTAVODVTOS TIG OPACTNPLOTNTEG TOV AVOpOT®V, TIC TPOTIUNGELS,
TIG EUMEIPIEC KO TO TG LETOKIVOLVTAL EIVOL 1O10HTEPO ONUOVTIKA Yo TO. EVOLUPEPOUEV LEPT] LLOG
é&umvng moAng. H ouykpion peta&d tov dvo TOUPIGTIKGOV TPOOPISUMY TOV TOPOLGLOLOVV TAPOUOLL
YOPOUKTNPLOTIKG UTOPEL ETIONG VoL ODCEL YVMOGT Y10 TIG TPAKTIKEG TOV £QAPUOLOVTOL ETTLYMS GTO EVOL

ka1 O pmopovcsay va viodetnovv Kot 0o To GALO.

Me emikevipo TOV TOLPIGUO KOl TO KOW®OVIKG oiktvo Tomobeoiag, 10 Ke@AAMO GTOYEVEL GTNV

avakdloyn pog véag tpocéyylong yio v a&lomomon tepaotiov dyKov un SounuEVoY dE00UEVOV UE
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okomd v €£opuén yvaone. Xe avtifeon pe ta mapadociakd dedopéva Beomng/ypovov, o peYaia
OEJOUEVE, TTOV TTPOEPYOVTOL OO T KOVMVIKE SIKTLA TPOGPEPOLY LE SVVAUIKO TPOTO GTIV KAULVOTOUIN
Kot v onpovpyia a&lag péow g Pertimong AMYng GTPATYIKOV OTOPACEDV Ad TNV TOAVTIUN
YVOGYN 7OV TOPAYETOL GYETIKO UE TNV CLUTEPLPOPH TV TASINOTMOV, TIG EVIVAMGELS TOLG KOl TIG
TPOTIUNGELS TOVG GYETIKG UE TOVG TOVPIGTIKOVS TTPooplopove. [ v emitevén tov 6tdY0ov 0vTOoD
YPNOOTOONKE L0 KOVOTOUO TTPOGEYYLIOT LE TNV OToiol YIVETOL GUYKEVIPMOOT TEPAGTION OYKOL U
dounuevmv OedOUEVOV OV TPOEPYOVTOL OO OMUOEIAY Kowwvika diktva tomobeoiog (Twitter,
Foursquare, Flickr kot Instagram). ITwo cvykekpipéva, 1 TPocGEYYIoN OUTH EIGAYEL TOV GLVIVOGHO
avEALONG KEWWEVOL KOl OTOYPAPLOV TOL GLAAEYONKaV amd dikTua KOWNG YP1oNG TOAVUECHV KoL
€16Gryel avaADoELG LEYOA®V ESOUEVOV TTPOEPYOLEVMV atd KOovVKE dikTva, Ommg Social engagement,
sentiment analysis, topic/label detection oe cuvévacud pe YoPUKTNPIOTIKG TOTOL/YPOVOL YioL VL

TaPEYEL TEPIGGATEPT YVAGCT GYETIKA LLE TOVG TOVPIGTIKOVG TPOOPIGHOVG,.

H mpocéyyion cuvdvdalel teyvikéc avaivong PeYGAov deS0UEVOV Kl TOTOBEGIOV KAt Yp1GILOTOLE]
dedopéva yemypapikov eviomiopod (geotagged) ta omoio dnuocisvcav ot i6101 o1 ¥prioTeg oTo dVO
peyoAvtepo vinold g Mecoyeiov, v Kpnmn (EALGSa) kot to vinoi g Korpov. H cdykpion peta&d
V0 TPOOPICUDY HE KOWE YUPUKTNPICTIKG UTOPEL VO SMCEL TEPIGCOTEPT] YVMGT GYETIKA WE TNV
duvatotnta Peltiwong g kdBe mepoyne. I[lpoxtika GLUTEPAGHOTO TPOKLATOLV Omd TNV
OTTOTELECUATIKN AVAAVGT TOTIKMV, YPOVIKAOV Kol SNUOYPUPIKAOV OEG0UEVMVY YOP® A0 TNV KIVION TV
TOVPLETAOV GTOVE GLO TOLVPLOTIKOVG TPOOPIGLOVE Y10 TNV PEATIOON TOV GTPATNYIKOV OTOPAGEDY TOV
TOTIK®V 0pY®V Kol TV TouploTik®v SMES 0dnydvtag o€ kavotopia kot dnuovpyio aéioc. EmmAéov,
ot DMOs pmopodv va, a&lomotcovy v véa YyvAaoT Yo T1 ONUIovpyiot KOVOTOU®MY GTPUTYIKMV
LOPKETIVYK HE 6TOYO TNV gvduvaumon tov branding evog mpooptopod amoKT®VTS £T01 AVIOYOVIGTIKO

TAEOVEKTNLO £VOVTL TOV AVTOYWOVICTIKOV TPOOPICUMV.

H avédlvoon avt) mopéyel opiopévo CUUTEPACHUOTE Y10 TOVG EVOLULPEPOLEVOVS TOV TOVPIGUOD KoL
GUVEICQEPEL GTOV AKOONUOTKO YDPO KOl OTIS TOVPLIOTIKEG Kol EMYEPNOELS Kol Grho&eviag. QoTdc0,
TPEMEL VAL OvVAYVOPICOLUE OTL LITAPYOVV OplGUévol Tieplopicpol otnv peAétn avtn. Koatapydc,
YPNOLOTOLEITAL PIKPOG ptBOG KOVOVIK®OVY dikTuwv. [Tapoio mov n epevva PacileTol o€ mOAD peydlo
oLVOLO OESOUEVMV, 0QOPA HOVO TO JACTNUN TPIOV UNVEOV Kol TIG TOAES TV 000 VooV (dev
nepLapPavovtol oypoTikés 1 TopdkTieg meployEg). EmumAiéov, otnv épevva ypnoyromorfniav
dedopéva evtomopov 0éomg (location tag) mov mapryoyav ot idtot ot ypNoTEG, MGTOGO VIAPYOVV
apketoi Tovpioteg mov dgv Pydlovv POTOYPOPIES, dEV YPUPOLV KPITIKEC Kal 0gv HOPAlovtal TIC
eunetpiec tovg online. Emouévmg TpokerTon yior pio LEAETH TOV EMKEVTPOVETOL GTOVG TOVPIGTES OV
SNUIOVPYODV TTEPLEYOUEVO GE KOWVOVIKA dikTua, ToTtobeciag. EmmAéov, ota kovmvikd dikTva vapyov
KEVE, GE ONUOYPOPIKE YOPAKTNPIOTIKA OTTmG N nAikia, To eninedo udpemong kot to eicodnuo. (Li et al.

2018). 'Etot, égovv evtomiotei nedia yuo emmAéov aviivon. Emmiéov pelétn umopei va mepiapfavet
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TNV GVOADGT TEPLCCOTEP®V KO LEYOAVTEPTC TOIKIALOG OEGOUEVOV OTMG Y10l TOPASELY LA SEGOUEVO, TTOV
napdyovtol omo cévoopeg (sensor generated data) yio tov evtomiopd véwv potifov. H puehétn mopéyst
TEPLYPAPIKC, ATOTEAEGILOTOL LECH TG OVOAVGTG TV HEYolmv dedopévev m.y. sentiment analysis, text
mining «ou location intelligence, eved peAloviikég épevveg Ba umopovsay va XPNGILOTOGOVY AAAEC

TEXVIKEC.
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Big data Analytics: Applications, prospects and
challenges

In the era of the fourth industrial revolution (Industry 4.0), big data has major impact on businesses,
since the revolution of networks, platforms, people and digital technology have changed the
determinants of firms’ innovation and competitiveness. An ongoing huge hype for big data has been
gained from academics and professionals, since big data analytics lead to valuable knowledge and
promotion of innovative activity of enterprises and organizations, transforming economies in local,
national and international level. In that context, data science is defined as the collection of fundamental
principles that promote information and knowledge gained from data. The techniques and applications
that are used help to analyze critical data to support organizations in understanding their environment
and in making better decisions on time.

Nowadays, the tremendous increase of data through the Internet of Things (continuous increase of
connected devices, sensors and smartphones) has contributed to the rise of a “data-driven” era, where
big data analytics are used in every sector (agriculture, health, energy and infrastructure, economics and
insurance, sports, food and transportation) and every world economy. The growing expansion of
available data is a recognized trend worldwide, while valuable knowledge arising from the information
comes from data analysis processes.

In that context, the bulk of organizations are collecting, storing and analysing data for strategic business
decisions leading to valuable knowledge. The ability to manage, analyse and act on data (“data-driven
decision systems”) is very important to organizations and is characterized as a significant asset. The
prospects of big data analytics are important and the benefits for data-driven organizations are significant
determinants for competitiveness and innovation performance. However, there are considerable
obstacles to adopting a data-driven approach and get valuable knowledge through big data.
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Introduction

Data is characterized as the “lifeblood of decision-making and the raw material for accountability.
Without high-quality data providing the right information on the right things at the right time,
designing, monitoring and evaluating effective policies becomes almost impossible” (United Nations,
2014). In that context, ongoing attention to data and data-driven approaches from academics and
professionals exists, since the knowledge arising from data analysis processes leads to the promotion of
innovative activity, transforming organizations, enterprises and national economies.

Nowadays, in the 4th Industrial revolution era, organizations and governments focus on the
development of capabilities that provide knowledge extracted from large and complex data sets,
commonly known as “big data”. Big data is a buzzword in the last years in the business and economics
fields, since it plays an essential role in economic activity and has strengthened its role in creating
economic value by enabling new ways to spur innovation and productivity growth. Hence, the ability
of management, analysis and acting is significant under the context of knowledge-based capital (KBC)
that is associated with digital information, innovative capacity and economic aspects (OECD, 2015).

In that era, many enterprises independent of size, from start-ups to large organizations, attempt to obtain
data-driven culture struggling for competitive advantage against rivals. Enterprises aim to leverage data
generated within organizations through their operations to gain valuable insights for better, faster and
more accurate decisions in crucial business issues.

The advent of Web 2.0 allows users interacting with each other on social media platforms, enabled
companies getting access to big amounts of data easier and cheaper. In addition, the appearance of Web
3.0 provides considerably increased opportunities for external data collection. Mobile devices
(smartphones and tablets) facilitate companies to measure even more precisely, since those devices,
both Internet and mobile-enabled, have the capability to promote e.g. highly mobile, location-aware and
person-centered processes and transactions. This capability will continue offering unique research
challenges and opportunities through the years (Chen et al., 2012).

Digital enterprises like Google, Amazon and Facebook highlight the significance of big data, indicating
the various ways that they can be used from supply chain to customer satisfaction highlighting the
benefits of enterprises. Many enterprises started to benefit from those opportunities offered by the
immense development of big data technologies. Today, enterprises in every industry sector and not
limited to ICT sector, are focused on data exploitation to gain a competitive advantage, while
managerial decisions rely on data-based analytics and less on the leader’s experience (Provost &
Fawcett, 2013). Nonetheless, exploitation of big data needs people with skills and expertise who will
be able to capture value from data insights providing significant knowledge to managers and decision-
makers.

Defining Big Data

The tremendous generation of data, expected to reach 180 zettabytes in 2025, gives data a leading role
in change and growth of the 21st-century shaping a new “digital universe” with the transformation of
markets and businesses (Economist, 2017). Digital information from complex and heterogeneous data
coming from anywhere and at any time, introducing a new era, the era of “Big Data” (Sivarajah et al.,
2017).
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Big data refers to large datasets that are not able to be captured, stored, managed and analysed by typical
software tools (Manyika et al., 2011). These data sets that are huge -not only in size- but also in
heterogeneity and complexity (structured, semi-structured and unstructured data) include operational,
transactional, sales, marketing and other data. In addition, big data includes data that comes in several
formats including text, sound, video, image and more. This unstructured data is growing faster than
structured and have captured 90% of all the data (Gantz & Reinsel, 2011). Therefore, new forms of
processing capabilities are required for getting data insights that lead to better decision making.

On the data life cycle the challenges can be divided into three categories: data, process and management
challenges (figure 1) (Sivarajah et al., 2017). Data challenges refer to the characteristics of big data
including volume, velocity, variety and veracity. Process challenges are related to the techniques needed
for big data acquisition, integration, transformation and analysis in order to gain insights from the big
data. The data management challenges include challenges regarding data security, privacy, governance
and cost/operational expenditures.

Data Lifecycle —
= Velocity
= Variety
Bata = Variability
Challenges ® Veracity
= Visualization
= Value

= Data Acquisition & Warehousing
= Data Mining & Cleaning
= Data Aggregation & Integration
= Analytics & Modeling
= Data Interpretation = Privacy

= Security

= Data Governance
Management = Data & Information

Challenges Shedng )
= Cost / Operational

Expenditures
= Data Ownership

Process
Challenges

Figure 1: Challenges in Data Lifecycle

Big data can be characterized by the seven Vs: volume, variety, veracity, velocity, variability,
visualization and value.

Volume refers to the large size of the datasets. It is a fact that Internet of Things (loT) through the
development and increase of connected smartphones, sensors and other devices, in combination with
the rapidly developing Information and Communication Technologies (ICTs) including Artificial
Intelligence (Al) have contributed to the tremendous generation of data (counting records, transactions,
tables, files etc.). The speed of data is surpassing Moore’s law and the volume of data generation
introduced new measures for data storage i.e. exabytes, zettabytes and yottabytes.
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Variety represents the increasing diversity of data generation sources and data formats. Web 3.0 leads
to growth of web and social media networks leading to the generation of different types of data. From
messages, updates, photos and videos that are posted on social media networks like Facebook or
Twitter, SMS, GPS signals from smartphones, customers transactions in banking, e-business and retail,
voice data in call centers etc. Many of the crucial sources of big data are comparatively novel, including
mobile devices that supply huge streams of data that are connected with human behavior through their
activities and locations; or web sources supplying data through comprising logs, click-streams and
social media actions. Additionally, big data also differs in data types that are generated, thus big data
consists of structured data (tables, records), unstructured data (text and voice), semi-structured data
(XML, RSS feeds) and other data that is difficult to classify like data deriving from audio, video and
other appliances.

Variability is often confused with variety, but variability is related with rapid change of meaning. For
instance, words in a text can have a different meaning according to context of a text, thus for an accurate
sentiment analysis, algorithms need to find out the meaning (sentiment) of a word, taking into account
the whole context.

Velocity. Big data is characterized by the high speed of data generation. Data generated by connected
devices and web arrives in enterprises in real-time. This speed is extremely significant for enterprises
in taking various actions that enable them to be more agile and gaining competitive advantage against
competitors. Despite the fact that some enterprises have already exploited big data (click-streams data)
to offer their customers purchase recommendations, nowadays enterprises through big data analytics
have the ability to analyze and understand data taking actions in real-time.

Veracity of data refers to data reliability and accuracy. The data collection has data that are not clean
and accurate, thus data veracity refers to the data uncertainty and the level of reliability correlated with
some type of data.

Visualization. Data visualization is the science of visual representation of data and information. It
presents quantitative and qualitative information in some schematic form, indicating patterns, trends,
anomalies, constancy, variation, in ways that cannot be presented in other forms like text and tables
(Friendly, 2008).

The leverage of big data can provide valuable knowledge and thus the value offered by the data analysis
process can benefit enterprises, organizations, communities and consumers. Enterprises that overcome
challenges and exploit big data efficiently have more precise information and are able to create new
knowledge by which they can improve their strategy and business operations regarding well-defined
targets like productivity, financial performance and market value (Power, 2008), while big data plays a
major role in digital transformation of enterprises introducing innovations. Therefore, an increasing
interest in exploitation of big data among enterprises and organizations exists.
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Interest over time

Figure 2: Big data trend*

The economic benefits of big data in UK private and public sector businesses will increase from £25.1
billion in 2011 to £216 billion in 2017 (Cebr, 2012). Big data has the ability to provide more value in
enterprises in various ways and is able to enhance productivity and competitiveness of enterprises. Big
data is referred to the continuous growth of data and technologies that are necessary for collection,
storage, management and analysis of data.

The way of thinking about businesses has changed with big data, since it changes major elements of
organizations and not only management. Big data can be a key resource for enterprises obtaining new
knowledge, added value and fostering new products, processes and markets, thus data is characterized
as an asset from enterprises’ executives indicating the significance of data-driven approach within
enterprises (Microsoft News Centre Europe, 2016). Enterprises gathered data for ages, however,
nowadays more and more enterprises are actually analyzing the data instead of just keeping them.
Hence, data-driven enterprises perform better in financial and operational terms, 5% more productive
and 6% more profitable than no data-driven, gaining significant competitive precedence against their
competitors (McAfee & Brynjolfsson, 2012).

Big Data Analytics

The analysis of large datasets in enterprises, the term of big data analytics is associated with data
science, business intelligence and business analytics. Data science is defined as a collection of
fundamental principles that promotes taking information and knowledge from data (Provost & Fawcett,
2013).

Over the last years, data-driven approaches like Business Intelligence (BI) and Business Analytics are
characterized indispensable to operating enterprises. Bl is defined as the methodologies, systems and
applications for collecting, preparing and analyzing data to provide information helping decision
makers. In other words, Bl systems are data-driven decision making systems (Burstein & Holsapple,
2008), while Business Analytics are the techniques, technologies, systems and applications that are used
to analyze critical business data in order to help them to understand their business environment and take
business decisions on time. The power of Business Analytics is to streamline vast amounts of data to
enhance its value, while Bl mainly concentrates on historical data in graphs and data table reports as a
way to provide answers to queries without streamlining data and enhancing its value.

1 https://g.co/trends/CuxGn
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Business Analytics was commenced to outline the principal analytical element in BI in the late 2000’s.
Afterwards, the terms of big data and big data analytics have been utilised to describe analytical
techniques for data- sets that are so large and complex, that need advanced data storage, management,
analysis and visualization technologies. In that rapidly growing environment, the velocity of data makes
the conversion of data into valuable knowledge quickly a necessity. The differences between
conventional analytics and fast analytics with Big data are in analytics characteristics (type, objective
and method), data characteristics (type, age/flow, volume) and primary objective (table 1) (Larson &
Chang, 2016; Davenport, 2014).

Conventional Analytics Big Data analytics
Analytics Type Descriptive, Predictive Predictive, Prescriptive
Analysis Methods Hypothesis-based Machine learning
Internal Decision Support & Business Processes driver and Data-driven
Primary objective Performance Management Products
Data Type Structured & Defined Unstructured & Undefined
(Formatted in rows & columns) (Unstructured formats)
> 24h < Min
Data Age/Flow Static pool of data Constant flow of data
Data Volume Tens of terabytes or less 100 terabytes to petabytes

Table 1: Conventional and Big Data analytics

The development of the Internet and later on the connectivity coming from the web has contributed in
the increase of the volume and speed of data. Since the early 2000’s, Internet and Web technologies
have been offering unique data collection and analysis for enterprises. Web 1.0 systems enabled
enterprises to establish a web presence and offer their products/services online interacting with their
customers. Web 2.0 systems, including the introduction of social media networks like Facebook,
provide enterprises with more data about enterprises, products and customers. The ongoing increase of
mobile devices against the number of computers introduced a new era of business analytics, including
the analysis of user-generated content by social media channels. Mobile devices have the capability to
promote e.g. highly mobile, location-aware and person-centered processes and transactions. Therefore,
Data-driven decision making is based on data coming from all the sources of enterprises, while
predictions and machine learning are based on traditional data and new innovative sources like 10T and
Al.

Data analysis is the process of inspecting, cleaning, transforming and modelling data gaining useful
information for suggestions and support in decision-making. It has multiple facets and approaches,
encompassing diverse techniques under a variety of names, in different business, science and social
science schemes, while “Big Data Analytics” refers to advanced analytic techniques, considering large
and various types of datasets to examine and extract knowledge from big data, constituting a sub-
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process in gaining insights from big data process. Using advanced technologies, Big Data Analytics
(BDA) includes data management, open-source programming like Hadoop, statistical analysis like
sentiment and time-series analysis, visualization tools that help structure and connect data to uncover
hidden patterns, undiscovered correlations and other actionable insights.

The process of BDA is a resource for strategic decisions leading to significant improvements in
operations performance, new revenue streams and competitiveness against rivals. In that context, the
process of getting insights from big data can be divided into two phases: data management and data
analysis (figure 3). Data management is related to the processes and technologies for data generation,
storage, mining and preparation for analysis, while data analysis refers to the methods and techniques
for analysis and interpretation of the insights coming from big data (Gandomi & Haider, 2015).

¢ Data Acquisition &
recording
Data ° Extractlonc cleaning )
— & Annotation Data Analytics
| Management \
\ ® Integration, \
\ .
\ aggregatlon-& .
N representation AN ;;

e Modelling & Analysis
® [nterpretation

Figure 3: Process of leveraging big data

Analytics can be divided into four categories, ranging from descriptive and diagnostic analytics to the
more advanced predictive and prescriptive analytics.

Descriptive analytics, based on historical and current data, is a significant source of insights about
what happened in the past and the correlations between various determinants identifying patterns using
statistical measures like mean, range and standard deviation.

Descriptive analytics using techniques like online analytical processing (OLAP) exploits knowledge
from past experience to provide answers in what’s happening in the organizations. Common examples
of descriptive analytics include data visualization, dashboards, reports, charts and graphs presenting key
metrics of enterprises including sales, orders, customers, financial performance etc.

Diagnostic analytics based also in historical data provide insights about the root-cause of some
outcomes of the past. Thus, organizations can take better decisions avoiding errors and negative results

of the past.

Predictive analytics is about forecasting and providing an estimation for the probability of a future
result, defining opportunities or risks in the future. Using various techniques including data mining,
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data modelling and machine learning, the implementation of predictive analytics is significant for any
organization’s segment. One of the most known applications of that type of analytics is the prediction
of customer behavior, determining operations, marketing and preventing risk. Using historical and other
available data, predictive analytics are able to uncover patterns and identify relationships in data that
can be used for forecasting (Gandomi & Haider, 2015). Predictive analytics in the digital era is a
significant weapon for organizations in the competitive race. Therefore, organizations exploiting
predictive analytics can identify future trends and patterns, presenting innovative products/services and
innovations in their business models.

Prescriptive analytics provide a forecasting of the impact of future actions before they are taken,
answering “what might happen” as outcome of the organization’s actions. Therefore, the decision-
making is improved taking under consideration the prediction of future outcomes. Prescriptive analytics
using high level modelling tools is able to contribute remarkably to the performance and efficiency of
organizations, through smarter and faster decisions with lower cost and risk and identifying optimal
solutions for resource allocation (IBM, 2017)

The advanced predictive and prescriptive analytics can play a crucial role in efficient strategic decision
making dealing with significant problems of organizations like design and development of
products/services, supply chain formation etc (Demirkan & Delen, 2013).

Big Data Analytics Applications

Nowadays, as the growing generation of available data is a recognized trend across enterprises,
countries and market segments, the majority of enterprises regardless industry is collecting, storing and
analyzing data in order to capture value. Digital economy through the tremendous use of internet and
digital services has transformed almost all the industry sectors, including agriculture and manufacturing,
to more service-centered (Lodefalk, 2013). There are many and different sectors, like e-commerce,
politics, science & technology, health, government services etc. where big data analytics are applied.
Data-driven companies from various industries clarify the power of big data, making more accurate
predictions leading on better decisions.

The large streams of data generated everyday need better infrastructures in order to be captured, stored
and analyzed. A market with a wide supply of new products and tools designed to cover all the needs
of big data has been created and it is developing rapidly (Davenport et al., 2012). There is a wide variety
of analytic tools that can be used to perform BDA, among others on the basis of SQL queries, statistical
analysis, data mining, fast clustering, natural language processing, text analytics, data visualization and
artificial intelligence (Al). These techniques and tools provide easily and rapidly exploitation of big
data.

The knowledge derived from exploitation of big data provides enterprises added value through new
ways of productivity, growth, innovation and consumer surplus (Manyika et al., 2011), thus big data
becomes a major determinant of competitiveness and enterprises are in need of data analysis capacity
to exploit the full potential of data.

Enterprises that learn to capitalize big data utilizing real-time information coming from various sources

like sensors, connected devices etc. can understand in more detail their environment and define new
trends, create new and innovative products/services, respond quickly to changes and optimize their
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marketing actions. The leverage of big data is able to contribute to the efficient resources’ allocation
and supervision, waste reduction, facilitation of new insights and higher level of transparency in
different sections of enterprises from production to sales.

Therefore, BDA applications in almost every business sector exist. Applications also in politics and e-
government, science and technology, security and safety, smart health and well-being exist (Chen et al.,
2012). In addition, there are plenty and various types of big data applications among enterprises and
industry sectors. BDA can be employed in e-commerce and marketing applications like online
advertising and cross-selling, while it helps enterprises to analyze customer behavior in shaping 360-
degree customer profile for implementation of targeted and optimized marketing actions to impact
customer acquisition and satisfaction. It offers better understanding of customers’ behavior and
preferences and thus improve customer service.

Some examples of the ways BDA are exploited showing the significance of analytics in various themes
(table 2) (Baesens, 2014):

Marketing Market basket Recommendation Customer Retention Customer Churn
analysis systems Intelligence modeling prediction
Processes Supply chain Demand and Business HR analytics
analytics supply forecasting Processes
analytics
Government Fraud detection Terrorism Tax avoidance Cost reduction Social security
Detection
Risk Credit risk Market risk Fraud detection
Management modeling modeling
Web and Social Web analytics Social media Multivariate
media analytics testing

Table 2: Big Data Analytics exploitation examples

Enterprises and organizations collect large amounts of security-relevant data such as software
application events, network events, people’s action events. The generation of data coming from these
actions are increasing rapidly per day as organizations enable logging in more sources, running more
software programs, have more working employees and move to cloud solutions. Unfortunately, the
volume and variety of security data quickly become overwhelming and existing analytical techniques
cannot work efficiently and trustworthily. BDA applications become part of security management and
monitoring, since it contributes to cleaning, preparation and analysis of various complex and
heterogeneous datasets efficiently (Cardenas et al., 2013). One of the most common uses of BDA is
fraud detection, thus financial institutions, governments and phone companies use big data technologies
to eliminate risk and enhance their efficacy.

In addition, BDA is widely applied in supply chain and logistics operations playing a significant role in
developing supply chain strategies and supply chain operations management. BDA can support decision
making through the understanding of changes in marketing conditions, identification of supply chain
risks and exploiting supply chain capabilities to model innovative supply chain strategies, thereby
improving the flexibility and profitability of supply chain. BDA contributes also in decision making at
operational level, since it measures and analyses supply chain performance taking into account demand
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planning, supplies, production, inventory and logistics. It thus improves the efficiency of operations,
measures supply chain performance, reduces process alterability and contributes to the implementation
of the best supply chain strategies at operational level (Wang et al., 2016).

Talking about digital and data-driven enterprises, the firsts coming in mind are Google, Amazon, Apple
and Facebook. Amazon that was born digital, exploited big data achieving to disrupt traditional book
market and became the leader in digital shopping. Another example of a famous born-digital firm is
Google that harness data from engine search to digital marketing in order to provide and personalize
search to its users, while Google and Facebook collect data providing opportunities for personalized
and customized marketing.

Nevertheless, traditional non-technological enterprises are also attempting to gain data-driven benefits.
General Electric (GE) has developed a cloud-based platform for Industrial Internet application named
“Predix” that provides real-time insights for engineers to schedule maintenance checks, improves
machine efficiency and reduces downtime. GE this way provided new service value propositions in the
conservative market of the oil and gas industry, while it faces its most pressing challenges: improving
assets and operations productivity and eliminating the cost of tacit knowledge from an aging workforce
(Winig, 2016).

Walmart and other major retailers using BDA in the entire business process, from supply-chain
management to marketing, gained benefits from data. Applications of BDA are everywhere and not
only in digital sectors, but also in no web-based sectors including manufacturing, agriculture, health
care, energy, traveling and others. In healthcare sectors various applications of BDA exist, from quality
of treatment services and cost efficiency of hospitals to improvement and predictions of patient health
condition. In traveling and retail, BDA applications are able to provide customer intelligence through
web and social media analytics, thus enterprises can offer personalized products/services. Additionally,
in energy management the majority of the enterprises use data analytics to track and control devices
achieving a more efficient energy management without services deviation.

Big Data Analytics Prospects

Analytics in decision making procedure is not something new, since business analytics appeared as
early as in the mid-1950s - Analytics 1.0 era - with the advent of tools that were able to generate and
capture larger amounts of data in enterprises data warehouses and discover patterns more quickly than
human minds with business intelligence tools. In that first era, managers gained a data-based
comprehension going beyond intuition in decision making. Until mid-2000s, the rapid growth of data
generation and the arrival of big data have signalled a new era - Analytics 2.0 -, where enterprises have
the opportunity to leverage that data with new more powerful tools. The need of new innovative
technologies appeared and enterprises moved quickly to acquire the necessary capabilities and
knowledge for gaining insights from big data, with the major difference between eras being in skills
required for data analysis (Davenport 2013). In the next era, analytics is an integral part of enterprises
supporting decision making and enterprises move to creation of analytics-based products/services.
Moving ahead, the next era - Analytics 3.0 or “data economy” -, is characterized by the tremendous
increase of data generation coming from the growth of Internet of Things (loT) with 8.4 billion
connected devices in 2017 globally and 20.4 billion by 2020 (Gartner, 2017)
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The most recent era -Analytics 4.0-, includes cognitive technologies including machine learning, where
actions and decision making are shifted to augmentation with dynamic machine automation. The main
characteristics of all these eras are appeared in figure 4 (Davenport, 2016).

* Small, structured, static data
 Back office analysts

¢ Slow, painstaking

¢ Internal decisions

» Descriptive analytics

* Human hypotheses

Analytics 1.0
1950s- ...

*Big, unstructured, fast-moving data
*Rise of data scientists

eData products in online firms

*Rise of Hadoop & open source
*Visual analytics

*“Agile is too slow”

Analytics 2.0
2001-...

* Mix of all data

¢ Internal/external
products/decisions

* Analytics a core capability
* Move at speed & scale

¢ Predictive & prescriptive
analytics

Analytics 3.0
2013-...

 Analytics embedded, invisible,
automated

 Cognitive technologies

* “Robotic process automation” for
digital tasks

¢ Augmentation, not automation

Analytics 4.0
2016- ...

Figure 4: The evolution of Analytics eras

In the current era of analytics, the emerging new technologies will increase the generation of data, thus
enterprises and organizations have to face technical challenges in order to have access to more and
better data. The worldwide revenues of big data and business analytics (BDA) will be more than $203
billion in 2020 and banking, manufacturing, government and professional services will be the top
industries in BDA investments according to International Data Corporation (IDC) (Forrest, 2016).

Therefore, enterprises should focus on capturing value from data using analytical techniques and tools.
BDA can help enterprises to examine trends and discover new ones for gaining competitive advantage,
introducing new and improved products. Among others, data visualization and process simulation, text
and voice analytics, social media analysis, predictive and prescriptive techniques can provide valuable
knowledge to enterprises, while they are able to make insights more transparent and impact any
enterprise’s section.

Data science and big data technologies - techniques promote data-driven decision making and thus
contribute in better enterprise’s performance, since the ultimate goal of data science is the improvement
of decision making. Therefore, whether organizations couldn’t capture value from applying data-driven
decision making as their strategy, they have failed (Provost & Fawecett, 2013). There is evidence that
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data-driven decision making contributes significantly and positively to enterprise’s performance in
terms of productivity and profitability (Brynjolfsson et al., 2011) . Data-driven approach can provide
great opportunities for gaining competitive advantage, as measuring and managing more precisely
business analytics can enable organizations to make better predictions and smarter decisions also to
target more-effective interventions (McAfee & Brynjolfsson, 2012).

Moving to a whole new era in data analytics, organizations and enterprises are exploring new innovative
strategies and techniques to remain competitive in their market. Using BDA help them to introduce new
and/or improved products/services, manage more efficiently their supply chains and processes,
eliminate risk through fraud detection and security improvement and exploit customer intelligence.

Applications of BDA can provide several advantages in organizations and enterprises that have an
efficient data-driven approach. Big data analysis is able to provide in-depth knowledge about the
different departments of an organization and thus using big data analytics for prediction making will
contribute to increased performance and higher returns on investments with lower cost and risk, while
more transparency is achieved.

Some of the prospects of big data analytics are:

1 Gaining insights from big data analytics of all the departments of an organization to develop a
comprehensive business strategy, or the entire organization. This strategy will be able to
contribute to a higher level of productivity and efficiency, within the departments, but also in
the whole organization with cost reduction and elimination of processes.

(1 Organizations can exploit more artificial intelligence (Al) technologies that are able to reinvent
organizations in various ways. However, organizations should develop automations and
structured analytics, before they move on the adoption of advanced Al. The integration of
structured and unstructured data analytics with Al systems makes it possible to examine,
explain and predict customer preferences and behavior (Harrison & O’Neill, 2017)

Data-driven innovation (DDI) relying on the knowledge-based capital, refers to innovations arising
from data-driven decision processes (OECD, 2015) that lead to the discovery of new and disruptive
business models, the enhancement of customer intelligence (Ryan, 2016) and the introduction of
new/improved products or services. The potential of data-driven innovation big data in UK private and
public sector businesses will lead to £24,1 billion contribution to the UK economy during 2012-2017
(Cebr, 2012).

Real- time analytics is a big trend enterprise need to pay attention to in the near future. Despite the
challenges and issues that are addressed, it is proven that analytics-driven management has significant
implications for enterprises, whether they are looking for growth, efficiency or competitive
differentiation. Therefore, Big data analytics have seemingly unlimited potential to help an enterprise
to grow and reveal its data potential.

The rapid growth of the demand for data analytics in combination with the lack of talent lead on
collaborations and initiatives between academia and industry in order to bridge the talent gap. In that
context, many universities are preparing and starting academic courses related with data science. In
addition, companies realizing the potential of big data, provide training to their employees. Recently
Airbnb started its own internal university called “Data University” to democratize data science and help
to drive data-informed decision making.
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There are different expectations from enterprises regarding big data analytics. Organizational leaders
want to exploit analytics to be smarter and innovative like never before, while senior executives want
to use data-driven decision making for their efficient operations (LaValle et al., 2010). Managers using
a data-driven decision system (DSS), have access to historical and new data supporting them to gain
insights for organization processes and resources’ performance. DDS are significant not only for global
organizations but also for small and medium organizations that can exploit them to their benefit (Power,
2008).

Big data analytics challenges and barriers

The major challenges in adopting big data analytics from enterprises are more managerial and cultural
than associated with data and technology, while the main barriers are the lack of comprehension of how
to utilize big data analytics to enhance the business and the lack of management spectrum from
competing priorities (LaValle et al., 2010). Studies among different industry sectors indicate that
organizations use less than half of their structured data in decision making process, while less than 1%
of their unstructured data is analyzed or exploited, 70% of employees have access to data they should
not and 80% of analysts’ time is to discover and prepare data (Dallemule & Davenport, 2017).

Leadership. According to management challenges, enterprises that achieve to be successful in the data-
driven era have leadership teams that determine aims, modulate achievements and ask the right
guestions to be answered by data insights. Despite its technological approach, the power of big data
cannot be exploited without vision or human insight. Therefore, leaders of enterprises with vision and
ability of revealing the future trends and opportunities, will have the ability to act innovative, motivate
their teams work efficiently to achieve their targets.

Talent management. Enterprises in order to leverage data through big data analytics need human
capital with high level of technical skills to use and exploit these systems in order to achieve exploitable
knowledge for end users, mainly C-suite. People’s specific skills include statistics, big data mining,
master visualization tools, business-oriented mindset and machine learning. These are required to get
valuable insights from big data contributing in decision making procedure (McAfee & Brynjolfsson,
2012). However, these people (data scientists, data analysts etc.) are extremely difficult to be found and
thus demand for them is high. There is a challenge in finding data scientists with skills both in analytics
and in domain knowledge. In general, there are existing fewer data scientists than needed (Waller &
Fawcett, 2013).

Decision making procedure. In efficient enterprises, decision makers and knowledge derived from
data exploitation are in the same place. Nonetheless, it is difficult for decision makers to handle huge
amounts of data. Therefore, there is need of decision-makers having problem-solving skills and the
ability to provide answers to problems with the right data or cooperation of different people in problem
solving through leveraging big data (McAfee & Brynjolfsson, 2012).

Decision making Quality. The quality of decision making adopting a data-driven approach is a
significant factor for taking advantage of the possibilities that big data analytics are offering. In that
context, ensuring decision making quality is correlated with factors like data quality of big data sources,
big data analytics capabilities, staff and decision-maker quality (Janssen et al., 2017). The accuracy of
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big data sources is significant in providing high value in decision making eliminating wrong actions,
while big data analytics capabilities are related with the utilization of the right techniques and tools
from specialists with knowledge of big data analytics.

Data-driven culture. Another significant challenge for adopting data-driven approach is enterprise
culture. The basis in obtaining data-driven culture is the capabilities to quickly condense, analyze and
distribute crucial business information to decision makers. That basis is extremely significant for
enhancement of business performance, while development and improvement of that capabilities
empower enterprises leading to improvements in all business segments and higher returns on
investments. In that context, enterprises have to adopt data-driven decision making in all issues and stop
acting solely on hunches and instinct. Therefore, management must fully understand the significance of
getting insights from data exploitation. In addition, for a data-driven enterprise, people who are involved
in the process of data-driven decision making need to meet some requirements. Managers should be
able to manage efficient data-analytics teams and projects, while marketers should be able to understand
metrics and analytics in order to manage efficiently marketing activities.

New Technology utilization. Many enterprises conceiving the power of data, have developed
technology skills in business intelligence and/or data warehousing, but the technologies of big data
analytics are different and new. Therefore, enterprises have to utilize techniques and technologies that
are available in order to capture value from big data. As these technologies are evolving rapidly, IT
departments should be able to develop their capacity and be up-to date to that ongoing innovation. For
instance, problems will emerge when database software does not support big data analytics options.

Data privacy. The collection of data is considered to be deeply suspicious by many people. For them,
big data is an invasion of their privacy. Marketers are struggling with consumers’ perception of data, as
71% of them believe that brands with access to their personal data are using it unethically, while the
58% of them have not used any digital service due to privacy concerns that lead to decision-making
about the applications they download, the email addresses they share and the social media sites to use
in order to connect to other websites (Chahal et al., 2016). Therefore, enterprises need to use safeguards
in order to ensure that data is not used to violate the customers’ personal privacy (Manyika et al., 2011).
In that direction, data policies including privacy, security, intellectual property and liability issues,
should be addressed in order to exploit big data value.

Conclusions

The growth of the Internet with the beginning of Web 2.0 era enabled companies getting access to big
amounts of data easier and cheaper, while the opportunities for external data collection have even
increased with the appearance of the Web 3.0. Enterprises and organizations from all sectors began to
focus on data exploitation for gaining competitive advantage.

Nowadays, the big data era has quietly settled down on almost every company, because they realized
that data-driven decisions tend to be better and more accurate decisions. However, that many companies
in several industries are applying business analytics including big data analytics, it doesn’t mean that
they all take benefit from it by getting valuable insights and real business value from the available data.

Becoming a data-driven company is more than using analytical techniques and tools. The companies
need to hire people equipped with systematic thinking to promote the success in data-driven decision

34


https://paperpile.com/c/T3Jy4l/Vts00
https://paperpile.com/c/T3Jy4l/4nbW2

making. Success in the data-oriented business environment today includes being able to think data-
analytically. Since the amount of data is continuously growing, domain knowledge and analysis can’t
be considered as separate areas. Both academic and applied professionals of the companies are expected
to have the analytical skills to understand business processes.

Employees, who don’t have a basic understanding of data-analytic thinking, do not really know how
will be easier for them to find suitable solutions for the weaknesses of the concerning process step. But
to be able to perform data-driven, organizations have to face some challenges, both managerial and
technical.

Big data is not just about data volume, but also about variety and velocity. Big data analytics have the
ability to help enterprises understand their business environments, their customers’ behavior and needs
and their competitors’ activities. Thanks to big data analytics enterprises are able to form their products
and actions in order to fulfil customers’ needs and innovate against rivals through better predictions and
smarter decisions on the basis of evidence instead of intuition. Organizations that achieve to manage
the challenges and adopt a data-driven culture, they can expect good prospects. There is strong evidence
that business performance can be improved via data-driven decision making, big data technologies
analytical tools and techniques on big data. As more companies learn the essential skills of using big
data and how to engage with current technologies, which are continuously developing, may soon stand
out from their competitors and have a decisive competitive advantage.
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Knowledge Extraction through Location & Big Data
Analytics: the case of Crete

Introduction

Nowadays, tourists generate massive volumes of data (big data) during their visit to an urban
destination. However, there is little knowledge of their spatial activity and perceptions. Enterprises and
organizations in hospitality and tourism are able to exploit actual behavioral data - perceptions derived
from big data generated in real-time from online data sources in contrast to traditional customer surveys
based on questionnaires (Heerschap et al., 2014). Nonetheless, there is a knowledge gap in the leverage
of big data in hospitality and tourism, thus the implementation of innovative big data analytics
applications in these domains is needed (Mariani et al., 2018).

In this context, this chapter contributes to Big Data analytics applications in the tourism and hospitality
industry by proposing a novel approach to leverage massive unstructured location-based social media
big data and provide valuable knowledge about spatial, temporal and demographic characteristics of
tourists. While other observational data analysis methods for social media data have been presented,
this study presents an innovative approach integrating big data techniques, location intelligence and
social media transforming tourist experiences into valuable assets (new knowledge extraction) for
quicker and more efficient decision making by tourism SMEs and stakeholders. More specifically, the
approach introduces the combination of textual and photo analytics with data derived from media
sharing and textual social networks, introduces social big data analytics such as social engagement,
sentiment analysis, topic/label detection combined with spatio-temporal features to provide more
insights about tourist destinations.

To demonstrate how the proposed approach can provide useful practical implications for applications
in location management, tourist experience improvement, and promaotion, the case study of Crete is
used. A dataset composed of user-generated text and photos shared in location-based social media
networks for the most popular cities of Crete island (Greece), Heraklion and Chania is used.

Research findings demonstrate how this novel approach of location and big data analytics in contrast to
traditional tourist surveys and conventional spatio-temporal data can provide new and valuable
knowledge. Implications arising from the study are significant assets for tourism SMEs, DMOs and
other tourism stakeholders in the search of innovative marketing strategies for demonstrating the added
value of destination and strengthening destination branding gaining a competitive advantage against
other rival tourist destinations.
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Literature/ Study background - framework

Nowadays, the need for enterprises and organizations regardless of industry and size (from micro to
large) to innovate is essential for their survival and evolution. Due to digital transformation, innovation
is characterized as “knowledge-based” and is coming to the fore. Enterprises, especially small and
medium enterprises (SMEs), can exploit knowledge fostering innovation in order to gain better
performance and a competitive advantage in the globalized market. To achieve that, it is fundamental
to gather and analyze the appropriate data for knowledge extraction that is needed for making actionable
decisions.

Data is considered as the raw material of the 21st century and its conversion into information is
significant for the quality of decision making (Elgendy & Elragal, 2016). In this digitized era, data is
considered a catalyst for innovation, productivity and competitiveness. Big data, the process that
includes data gathering, management and analysis to provide knowledge revealing hidden patterns, can
lead to a value in many ways such as cost reduction, adaptive learning, and artificial intelligence,
efficient processes, improved business decision making, new processes, and innovative activities.

Therefore, the potential of data-driven decision making is widely recognized. The data-driven process
to actionable knowledge presented below (figure 5), where data is a process of collection and
interpretation, whilst information provokes knowledge to decision making for action, actionable
knowledge (Bumblauskas et al., 2017).

Feedback

Actionable Knowledge
Data

Information
Knowledge

Figure 5: Data to knowledge process (Bumblauskas et al. 2017)

When data is transformed into actionable knowledge, it becomes valuable for organizations and
enterprises in the strategic and operational decision processes. Data-driven decision making declares
“the practice of basing decisions on the analysis of data rather than purely on intuition” (Provost &
Fawcett, 2013; Brynjolfsson et al., 2011).
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The history of using and analyzing data for enterprises has been developed over the years (table 3)
(Davenport, 2014; Power, 2007).

Term Time frame Specific meaning
Decision support 1970-1985 Use of data analysis to support decision making
Executive support 1980-1990 Focus on data analysis for decisions by senior executives
Online Analytical Processing (OLAP) | 1990-2000 Software for analyzing multidimensional data tables
Business Intelligence 1989-2005 Tools to support data-driven decisions, with emphasis on reporting
Analytics 2005-2010 Focus on statistical and mathematical analysis for decisions
Big Data 2010-present Focus on very large, unstructured, fast-moving data

Table 3: Terminology for using and analyzing data

In recent years, the rapidly growing power of decision models has concentrated the attention of C-suite,
since the increasingly advanced analytics algorithms and techniques such as clustering, neural networks
with a huge amount of data opened up new ways for the improvement of decision making and business
performance (Rosenzweig, 2014). Advanced data analytical techniques contribute to decision making
by way of analyzing and inspecting data for hidden meaning. Due to the vast volumes of data that are
available mastering them and turning them into valuable information is the challenge (Poleto et al.,
2015). The data management and exploitation for quick insights can provide a better understanding of
the markets, hence a competitive advantage. Data visualizations and advanced analytics can help to
quickly identify patterns, trends, and opportunities that would not be efficiently identifiable by using
legacy methods. This is where automation, mathematics, and art come together to maximize the value
of computer processing power.

In this era, business innovation? goes far beyond R&D, while the value creation can come from different
types of innovation (OECD, 2005). Big data is able to change competition by the transformation of
processes, development of business ecosystems and innovation facilitation (Manyika et al., 2011).
There are several modern technologies such as Big data and 10T that contribute to the evolution of data
related to business transformation. Hence, a business innovation derives from the exploitation of data
and analytics is determined “data-driven innovation (DDI)” (OECD, 2015).

Data-driven innovation deals with the development of new or significantly improved products/services,
processes or methods. Therefore, big data leverage for decision-making is of major concern. Crucial
and significant business decisions can be made based on torrents of both internal and external data (Rao
& Holt 2005). There are enterprises and organizations that already benefit from leveraging data, but the
bulk of them focus on internal processes and costs optimization (Manyika et al., 2011).

DDI can take various forms: data-driven products (new products/services developed based on data),
data-intensive products (products with major ingredient data), data-driven processes (optimization of

2“4 business innovation is a new or improved product or business process (or a combination thereof) that differs significantly from the
firm's previous products or business processes and that has been introduced on the market or brought into use by the firm” (OECD &
Eurostat 2018).
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enterprise processes using data) and data-driven R&D processes (enhancement of R&D using data).
(Zolnowski et al., 2014) examine the impact of data-driven innovation on enterprises and their business
models focusing on international enterprises that implement successful data-driven innovations. They
conclude that enterprises can improve their value propositions and processes in their business models
fostering data-driven innovations. More specifically, patterns of cooperative value innovation and
customer-centric value innovation enable a transformation from product to service-oriented offerings,
while patterns of cooperative productivity improvement and company-centric productivity
improvement enable an internal and external processes optimization and consequently better
productivity.

The improvement in an enterprise’s performance is caused by data-driven decision-making that in fact
means better insights into the decision-making process in an enterprise (Sharma et al., 2014). The
analytics process model (figure 6) starts with data gathering from several sources and followed by data
cleaning and transformation, data analytics (patterns and insights) and concludes to interpretation and
evaluation from decision makers. Data analytics is significant for an enterprise’s strategy design and
execution. As enterprises are becoming more analytical and embed data-driven decision making in their
“DNA”, they will realize significant benefits and value that are related with money (reduction of cost),
time (faster and better decisions) (Davenport, 2014) and rate of return (Liebowitz, 2013).

Analytics Buioigsaf Data S ?at: ctDatia Analytics 'gimrxet:é“’“
(data needs) election eaning valuation
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mmces — gy ——— — —
=== — N
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Figure 6: The Analytics Process Model (Baesens, 2014)
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Knowledge extraction through Big Data Analytics

The benefits of data analytics to enterprises of all sizes are well documented and there is evidence about
organizations’ ability to improve their decision making, identify areas of cost reduction and profits
gaining (Davenport, 2014; Brynjolfsson et al., 2011). Every enterprise is able to be data-driven for better
decision making, however there are some challenges to be implemented by SMEs, thus, in general, it is
easier to be implemented by large companies. For SMEs and start-ups, the principal benefit is the
potential of rapid growth. Nowadays, the majority of SMEs managers’ decision making is based on
their meaning and feeling/intuition with historical results instead of being an evidence-based (data-
driven) process. The tools for this “decision-making” process are usually software like Microsoft Excel.
Although these tools are useful and simple, but the present limited options and prospects (Hiziroglu &
Cebeci, 2013).

The adoption of big data analytics is getting more painful for smaller enterprises due to several factors.
One of the most significant factors to become data-driven is IT structure enabling big data analytics.
The structure consists of hardware, data processing, data analytics, data integration, data visualization,
and reporting. SMEs are able to overcome these obstacles using cloud architectures for data storage and
open source big data analytics projects (Coleman et al., 2016). Some of the benefits arising from using
cloud-computing from SMEs are time and cost reduction, speed, elasticity, agility, flexibility and
scalability (Hiziroglu & Cebeci, 2013). Recently, the most marketing tools are software as a service
(SaaS) tools with the technology offered in the cloud enabling access to all enterprises regardless of
size or financial resources. In that context, cloud is an affordable solution for SMEs, since it can solve
the hardware and software issues. Nonetheless, the majority of SMEs do not exploit that solution,
because of the lack of knowledge and understanding of cloud and security (Schaeffer & Olson, 2014).

Tech giants like Amazon, Google, and Facebook invest heavily in artificial intelligence (Al) and
Machine Learning (ML) through investments internally and acquisition of start-ups. However, not only
large enterprises can exploit Al. SMEs can also use Al to be transformed into data-driven organizations.
The most SMEs cannot afford to hire a data scientist or a data science team in order to harvest the power
of data to unlock its value, but there are self-service Al tools and applications (third parties) that can
contribute in that direction. These applications can provide great solutions in significant parts of the
organization such as customer relations - customer support, marketing, accounting, etc. In customer
support, there is an increase of virtual customer assistants (VCA) such as chatbots that according to
Gartner customer service operations will use from 2% in 2017 to 25% by 2020 (Gartner, 2018a). CRM
platforms like Intercom, Salesforce and HubSpot are great choices for monitoring and improving
enterprise’s relationship with current and potential customers through different communication
channels (social media, emails, telephone, etc.). Financial resources of SMEs are limited, thus spending
a large amount of money in marketing efforts is hard. Therefore, SMEs attempt to find ways to optimize
their marketing campaigns. For that purpose, there are Al tools that can contribute to better marketing
results coming from implementing more effective marketing strategies such as email marketing and
content marketing.

Small businesses need to be agile and innovative in order to grow, remain competitive and be successful.
Therefore, quick and informed decisions are required. Thus, they need to maximize their limited
resources and not make decisions based on intuition and small data. Many SMEs are overwhelmed by
where to start, worried about cost and effort, while they are discouraged by stories of analytics failures.
Since the leverage of big data is able for any enterprise regardless size, smaller enterprises have
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advantages against larger ones since they are more flexible and without data siloed in various
departments of the enterprise (Glass & Callahan, 2014).

In the past, the costs of data management (storage, process etc) and analysis were major barriers to big
data exploitation, especially for SMEs. Nowadays, SMEs and start-ups are able to use a bulk of free or
inexpensive resources to deal with big data. SMEs use open-source software for data management such
as Hadoop, Hive and for data analysis like R, while they can use cloud computing resources like
Microsoft Azure and Amazon Redshift with extremely low cost compared with the past (Davenport,
2014). In addition, infrastructure as a service (laaS) enables allows the offering of computing resources,
storage and networking capabilities that are owned and hosted by a service provider and offered to
customers on-demand. The worldwide laaS market grew 29.5% in 2017 to a total of $23.5 billion, up
from $18.2 billion in 2016 with Amazon being in the first position of vendors in the laaS market in
2017, followed by Microsoft, Alibaba, Google, and IBM (Gartner, 2018b).

Data-driven Innovation for SMEs

In a rapidly changing “knowledge-based” global environment, enterprises competitive advantage
depends on their capacity to access information, create valuable knowledge and be innovative.
Innovation performance of enterprises especially for SMEs is characterized as a determinant of their
survival, sustainability, and growth. However, innovation is not an easy process, but it’s complex
because of the extremely competitive market conditions, continuous changes in technology and
customer needs. In that context, leveraging “big data” for decision making can lead to innovation (data-
driven innovation) and thus better performance.

Innovation and technologies including social media, data analytics, and business management software
are significant factors for SME growth (Oxford Economics, 2013) whilst big data is, also, considered
to be a major determinant in achieving that. The ability to analyze and predict customer and market
demands and preferences is a great asset for SMEs and if it is applied properly, can contribute to making
enterprises present increased productivity, flexibility and responsiveness, covering customer needs
through better decision making (Sen et al., 2016).

The information influencing SMEs is progressively substantial; they are gathered continuously from
different sources. For SMEs, imperatives of Big data can be found in internal and external environment,
and organizational performance. The internal environment of a company refers to the generation of data
from different departments or functions such as marketing and human resources departments. In the
external environment, a tremendous amount of data that is generated to various parts of the business
environment, while market competition has no geographic limits.

In that context, SMEs have to integrate external data in decision making to ensure their survival and
competitiveness. According to Drucker: “Business has only two functions: innovation and marketing”.
In the recent digitalized era, enterprises can adopt technology marketing stack - strategy bending
software platforms such as customer relationship management systems, analytics tools, and data
management systems, grasping streams of data that can contribute to more efficient marketing and
creation of new products/services fulfilling customer needs and preferences. (Glass & Callahan, 2014).
Adding new sources of data for marketing purposes including customers’ social media, mobile and
geolocation data provide enhanced insights (Davenport, 2014). Therefore, big data can compromise
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these various data types, help to the understanding of the environment and thus offer products and
services that satisfy the various customer preferences (Mbassegue et al., 2016).

Social media is considered a resource for innovation and the development of new products, since it is a
“vehicle” for the generation of customers insights, knowledge assessment, co-creation of ideas and
concepts with users and also supports new product launches (Roberts et al., 2016). Therefore,
knowledge discovery from social big data is receiving more and more attention from industry and
academia, since big data analytics can uncover hidden opportunities, identify trends and patterns,
problem areas and successes, that people may not be able to ascertain. There is evidence that huge
valuable knowledge can be gained through social media networks for organizations’ strategic decisions
leading to competitive advantage. An enterprise’s involvement in social media offers values for
enhanced brand value (Gensler et al., 2013), sales growth (Kumar et al., 2013), customer loyalty and
engagement (Zhang et al., 2017), innovation and new product development (Palacios-Marqués et al.,
2015), knowledge sharing (Munar & Jacobsen, 2014), customer relationship management (CRM)
(Rosman & Stuhura, 2013) and electronic word of mouth (eWoM) (Ladhari & Michaud, 2015).
Enterprises can leverage data from WOM in order to improve the quality of services and products (Rhee
et al., 2016). Using social media for the promotion for events and for communication actions can create
trust and engagement within a huge number of stakeholders and customers (Vecchio et al. 2018a).
Social media intelligence is able to allow a business to “understand the behaviours driving the creation
of online opinions with psychological and sociological perspective, evaluate the implications of
behaviours on how we interpret social media and integrate them into global business strategy “ (Moe
& Schweidel, 2014).

Adetunji & Carr (2016) using public Twitter data for an SME as a case study concluded that exploitation
of social media data provides organizational knowledge that is related to the strategic competitive
advantage of SMEs. The obstacles to leveraging big data from SMEs have been reduced significantly
via the development of big data analytics frameworks. (Dittert et al., 2018) conducted a case study using
a middle-sided oil-trader from southern Germany identifying that SMEs have to exploit big data
analytics to ensure long-term competitiveness. SMEs present advantages against large enterprises
including the manipulation and implementation of big data. The decision-making process is shorter due
to the flat hierarchies. SMEs have the ability to implement a big data project more quickly and are more
flexible in making the necessary adjustments such as project budget. Hence, SMEs take quicker and
determined decisions gaining competitive advantages against rivals and large enterprises (Matthias et
al., 2017). Nonetheless, SMEs do not leverage this opportunity in the level larger enterprises do, while
due to the financial crisis, the bulk of SMEs faces significant obstacles to grow and be competitive.
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SMEs, Location Intelligence & Tourism

Another significant factor for SME success and its strategic competitiveness is the location (Galbraith
et al., 2008), since SMEs of urban areas are more beneficial than SMEs of rural areas (Thulo, 2014).
Many small companies in European Union face issues with the internationalization of their business,
with only 25% of European SMEs export and even less export outside of the European Union.

Decision-making associated with the location is an everyday process. Namely, many individuals, social
groups, legal entities, and companies make such decisions daily. Individuals relate them mostly to
choosing a route to work, a place to socialize with friends, or going on a trip. But, for many years,
especially under the influence of globalization, location-based aspects of different businesses are
becoming more and more important.

It is one of the key factors of enterprise success, and its importance is growing in combination with
technology, as well as various software and decision-making platforms. According to (Forbes, 2015),
more than 80% of data collected, managed and used by organizations around the world has a location
component. Thus, decisions concerning location play a great role in the outcomes and prosperity of a
business. The envision of location data helps enterprises see relationships between customers, but also
their operative data and geography (Moreno, 2015).

In this context, location data is so important for enterprises that can make vital decisions based on
location information or using Location Intelligence (LI). (Golfarelli et al., 2013) define LI as a set of
tools and techniques which integrate a geographical dimension into business intelligence platforms,
aimed at enhancing their capability of better monitoring and interpreting business events. On the other
hand, Pitney Bowes, determines Location Intelligence as a capability which helps organizations make
better decisions by integrating data quality, geo-demographics, and analytics with traditional mapping
and geographic information systems.

LI is even more vital when it comes to SMEs since this technology helps with gaining competitiveness,
especially on foreign markets. Exports also help with the increase of SMEs performance and
reinforcement of sustainable growth. LI is a highly needed tool for gaining market competitiveness,
whether it is in financial, retail, real estate, legal services or some other sector. Due to this, today, SMEs
are showing indications of increased growth rates in market value when it comes to the greater adoption
of LI. Research even shows that SMEs will comprise about 30% of market value and application of
Location Intelligence, and will also have a growth rate advantage in contrast to large enterprises by the
end of 2021. Moreover, SMEs benefit greatly from the application of Location Intelligence and
Location Analytics in asset tracking and the optimization of scheduling, social media adaptation and so
on (Prem, 2017). The potential of location analytics is high as its “market size is expected to grow from
USD 8.20 Billion in 2016 to USD 16.34 Billion by 2021, at a Compound Annual Growth Rate (CAGR)
of 17.6% from 2016 to 2021 (Markets & Markets, 2019).

Nonetheless, many enterprises still have not adopted the technology, because of the struggle with data
quality and accuracy or obtaining data in real time and the battle with the derivation of disposable data
from existing means. Additionally, many companies do not have the proper technology and/or
employees to correctly execute analysis of the location-based data they collect. Therefore, the bulk of
enterprises have a large amount of data from several sources. However, the strategy, enrichment,
visualization, analysis or action does not consist of any analysis of that data.
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LI provides enterprises several benefits such as Return on Investment (ROI) that is associated with the
improvement of the value of existing Geographic Information System, Business Intelligence, and Data
Warehouse, increased value and data quality that is achieved by Location Discovery and Location
Analytics, increased quality of decisions - better decisions are made in a shorter period of time because
of comprehensive and spatial vision on key business facts and data, and optimization of business process
quality that is reached by the integration of location-based information or routing, mapping and
geocoding.

Due to maps being remarkably befitting for the fundamental portrayal of extensive quantities of data,
the conjunction of Location Intelligence and Big Data provides a bigger amount of spatial data and data
analysis. Secondly, Location Intelligence contributes to the advanced and easier analysis of patterns,
trends, and different potentials, as well as Mobile Business Intelligence (maps are utilized in the data
analysis connected to the screen size of cell phones or tablet PCs). Thirdly, by applying Location
Intelligence, SMEs can use social media to produce and analyze location-based data to offer their
customers better service.

Due to smartphones being the most often used tool for searches, LI is becoming even more important
for business success, since 71% of smartphone users favour ads customized to their location, it is more
evident why 50% of brands are using LI to target their consumers, while the 50% of location-based
searches performed via smartphones give an outcome in shop visits (Google ,2014). The ads also result
in more customer purchases than other searches. This means that business strategies containing the use
of LI are growing in importance. Strategies that emphasize location-based activities, such as marketing,
allow small enterprises to gain a competitive advantage in the market.

Tourism, like any other economic sector, is greatly influenced by digitization and internet progress.
Digitization and technology development have influenced significantly almost every economic sector,
including tourism with the majority of actions from travellers and tourists being through social media.
These activities generate an enormous hype of data, big data, containing valuable insights that are
usually remained unexploitable. The majority of tourism processes and transactions (from trip planning,
bookings to tourist feedback) are digital. The bulk of tourists and travellers use the web and social media
for travel planning and acquiring trustworthy information for their travel destination (Yoo et al., 2016).
Therefore, an enormous amount of data around customers is generated at tourism destinations
identifying preferences and needs. However, these knowledge sources containing valuable insights
remain unexploited (Hopken et al., 2013). Location-based social networks including Facebook,
Foursquare, Instagram, Twitter, and Flickr have been characterized as major tools for communicating,
spreading ideas, information and knowledge among their users, while each has its own peculiarities and
features, but all support the addition of a location in a post.

Tourism is a service-based sector that depends on visitor satisfaction; thus, visitor’s emotions and
feedback are of utmost importance. Social media plays a significant role as an information source for
potential visitors/tourists to collect accurate information for destination and services choice, and for
enterprises/organizations that are able to exploit the same information for progressing their marketing
strategies (Floris & Campagna, 2014). In addition, using location-based network data is extremely
beneficial for many parties including citizens and governments and it can be life-critical. Web 2.0
applications and tools transforming the role and behaviour of travellers, make tourism stakeholders
reorganize their operations and business models based on these data (Christou, 2016a).
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Nowadays, more and more businesses and organizations in the tourism industry use social media
analytics, as they focus on gathering and analyzing social big data for creating value in marketing by
developing tools such as recommendation systems. This strategy is vital for every business and
organization, since it allows finding out what people are thinking about their products and services,
their brand or their competitors, gaining significant information about how people behave and how they
make their choices, specifying new market trends and opportunities for competitiveness sustainability,
creating contextualized offerings to their customers, predicting their demands and making life-critical
decisions in real-time.

Methodology

The traditional analytical tools explore historical data, while the advanced analytics techniques are able
to uncover hidden patterns and predict the future actions enabling organizations to take the necessary
decisions for changes and actions to avoid crises or adopt the success. Data analytics techniques have
been established in organizations and turned into one of the fastest-growing segments of Business
Intelligence®.

Advanced data analytics techniques like text mining, sentiment analysis, forecasting, cluster analysis
etc. can address more complex issues through knowledge extraction at deeper level. Advanced analytics
utilizing multiple methods that enable the analysis of structured or unstructured big data for acquiring
actionable results (Kaisler et al., 2014) and discovering new opportunities for development (Garcia et
al., 2017).

Analysis of customer’s behavior can provide valuable insights that are able to change products/services
that are offered by an enterprise (Glass & Callahan, 2014). An important quantity of unstructured
content - data generated and collected through social media networks is text. There are many text
mining/ information extraction techniques including Natural Language Processing (NLP) and Machine
Learning (ML) that are able to offer text analysis. The objective of these techniques is to extract entities
and relationships from text providing the interpretation of new valuable knowledge (Bello-Orgaz et al.,
2016). Sentiment analysis or the so-called opinion mining is a data analytics technique analyzing
people's opinions, attitudes, emotions, judgments, and reviews towards objects, issues or attributes such
as products, services, organizations, individuals, events and topics (Liu, 2012).

Images and videos are covering a great share in the components of social media data, mainly because
of the swift rising sharing sites like YouTube and Instagram. Millions of images are uploaded weekly,
and their mining can provide different precious of insights beyond what can be extracted by a text alone.
“Basic image analysis consists of the statistical analysis of tag data, demographic data and download
frequency (e.g. keyword analysis for comments, most active followers, top locations). More advanced
image analysis uses image processing methods, image recognition, and image tags. Similarly, the video
analysis includes quantitative metrics, like amounts of users, response rate and location, analyzing
voice to determining the emotional state of the user, and last but not least, a behavioral model for
spoken words to determine the personality type of the user.” (Park et al., 2013).

Location is the core of the development of many cutting-edge technologies such as Al, data analytics
and robotics. Due to the rapid progress of connectivity leading on an ever-connected ecosystem with

3 Gartner (2014) Gartner Says Advanced Analytics Is a Top Business Priority. Available at: www.gartner.com/newsroom/id/2881218
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half of the web traffic coming from mobile devices*, location is a powerful tool for enterprises to
improve customer experience, gain revenues and increase operational efficiencies. Therefore, the
location-based services market size is expected to reach $1.89 billion by 2022 (Chakravarty, 2018).

Location Intelligence was developed from GIS and incorporates the advantages of GIS into Bl and uses
many factors and data to recognize risks or opportunities, identify patterns, decrease expenses or
increase profit and so on. Those factors can be economic, demographic, geographic and many more. In
other words, the collected data is transformed into information and is then used to make companies
more efficient. However, it is very demanding to determine Location Intelligence with just one
definition due to many similar terms (Location Analytics, Geospatial Intelligence, GEO Business
Intelligence, etc.) which appear in the literature and have almost the same explanations and examples.

Survey-based approaches have been shown to suffer from several weaknesses and various bias such as
answering particular questions covering prearranged aspects of the destination (Alaei et al., 2017). On
the contrary to traditional survey-based method, social media and the availability of online user-
generated content can provide cost-effective information (Hausmann et al. 2018), overcoming
limitations such as sample size, time, location, nonresponse bias and self-reported errors (Mayer-
Schénberger & Cukier, 2013; Veal, 2017; Veal, 2006).

The majority of previous studies in data mining from social media are using data mined from a single
platform, such as Flickr (Mao, 2015; Miah et al., 2017; Donaire et al., 2014, Twitter (Adetunji & Carr,
2016; Brandt et al., 2017; Chua et al., 2016) and Instagram (Mittal et al., 2017). In this study, a
combination of social networks for knowledge extraction from user-generated content with geotagged
data is used. Hence, a crawler to scrape Instagram’s explore page using Location-Ids as the parameters
(Dhiratara et al., 2016) was built. In addition, a content analysis was conducted to define characteristics
of photos shared on Instagram and Flickr (Donaire et al., 2014; Hausmann et al., 2018; Martinez et al.
2014).

In this analysis, the data flow and processes for all phases of big data analytics techniques are presented
below. Twitter, Foursquare, Flickr and Instagram, four of the most popular online user-generated
content social networks, are used as data sources for the analysis. These data sources provide as
unstructured data/content that is generated by users and can be derived into two categories: media
sharing (photos or videos) and text posts (opinion posts and reviews).

4 Statista (2018) www.statista.com/statistics/241462/global-mobile-phone-website-traffic-share
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Figure 7: The data architecture of the analysis

The data acquisition consists of the communication of the web application programming interface (API)
of each social media network periodically to acquire new geo-tagged user-generated content (data). The
data cleaning and transformation of acquired data is the process for storing the necessary data and
transforming them from unstructured into a structured format, to be stored in our SQL database and
data warehouse.

The next phase is the data analysis for extracting useful insights from the social media content generated
from users in the examining destinations. To achieve that big data analytics techniques are used. More
specifically, using Google Natural Language API, several machine learning models are exploited for
sentiment and entities/labels analysis on users’ textual post (text mining/analytics).

Text mining/analytics provides significant information about what is being discussed/ mentioned inside
the text and the feeling/sentiment about that. In addition, spatial and statistical analysis techniques are
used in describing and visualizing the geographical distribution, uncovering patterns and points of
interest (Floris & Campagna, 2014), while textual analytics techniques are implemented to discover
knowledge that is embedded in a huge volume of social media text posts/comments shared in social
networks of Twitter and Foursquare.

Another innovative addition that is added in this analysis is the image analysis using Google machine
learning algorithm (Google Cloud Vision API°) - enabling to detect a broad set of labels/categories
within the acquired images from the media sharing networks (Instagram and Flickr). After the
acquisition, transformation, storage, and analysis of data, the next process in the data flow is data
querying and data visualization. In order to provide valuable and actionable insights, it’s important to

5 https://cloud.google.com/vision/docs/detecting-labels
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present the data properly in interactive, clear and easily understandable for stakeholders and decision-
makers, visuals. In addition, data querying in data warehouse optimizing the time of the execution of
highly complex queries over a large amount of data. In the next section, the results of the analysis are
presented in interactive data visualizations using Microsoft Power Bl and ESRI ArcGIS.

Data collection and analysis - a case study of Crete

The dataset consists of collecting, processing and analyzing Big Data from location-based social media
networks using the case study of Crete island. Crete is the largest island in Greece and the fifth largest
in the Mediterranean area. It’s one of the most popular tourist destinations worldwide® and its economy
relies mostly on the tourism industry. In 2018, Crete as a Greek tourism destination had 5.228.000
tourist arrivals at islands; airports and that consists of the 15% of the arrivals in Greece by air (INSETE,
2019).

In contrast to the limited studies that are undertaken for Crete (Andriotis et al., 2007; Andriotis, 2011;
Hosni et al., 2018; Zouganeli et al., 2012) based on traditional methodologies e.g. surveys, this approach
enables to overcome the limitations arising such as limited information captured, sample size etc.
Knowledge extraction from location and big data analytics is for a wider range of location covered and
without limitations in seasonality, time, money, sample size and errors. The proposed approach (figure
8) contributes to the lack of innovative big data applications for tourism and to the existing literature
with a novel approach exploiting big data analytics techniques and location intelligence.

In this context, data acquisition for the case study of the tourist destination of Crete includes the largest
and most visited tourist cities of Crete: Heraklion (including Knossos area), Chania, Rethymno, Agios
Nikolaos (including Elounda area) and lerapetra for the examining period of June 2018 to September
2018 (3 months of high tourism season). Nonetheless, for the purpose of the research, the presentation
of the results will be on the data analysis and visualization of the two largest and most tourist-popular
cities of Crete, Heraklion and Chania.

In the next phase, the user-generated unstructured data shared in location-based social networks is
cleaned, transformed and analyzed, in dependence on the data type content (textual and photos).
Therefore, for each type of content different big data analytics techniques are used for knowledge
extraction. For text analysis, natural language processing (NLP) is used for gender classification,
sentiment and entities analysis and for photos analysis, digital image processing is used. For both types
of data, data transformation enables the utilization of spatio-temporal data that provides significant
insights (knowledge). Spatio-temporal data and data extracted from the big data analysis of the big data
for the two cities creates a pool of structured data that is stored. This stored data through queries can be
visualized efficiently providing valuable insights.

More specifically, the interactive visualization of the analyzed big data for the examining tourist
destination cities is in graphics (insights about tourist temporal characteristics, perspectives and
demographics) and in maps (insights about tourist spatio - temporal patterns). This is the first study that
spatial analytics (location intelligence) is combined with sentiment analysis, type of user-generated
content and social engagement (big data social media data analytics), whilst a combination of different
content type location-based social media networks are used.

6 Tripadvisor 2019 -“Best Destinations in the World — Travelers Choice” www.tripadvisor.com/TravelersChoice-Destinations-cTop-gl
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Results & Discussion

Enterprises and destinations investigate ways to leverage big data to gain the maximum benefits in order
to innovate and get competitive advantage against rivals. In that context, tourism enterprises and
organizations can rely on data analytics, since it provides knowledge about customers
(travellers/visitors) needs and preferences in order to provide them with better and more personalized
products and services. Big data can become a key driver for offering personalized travel experiences
satisfying the needs of every traveller.

From the data acquisition phase, significant number of text posts and photos for each city was collected
and analyzed for knowledge discovery through the location-based social networks. It is observed that
there is a huge difference between the number of textual posts (only text) and photo posts revealing the
significance of including both types of posts in the analysis. The majority of travellers prefer to use
media-sharing social networks to share their experiences through photos indicating the significance of
using these social channels for attracting tourists and the creation of media content like photos and
videos for more efficient promotion of the destinations (table 4).

Total Users | Total Text Posts | Total Photos | Total Engagement
-

Chania 16477 2703 59383 6150476
Rethymno 14788 1170 54044 5986406
Agios Mikolaos 12235 470 41755 7307735
Heraklion 11270 796 38263 4514525
Yerdpetra g12 42 4129 1531457

207574 25790599

Table 4: Summary of dataset (total users, posts, photos and engagement)
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Figure 9: Type of content per month in Crete

The examined period in this research consists of three months: June, July and August 2018 that are the
most popular months for tourists during the year. The analysis of the acquired user-generated content
provides information about the most crowded month for all the types of content. Hence, for both types
of content (textual posts and photos), August is the most popular month (figure 9).

50



More specifically, a deeper analysis provides information about the most crowded days during the
summer (figure 10), with the most crowded days presented with darker colour. This information can be
very insightful for tourism enterprises/organizations in designing and developing their products/services
for specific areas. For example, a travel agency can offer promotional offers for attracting more
audience during the less crowded periods and thus increase their earnings, while they can shape their
pricing policy based on data (data-driven pricing strategy).
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Figure 10: Frequency of total posts per day in Crete

One of the most significant metrics for social media analytics is total social engagement showing the
summary of intentionally interactions of users on posts (likes, comments and shares) shared in social
networks for various topics. In tourism, it is an indicator of the attractiveness of tourism experiences
associated with a location. Social engagement is correlated with the e-word of mouth (e-WoM) or
influencer marketing that are both able to enhance brand and tourism attractiveness through shared
messages that induce a large number of people in the digital world (digital communities). Therefore,
the analysis of social engagement can provide valuable insights about events, happenings, perspectives
of users/visitors and influencers in a destination.

Crete
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Figure 11: Total social engagement in Crete
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Figure 12: Social engagement per type of content in Crete

The total social engagement of Crete’s cities presented above shows the number of interactions from
social media users for the geo-tagged user-generated content that was generated in the examining period
and locations. The analysis is divided into the social engagement of textual posts and photos indicating
the huge difference between photos and textual posts in social engagement. Photos reach significantly
larger number of engagements in contrast to textual posts, while the peaks in total social engagement
are for textual posts and photos coming from social influencers, verifying the significance of
influencers’ marketing to enhance a destination in the digital world.

The data visualizations of the results for this research are separated into three categories: i) text
analytics, ii) photo analytics and location analytics (location intelligence). In the convenience of the
presentation of the results arising from the analysis, the data visualizations and analysis focuses on the
two largest and most tourism-visited cities in destination of Crete, Heraklion and Chania.

Text analytics
The distribution of the acquired user-generated textual data in the days of the week and hours of the

day provides useful information about the date/time of sharing content in the digital world (Carvalho
etal. 2017).

Text Posts per Day of Week Text Posts per Hour of Day

Figure 13: Textual posts per day of the week and hour of day for Heraklion
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Text Posts per Day of Week Text Posts per Hour of Day

Figure 14: Textual posts per day of the week and hour of day for Chania

It is observed that during the examining period (figures 13 and 14) the most active days for textual posts
generated from visitors in Heraklion city is Thursday and Friday and the most crowded hours of the day
is from 17:00 to 21:00 and 23:00. In Chania, on the other side, the most popular days for generation of
textual posts are Friday and Saturday, while the most active hours are afternoon hours, 18:00 and 19:00.
It is significant for tourism enterprises or organizations that would like to maximize the visibility of
their marketing efforts for offers, products/services to avoid sharing textual material during the inactive
days and hours indicating that people watch and interact with text content on Friday and weekend during
the afternoon and night hours. For instance, a restaurant located in Heraklion using these insights can
create and share content during Thursday and Friday in the most popular hours, thus the possibility of
attracting and engaging potential customers is higher.

Sentiment analysis is the application of computational technologies to obtain and procure significant
information from a large number of users’ data. It involves the process of the extraction and analysis of
opinions expressed in digital form and classified into neutral, positive and negative. In an online world
where opinions are expressed and shared publicly within social media platforms, sentiment analysis is
fertile ground where conversations can be utilised for the purpose of quality improvement, as such
sentiment analysis is an important tool implemented by those organisations which realise the importance
of such process and analysis (Abirami & Askarunisa, 2017). Sentiment analysis has been implemented
strongly for business activities, such as predicting stock market movements, determining market trends,
analysing product defects and managing crises. Another, and possibly more portentous, application is
for auditors and accounting firms to utilise sentiment analysis as part of their continuing effort to
anticipate theft, fraud, or embezzlement of company resources. Therefore, this approach has become a
new standard for deterrence and prevention (Redhu, 2018; Pandey et al., 2016).

Regarding the tourism industry, visitors/travellers’ online opinions/reviews play a huge role, since they
induce decision making of potential travellers. However, the interpretation of sentiment analysis has
“sampling bias”, since an unhappy customer is more eager to express his negative opinion than a
satisfied customer/visitor (Fan & Gordon, 2014) and that indicates the value of a positive
opinion/feedback from a customer/visitor. Sentiment analysis can play a significant role in helping
enterprises and organizations in crisis management. A negative feedback or opinion about a
product/service or a destination if it is not managed has the potential to harm their image or brand
significantly if these opinions go viral.
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Figure 15: Text Sentiment and entities analysis for Heraklion
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Figure 16: Text Sentiment and entities analysis for Chania

The sentiment analysis extracts users’ sentiment from their shared textual posts. It’s observed that the
negative textual posts from visitors in Heraklion are in low levels, only 1.55% of the total textual posts,
while the positive are 23.6%. In contrast to Heraklion sentiment analysis, Chania’s analysis showed that
negative posts are 11.62% of the total textual posts, while the positive posts are 27.39%. Sentiment
analysis in tourism can reveal the visitors’ impressions about the place and is able to provide valuable
insights to stakeholders who can improve their offerings, enhance their branding and prevent issues that
can be very harmful. From the collected data, it is observed that the most positive reviews/opinions for
both cities Heraklion and Chania referred to the beauty of places and tastiness of local food, whilst the
most negative are about customer services. Tourism Organizations/enterprises gathering insights about
travellers on-site can discover what they appreciate and not, thus they can improve existing
products/services or create new that will be data-driven designed.

Another significant application that can provide valuable information is topic modelling that examines
vast amounts of gained text in order to identify/detect the main topics or themes of that text. The
revealed topics can be put into practice to provide homogeneous labels to examine the text accumulation
even more. It is all performed by numbers of progressive statistical methods. Subjects uncovered by
topic modelling can likewise be utilized as a source for other functions, for example, finding client
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preferences, identifying rising points in discussions or online networking postings, or concluding parts
of content gathering. Current progress in this field likewise enables mentioned methods to be utilized
with social media sites, which gradually puts topic modelling usefulness to previously unreachable
levels.

In that context, the text entities analysis provides information about the subjects that are discussed by
the visitors of the city. Observation of that insights can help authorities and stakeholders to monitor the
topics of discussion - interest in their areas and make strategic decisions taking that into account. For
the city of Heraklion (figure 15), it’s observed that the majority of textual posts are about places and
people, while a small percentage is about activities/events (6.5%) and products (4.8%). For the city of
Chania (figure 16), the results are in similar levels with the bulk of the posts related to places and people
and a small proportion of the posts related to activities/events (7.2%) and products (4.8%). Taking these
information into account, authorities and stakeholders can make better strategic decisions in order to
improve the impressions of visitors in specific topics, for instance to activities that have to do with
tradition or location attractiveness. The low levels of textual posts in activities/events indicate that there
is a potential of providing more activities or experiences and traditional products that can get positive
visitors’ impressions as it is observed by sentiment analysis.

Textual analysis can provide significant information about visitors” demographics. After examining
visitors” impressions and subjects of discussion, textual analysis provides the origin (language) and the
gender of visitors for the two examined cities.

Language of Text posts Gender for Textual Posts

Russian 6.7% —

French 7.2% —,

Greek 14.6% —— female 45.7% ——

—— male 54.3%

~— English 71.5%

Figure 17: Language and Gender of Textual Posts for Heraklion
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Figure 18: Language and Gender of Textual Posts for Chania
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Through the analysis of textual posts, it’s observed that in the city of Heraklion (figure 17) the most
popular language in textual posts is English (71.5%), followed by Greek, French and Russian. The

percentages of male and female visitors generating textual content are similar with male generating

54.3% of the total textual posts. In the city of Chania (figure 18), the most popular language is also
English, followed by Greek, French and Spanish (Castilian), while the majority of people posting textual
posts are male (71.5%). Extraction of demographic information can be valuable for strategic marketing
decisions and personalization that can play a significant role in their competitiveness against rivals.

Words and hashtags are significant ingredients of the way people and enterprises interact and
communicate in the digital world. The top hashtags and keywords provide information about the content
that is generated from users. Therefore, they are used in tourist academic research for extracting patterns
and value creation opportunities through big data (Kéltringer & Dickinger, 2015; Floris & Campagna,

2014; Vecchio et al., 2018b.
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Figure 19: Top words and hashtags of Textual Posts for Heraklion
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Figure 20: Top words and hashtags of Textual Posts for Chania
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Digital word-of-mouth marketing can be powerful for enterprises and organization enabling the focus
on not only collecting likes and followers, but also actively connecting and interacting with customers.
In addition, hashtags can be used through the creation of share-friendly content like contests, polls or
quizzes encouraging customers to engage more with a brand in social media. This is a great way to
impulse impressions of a brand or destination, improve its content searchability and encourage
discussions about a brand/destination. Create sharing incentives like offering customers a discount or
bonuses if they make a referral about a product/service to social media, boost impressions of a brand.

From the generated textual content in Heraklion (figure 19), it’s observed that the top hashtags and
words are about the island, city and country (#crete, #greece, #heraklion, crete, greece) and specific
places in the area such as Knossos palace, Port and Archaeological museum. On the other hand, in
Chania (figure 20), user-generated content top hashtags and words are about the island, city and country
(#crete, #greece, #chania, crete, greece), specific places in the area such as a water park and travel
experiences with local tradition like olive oil. In addition, the popular words and hashtags in Chania
identifying that visitors enjoy spending their time at the beach, while they want to watch baseball games.
Tourism SMEs such as restaurants, tourist agents and stakeholders can leverage them and discover the
preferences of tourists in their area and thus they can create efficient marketing campaigns using these
keywords and hashtags to promote and attract successfully potential customers of their
products/services to a huge amount of users.
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Photo analytics

Images and videos are covering a great share in the components of social media data, mainly because
of the swift rising of sharing sites like YouTube and Instagram. Millions of images are uploaded every
day, and their mining can provide different precious insights beyond what can be extracted by a text
alone. Basic image analysis consists of the statistical analysis of tag data, demographic data and
download frequency. More advanced image analysis uses image processing methods, image recognition
and image tags. (Park etal., 2013). In this research, two popular photo sharing social networks are used
for uncovering patterns and trends of visitors are used, Instagram and Flickr. The analysis of user-
generated photos in the cities of Heraklion and Chania in Crete island presents insights about tourist
preferences and perspectives.

Photos per Day of Week Photos per Hour of Day

e e

Figure 21: Photo posts per day of the week and hour of day for Heraklion

Photos per Day of Week Photos per Hour of Day
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Figure 22: Photo posts per day of the week and hour of day for Chania

In the city of Heraklion (figure 21), it can be observed that Thursday in contrast to textual posts is the
less active day for photo posts, while Monday and Saturday are the most popular days for sharing photo
content in Heraklion, while the most active hour of the day for photo posting are in the afternoon and
night, from 19:00 until midnight. In the city of Chania (figure 22), Monday is the most active day for
photo sharing and the most popular hours are as from 19:00 to 23:00. These insights can be used by
tourism SMEs and stakeholders for creating content that can be shared in the media-sharing social
networks during the most popular days and hours of each destination enhancing the efficiency of their
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marketing efforts. For instance, a bike-rental enterprise can create media content about its
product/services and share it during the most popular days/hours engaging and attracting travellers for

their offerings.
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Figure 23: Top words and hashtags of Textual Posts for Heraklion
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Figure 24: Top words and hashtags of Textual Posts for Chania

Hashtags and keywords are significant for photo-sharing social networks like Instagram and Flickr that
are used in this research. Users use these in order to explore and find content, thus information about
the top words and hashtags used for a destination/location can be actionable knowledge for successful
content sharing for customers/visitors attraction. From user-generated content in both cities of Crete
island, it is observed that visitors share textual posts using hashtags and words about the island, site and
country, specific places such as Knossos palace and related with the content of the photos i.e. #sea and
their feeling #love, #instagood. Therefore, top words and hashtags for Heraklion (figure 23) and Chania

(figure 24) identify the keywords that can be used for more efficient marketing activities.
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Figure 25: Gender and Image Entities of Photos in Heraklion
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Figure 26: Gender and Image Entities of Photos in Chania

Using a machine learning model, the gender of users sharing photo is identified. In that context, it can
be observed that more female than male visitors of Heraklion (figure 25) and Chania (figure 26) share
photos, indicating that women are more active in sharing photo content during their visit in a tourism
destination. Contrary to textual posts before, it is observed that females prefer to share photos in social
media in the examining tourism destinations.

In the approach introduced in this research, image label detection is used for analyzing the images that
are shared from visitors in Heraklion during the examination period. In that context, the content of
photos shared is presented using word cloud that is an extremely popular non-chart visualisation (Chi
et al., 2015) in use all over the web (Chang et al., 2017). The word cloud represents a simple list of
words in varying sizes that correspond to word usage within the domain in question. The visualisation
is typically dynamic and interactive — a click takes the user directly to a search of the keyword. The
most popular labels detected in visitors’ photos are related with the weather, place and people indicating
that the majority of photos contain faces and people, mostly female, enjoying their holidays near the
sea. Additionally, there is the detection of people characteristics indicating that people enjoy taking
photographs with their presence in the view they see. An organization or enterprise can exploit these
insights to run photo contest inviting users to share photos under certain hashtags or themes of the area
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and offer them awards/offers for their participation. In this way, they will promote their brand and they
will have the opportunity to attract them by offering them more products/services.

Location Analytics

Location data is fuel for innovation, especially in services that are particularly location-aware such as
Uber and Waze, where exact location and routing are significant to the value they provide to users.
Location data and analytics results in helping businesses make smarter, more actionable decisions
(Forbes, 2017). Map visualizations provide benefits through the representation of data to an easy to
understand form, since “cartographic visualisation can be claimed to solve many of the fundamental
problems identified in studying spatial social distributions” (Dorling, 2012).

Location data are able to enrich business data, since they include geocoding (latitude and longitude)
and thus geo-enrichment can be achieved through incorporating valid data from government and other
sources with new data by location. Thus, it can provide significant information about the characteristics
of a property location. Location data can contribute significantly in visualizing business data in more

efficient ways typically with maps that allow enterprises to identify patterns and trends in their data
(Carvalho et al., 2017; Miah et al. 2017.
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Figure 27: Heatmap of user-generated content location in Heraklion

61


https://paperpile.com/c/T3Jy4l/p3m3
https://paperpile.com/c/T3Jy4l/uL6K
https://paperpile.com/c/T3Jy4l/XKGI
https://paperpile.com/c/T3Jy4l/EsmjI

o0

Palia Poll
t > i % ‘

o Kentro

? k Ampeira
Nea Chora W

Chania &

Koum-Kapi

Dikastiria Leoniag)

Pachiana

Agios loannis

Agios/Loukas Sanatc

Figure 28: Heatmap of user-generated content location in Chania

Through heatmap, the most popular places for a given time period in a location can be observed (Abbasi
etal., 2015; Liu et al., 2016), while time range can provide also the “time” (days and hours) these places
are popular. These insights can be leveraged by tourism authorities and SMEs for activities focused on
these specific locations. In posts heatmaps, all the acquired user-generated data (textual posts and
photos) shared in the city of Heraklion (figure 27) and Chania (figure 28) are displayed. The places with
the most posts are displayed with the yellow colour. The most popular places in both Heraklion and
Chania are around the old town of the two cities and their ports. The stakeholders can examine the
popularity during the time period they want, thus they can extract conclusions about tourist behaviour
in their interest area. For instance, tourism agencies or managers can recommend or provide tours in the
attractions or points of interest during off-peak times to avoid overcrowded venues that may reduce
tourist satisfaction leading to bad reviews and comments.

Another significant factor to be examined is the type of content shared from tourists via their mobile in
social media during their visit in the city. Therefore, the type of their content, textual or photo post, is
presented in the following visualizations. It is obvious that the majority of content shared is photos for
both cities, with users’ content in Heraklion consisting of photos by 98.1% and 98.9% in Chania, while
the frequency of posts during the days of the examining period is showing the most active days. SMEs
and stakeholders leveraging these insights can observe tourist behaviour and shape their strategy and
marketing in innovative and more efficient ways. Another significant insight arising from the
visualization presenting spatio-temporal data derived by type of shared content is the GPS tag (latitude,
longitude) of each type of content indicating the specific places in the examining places that attract the
interest of tourists for taking photographs instead of share a textual message. Visual content such as
photos are significant in designing material for conventional (brochures, posters etc.) and digital
(website, social media channels etc) marketing. Identifying the favoured locations pictures unveil
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travellers’ interests and preferences, thus the locations can provide the most appropriate visual content
for making their ads more relevant targeting the right audience.
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Figure 29: Map of Heraklion - User-generated content distribution per content type
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Figure 30: Map of Chania - User-generated content distribution per content type

While other studies examine tourist reviews and sentiments using keywords or hashtags shared on social
media networks provide insights about their preferences and satisfaction (Chang et al., 2017; Koltringer
& Dickinger 2015), this research introduces the integration of location intelligence with textual
sentiment analysis to knowledge extraction in tourism destinations. More specifically, using the
sentiment analysis and location meta-data in textual posts for Heraklion and Chania, the most positive-
rated spots of each city are presented.

The insights arising from the analysis and visualisation are useful in observing spots that tourists/visitors
enjoy more. For Heraklion (figure 29), it is observed that the most favourite spots are in the old town
and a deeper analysis can show that tourists like walking through the city’s alleys/roads and visiting
town’s monuments. On the other side, in Chania (figure 30), it is observed that tourists enjoy walking
across the old city and old harbour. Tourism SMEs and stakeholders leveraging these insights can find
where tourists enjoy more and examine why, thus they can shape more personalized products/services.
The observation of the most favoured spots in a city, can provide significant insights about potential
new locations for SMEs expansion and/or marketing actions.
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Figure 32: Map of Chania - Location of the most positive textual posts

The sentiment of the user-generated content (textual posts) provides insights about users’ impressions
and adding location of specific post can also provide information about “where” and “why” a user had
a positive or a negative experience. Through the analysis of the acquired data using big data analytics
including ML and Al, the enrichment of insights about a location can be achieved. More specifically,

stakeholders can observe specific locations and the highest engagement content that is generated by
users.
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Social engagement is a metric indicating the attractiveness of a location and a tourism experience, since
it summarises the social interactions of users and it is used as electronic word of mouth. Therefore, the
analysis of social engagement is significant in order to empower enterprises and stakeholders with
valuable insights that can transform their products/services into personalized experiences lead on more
satisfied customers.

Heraklion
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Figure 33: Map of Heraklion - Location and type of the most engaged posts

Figure 34: Map of Chania - Location and type of the most engaged posts

The analysis of the current research combines big data and location intelligence and offers insights
about the exact location, the “topic/label” of discussion or photo, the social engagement and the channel
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for any specific textual post or photo in the defined area and date ranges. Hence, tourist SMEs,
stakeholders and local authorities are able to exploit in real-time the users behavioural perspectives and
based on that (data-driven) form their strategy and actions.

Discussion - Conclusion

In the age of digital innovation and transformation, small enterprises have the ability to disrupt
traditional business models due to their agility and innovation. SMES can grasp innovation and revenues
due to their flexibility and their size that allows them to minimize internal corporate gaps and have more
connected employees. Hence, they are able to comply with new situations and new technologies gaining
competitive advantage (Newman, 2016).

Big data enables enterprises and organizations to leverage value and acquire actionable knowledge so
that they can make better decisions and revolutionize their strategies and business models (Waller &
Fawecett, 2013). The availability of big data related with consumers provides enterprises unique
opportunities to pursue understanding of market trends, consumer behavior and activities (Erevelles et
al., 2016; Waller & Fawcett, 2013). Although enterprises relying on data is not a new concept, but
recently they began to leverage other data sources such as social media, smartphones or sensors, and
new analytical technologies to exploit this data (Hartmann et al. 2016). Big data is not just about data
collection or storage, its objective is to analyse data to get insights and leverage their value (Bello-Orgaz
et al., 2016). Nowadays, enterprises that fail to adjust with data-driven processes face the risk of losing
a critical competitive advantage, while a not efficient data utilization can lead to survival issues
(Brownlow et al., 2015).

Social media networks have transformed the relationships between enterprises, employees, customers
and stakeholders. Prominent examples of SM include Facebook (with over 2,2 billion monthly active
users), Twitter (with over 330 million monthly active users), YouTube (with over 1,8 billion monthly
active users) and Yelp; a platform for reviews of products or services provided by consumers, together
with many other blogs, forums, microblogs, photo and video sharing platforms (i.e. Instagram with a
whopping 800 million monthly active users). These numbers are clearly indicating that SM applications
generate enormous amounts of data — this information potentially offers enormous possibilities in
business growth. Because of the amount of active users on these platforms and overall content produced
daily, organisations have the motivation to recognise which trends are currently evolving to identify
potential risks and opportunities, which are highly subjective for every organisation. Other than
monitoring current trends, it is also needed to be aware of the creators of the content themselves,
specifically the most influencing ones. Both businesses and non-profit organisations collect the data
produced by users with desire to secure a spot in the multimedia world. Customers are able to gain
various types of shared data information from each other, by using social media. This information plays
a significant role in one’s purchasing decisions. Therefore, an important aspect of SM is developing
relationship with customers, suppliers, PR and potential partners.

Analyzing user-generated content shared on social media can be valuable in various fields like
marketing, public health, public safety (Gerber, 2014), tourism and politics (Carvalho et al., 2017).
There are different analytics techniques like sentiment analysis, topic modelling, natural language
processing (NLP) etc that are used to uncover hidden patterns and insights in social media data. Data
visualization and visual analytics are significant for effective management and support of understanding
for big data (Ribarsky et al., 2014). The evolution of decision-making exploiting information generated
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by tourists in real-time, inducement of tourists’ experience by discovering needs and preferences,
emergence of new business models and products/services.

Social media big data analysis is able to discover new knowledge that can be used for better decision
making of individuals and enterprises. Big data social media analytics provide an exclusive opportunity
to retrieve a huge amount of customers’ opinions and experiences contributing to the improvement of
traditional strategies through the generation of more targeted marketing campaigns (Bello-Orgaz et al.,
2016) and strategy.

Especially for SMEs that have mostly limited resources and cannot afford mismanagement, the insights
gained can contribute to focus on the most important issues. Therefore, sentiment analysis can be
considered as a profitable technique arised of Big Data. The interactivity of social networks is an
extensive marketing tool for reaching out to a client base. Being able to respond quickly and hook the
audience regularly by engaging with them, not necessarily on product-related topics, can strengthen the
boundaries between enterprises and their customers, while it is an inexpensive direct communication
channel especially for SMEs (Nobre & Silva, 2014). Enterprises that do not spend enough resources on
the planning process and get engaged with their customers over time, can be seen as more vulnerable
and are likely to lose their competitiveness over time. Any enterprise in tourism industry has to exploit
its managerial and marketing strategies, tactics and tools to gain and maintain a sustained competitive
advantage (Mariani et al., 2018). The integration of various data sources with structured and
unstructured data has the ability to provide insights that cannot be revealed by data traditional analysis
approaches (Alaei et al., 2017). All those complex processes can be evaluated and assessed by Big Data
analytics that can help to increase the longevity of enterprises.

In this context, the purpose of this research is to reveal a novel approach to leverage massive
unstructured data providing valuable knowledge (insights) for tourism SMEs and stakeholders to attain
innovation and improve their value creation process through leveraging big data generated from
location-based social networks. The findings of the analysis using a case study of the two destinations
on the island of Crete indicating that big data user-generated content in location-based social networks
can provide insightful patterns about tourists’ on-site behaviour in tourism destination. Understanding
tourist preferences and perspectives provides significant implications for tourism enterprises and
stakeholders to efficient strategic planning and decision making.

Taking insights about which is the most popular location, what attracts tourists more and why, what are
the most popular and preferred days-hours to share each type of content, where and why do tourists like
to visit, which is the more attractive location and what are the characteristics of tourists, make tourism
organizations, SMEs and destination managers capable of design, implement and develop knowledge-
based products and services using interactive data visualizations enabling the deeper analysis without
any expertise required. Additionally, the results of the study provide knowledge about developing the
appropriate strategies of promotion of the cities or the whole island, Crete, as a tourist destination
through online promotion.

Limitations of the study should be also identified. Firstly, only user-generated content from users
located in urban cities was used, thus future research can also include rural, agricultural or coastal areas.
In addition, not all tourists visiting the examining cities take photos or write reviews and share them
online, thus it is a study focused on the tourists that generate content in the location-based social
networks used in the study.
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Big Data Analytics for Tourism Destinations:
A comparative analysis through Location-Based
Social Networks

Introduction

User-generated data in Location-based Social Networks (LBSNSs) can be a great resource of knowledge
for understanding people’s behaviour details and movement flows in tourism destinations. Nowadays,
local authorities and tourism enterprises are using conventional methods like surveys and opinion polls
for collecting data and strategic decision making. Despite the benefits of these approaches, they present
significant disadvantages such as time consuming and sample size.

The practical research combining big data analytics techniques and social media is scarce, while there
is a lack of knowledge in leveraging big data in hospitality and tourism. Therefore, the implementation
of innovative big data analytics applications leveraging location-based big social data provides new
knowledge about behavioral data and perceptions in tourism destinations, is requested.

Focusing on tourism and location-based social media networks, this chapter aims to reveal a novel
approach to leverage massive unstructured data for knowledge extraction. In contrast to the
conventional spatio-temporal data, big social media data offer dynamically to innovation and value
creation through improving strategic decision-making process of tourism destination stakeholders.
Valuable knowledge is extracted about travellers’ behaviour, impressions and preferences for tourist
destinations. To achieve that a novel approach through harnessing massive unstructured data derived
from popular location-based social networks e.g. Twitter and Instagram is developed. More specifically,
the approach introduces the combination of textual and photo analytics with data derived from media
sharing and textual social networks, introduces social big data analytics such as social engagement,
sentiment analysis, topic/label detection combined with spatio-temporal features to provide more
insights about tourist destinations.

The approach integrates location and big data analytics techniques and it is implemented based upon
geotagged user-generated data shared on the two largest islands in the Mediterranean Sea, the island of
Crete (Greece), and the island of Cyprus that are popular summertime tourist destinations. The
comparison between two tourist destinations with common characteristics provide additional insights
about the potential of each destination and areas of improvement.

Practical implications are arising through the efficient spatio-temporal and demographic analysis of
tourist movement in both tourism destinations for improving strategic decision making of stakeholders
like local authorities and tourism SMEs leading to innovation and value creation. In addition, DMOs
can leverage the new knowledge for developing innovative marketing strategies strengthening
destination branding gaining competitive advantage against rival tourism destinations.
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Literature / study background - framework

Nowadays, “Big data” is concentrating prodigious attention globally that is driven by the tremendous
increase of mobile devices, social media networks and “Internet of Things” concepts. Some scholars
have considered “big data” as large datasets that are not able to be captured, stored and managed with
commonly used software tools (Manyika et al., 2011), however due to its great prospects, there are
several definitions of that concept (Wamba et al., 2015). According to (IDC, 2012), Big Data
demonstrates three major characteristics: “the data itself, the analytics of the data, and the presentation
of the results of the analytics”, while (De Mauro et al., 2016) proposed a definition of Big Data that is
compatible with the use of terms Big Data Technology & Methods: “Big Data is the Information asset
characterised by such a High Volume, Velocity and Variety to require specific Technology and
Analytical Methods for its transformation into Value”.

Some scholars and practitioners use the “Vs” to define big data and its challenges. In that context, big
data challenges involve more than just managing large volumes of data, thus the “3Vs” of Big Data
were proposed: volume, variety and velocity (McAfee & Brynjolfsson, 2012) and later another “V” for
“value” the 4th was added in order to highlight the significance and benefits coming from leveraging
big data (IDC, 2012). The 5Vs was presented with “veracity” by IBM’.

- Volume: it’s without a doubt the major feature of big data. Large number of records or
enormous volume of data using huge storage (Wamba et al., 2015)

- Variety: the range of data types and sources. Big data is generated from several sources and in
different formats. With the availability of the storage capabilities, the volume of structured and
unstructured data and its various sources will continue to burst

- Velocity: The speed of data variations. Frequency of data generation and/or frequency of data
delivery.

- Veracity: the uncertainty due to data inconsistency, incompleteness, and/or model
approximations, requires the analysis of large data to achieve a reliable prediction.
Organizations/Enterprises have to verify the quality, governance and compliance issues of big
data

- Value: the value coming from the insights and benefits by leveraging generated big data

Big Data creates value through its contribution to optimal price setting, optimizing supply chain,
minimizing errors and improving customer satisfaction (Gunther etal., 2017). The potential and benefits
of big data is significant, however there are many technical challenges that should be addressed for
emerging its full potential and value. The huge amount (volume) of data is the primary challenge that
is recognized broadly, but there are others.

According to Moore’s law, the number of transistors on a computer chip will double almost every two
years. The completion of this law is that the ability to store and process data come easier, faster and
cheaper. This progress coming from the latest technological advances leads to what is called big data.
In other words, big data is the net of digital devices such as computers and mobile phones that create
torrents of data which can be analyzed by organizations to gain valuable knowledge. There is evidence

7 IBM - The Four V's of Big Data www.ibmbigdatahub.com/infographic/four-vs-big-data
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that big data has impacted any sector and has the ability to transform the business world (even traditional
industries) and the world as a whole (Glass & Callahan, 2014).

By 2020, the amount of digital data generated will be more than 40 zettabytes or 5200GB (5,2 Terabyte)
of data for every person on earth 2014, while the revenues of big data and business analytics market
will reach $260 billion in 2022 (IDC, 2018). According to predictions, the global data-sphere will grow
to 163 ZB by 2025 with more than 25% of this data will be in real-time and more than 95% of this will
be generated by Internet of Things (1oT) devices (Reinsel et al., 2017)

Data is the world's most valuable resource and the most important trend in the 21st century, since there
are expectations that it will transform every human endeavour. Data has enormous benefits, but also
risks. Data science is the new accelerated paradigm of discovery, but it is in its infancy and has yet to
emerge facing fundamental challenges. Nowadays, the fast development of Internet-based technologies
and the tremendous increase of connected devices through Internet of Things (loT), lead to an
exponential growth in the volume of datasets and thus this era has been renamed as “Big Data era”. Big
Data is part of the “knowledge economy” and represents an emerging investigative field for businesses
and organizations, since it provides the ability to gain valuable insights about customers views,
preferences, needs, demands, attitudes etc. (Vecchio et al., 2018a).

The development of data collection, data analysis and data science are comparable to the different stages
of internet development in businesses and organizations. During Web 1.0 companies were able to build
a presence online, introducing their products and services to a wider variety of customers. Big Data 1.0
era was focused on establishing the means for data collection in enormous scale. Building or purchasing
data warehouses, implementing the rudimental analysis skills and operational changes in companies
was the first step of working with Big Data for many companies (Provost & Fawcett, 2013). Web 2.0
(social web) interactions between customers with businesses. The online communication was not one-
sided anymore, since current and potential customers were able not only to get information about
products and services, but also to communicate their issues, preferences and experiences via websites,
social media and online surveys.

Information can play a crucial role in the performance of decision makers, especially in terms of the
quality of their decisions. There are huge torrents of data that are available for enterprises and
organizations to be analyzed. Therefore, it is significant decision makers to have the ability to gain
valuable knowledge from big data. Using design science methodology, (Elgendy & Elragal 2016)
developed a framework -“Big-Data, Analytics and Decisions” framework- examining how big data
analytics can be integrated into the decision making process. Applying that framework in a retail
experiment, it is found that from big data analytics implementation valuable knowledge can be extracted
and leveraged to support conclusive decisions and enhance decision making process.

Big data analytics is widely acknowledged to play a significant role in enhancing business performance
(Akter et al. 2016) (David Kiron & Ferguson n.d.) (Corte-Real et al. 2017) and capturing business value
(Wamba et al. 2015). There is evidence in literature confirming the contribution of big data analytics
in: price optimization and profit maximization (Davenport & Harris 2007), sales - revenue, profitability
and market share (J. Manyika et al. 2011); (Glass & Callahan 2014); (Brynjolfsson et al. 2011), return
on investment (ROI) (Barton & Court 2012) (McAfee & Brynjolfsson 2012)), reducing cost,
improvement in products/services and decision improvement (Davenport 2014); (Waller & Fawcett
2013); (Cheng et al. 2016).
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From Social Media to Big Data Analytics

The number of people using social media networks are increasingly growing with estimations about
social media users worldwide to be around 2.77 billion in 2019, up from 2.46 billion in 20178,

Social media (SM) is “a group of Internet-based applications that build on the ideological and
technological foundations of Web 2.0, and that allow the creation and exchange of User Generated
Content” (Kaplan & Haenlein 2010). In broader sense, SM refers to “a conversational, distributed

mode of content generation, dissemination, and communication among communities” (Zeng et al.
2010).

SM have risen, specifically in the last decade, with geometric expansion trend and currently have 3.196
billion active users with 42% penetration worldwide®. Every second, 973.000 users login on Facebook,
over 1 million swipes on Tinder, and over 174.000 users scroll on Instagram'®. The usage of SM creates
rather large amount of information every day, such as user personal data, shared files and attitudes
aimed to businesses — either positive or negative. SM have also revolutionised the means customers get
in touch with these businesses and their services and play an important role in perceptions and buying
decisions of customers. Therefore, nowadays, social media networks have transformed the relationships
between enterprises, employees, customers and stakeholders.

SM can be defined as a “tool which allows for the users to place and perceive information of different
types and forms of publishing; thus it can be used as a tool for marketing purposes, which requires
constant updating." SM can be an engine for obtaining the key asset — the attention of the public, this is
the fundamental aspect of achieving company’s financial objectives. ,,SM are continuously
transforming — this applies to both the content and the technological basis and creates a demand for
companies to be continuously up-to-date with the latest trends in content users.” (Couldry 2009) (Hearn
et al. 2009)

In current modern world society, the significance of social media networks is without doubt. Web 2.0
technologies and applications provided by social media networks enable the generation and distribution
of information, opinions and experiences leading to an explosion of online user-generated content.
Popular social media networks such as Facebook and e-commerce enterprises such as Amazon enable
users to share their experiences and opinions about products and/or services through word-of-mouth
(WOM) or customer reviews. Therefore, it’s extremely significant enterprises to understand the ways
WOM can induce customer preferences and product sales (Zhang et al. 2012), since WOM causes
unprecedented impact on business strategies and consumer behavior (Zhu & Zhang 2010).

There are many open big data sources with SM to be one of the most representative. SM networks allow
the analysis of the public's opinions about the image of an enterprise, its products/services, and the
monitoring of its competition. The analysis can be very simplified, but for that, the proper tools needed.
SM can be an asset for SMEs, since they allow the interaction between consumers and businesses
creating value for both sides. They create proximity to customers and maintain a special relationship
with them, while they also help to understand more precisely the customers’ behavior.

8 Statista (2018) Number of social media users worldwide from 2010 to 2021 (in billions)
9 https://digitalreport.wearesocial.com/
10 www.socialmediatoday.com/news/this-is-what-happens-in-an-internet-minute-infographic/524426
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Enterprises use SM in their Customer Relationship Management (CRM), strategy, and organization
activities, to market products, promote brands, communicate with their customers, and thereby develop
their activities. They allow information sharing about customer expectations of business relationships,
spreading information, and creating connectivity. This is called co-creation with customers via social
media, since customers can collaborate with companies in the design of new products by offering new
ideas, so-called innovation, they can also provide improvements to existing products. This co-creation
is necessary for enterprises to achieve effective customer engagement using social media. This
evolution has become a major strategic issue for enterprises as they attempt to satisfy the needs and
requirements of their customers and not only at the level of product design or usage, but also at the
quality, price and customer service, that are major goals for most enterprises. These data will also
contribute to the product development, innovation and discovery of new opportunities.

The use of social media generates huge amounts of data on a daily basis, including consumer opinions,
experiences and sentiments towards brands, products and services that is potentially of great value to
enterprises (Kurniawati & Shanks, 2013), while big data can transform business models and improve
the competitiveness of enterprises greatly (Bi & Cochran, 2014). In that context, social media analytics
(SMA) can offer enterprises the opportunity to derive value by capturing, understanding and visualizing
information on customer intelligence, changing customer tastes and preferences, campaigns
performance, crisis responsiveness and influential users (Fan & Gordon 2014). Nonetheless, social
media analytics (SMA) faces some challenges related to the nature of social media big data, their
collection and analysis techniques. Their process and management is not easy, since big social data is
collected/stored in two forms: the structured data (or meta-data) including user profile characteristics,
spatial, temporal and thematic data; the unstructured data comprises user-generated content that ranges
from textual content (microblogs) to rich content includes audio and visual material (Stieglitz et al.,
2014). The aggressive growth of social media has constituted to issues in data analysis techniques such
as machine learning and data mining. Therefore, big data methodologies and perceptions are getting
more and more popular (Bello-Orgaz et al., 2016).

SMA induces significantly every industry sector. (Abirami & Askarunisa, 2017) investigate the impact
of social media on the healthcare industry. Using user generated content from social media (online
reviews), they rank hospitals based on aggregated sentiment score. (Cheng & Edwards 2015) using a
visual analytic approach examine tourism-related social media posts about China providing consumers’
insights for more efficient tourism marketing strategy. Travel and tourism related topics are found
to be among the most popular topics in online social media networks (Miguéns et al., 2008),
since travellers use the internet to gain information, share experiences, comment/review services, settle
relationships with people from different destinations or buy travel products/services (Floris &
Campagna, 2014).
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Location and Big data analytics in Tourism

Big data analytics (BDA) is “a new generation of technologies and architectures, designed to
economically extract value from very large volumes of a wide variety of data, by enabling high velocity
capture, discovery and/or analysis.” (IDC, 2012) or in other words, BDA is considered as a holistic
approach that is able to manage, process and analyze the 5Vs of big data (volume, variety, velocity,
veracity and value) in order to provide actionable knowledge for conveying sustained value, measuring
performance and induct competitive advantages (Wamba et al., 2015). Analytics is the science of using
data to build models that lead to decisions that add value to individuals or organizations. In other words,
analytics is the discovery, interpretation, and communication of meaningful patterns in data.
Organizations can exploit data analytics for several purposes such as the prediction and improvement
of business performance, decision making, marketing optimization etc. Analytics includes social media
analytics, social listening, comparative analysis, marketing analytics etc.

The tourism industry is a great application for social media analytics, since travellers’ data (opinions,
reviews, ratings etc.) contain rich information for data analysis. Social media can provide real-time
insights about tourists’ visiting patterns (Dhiratara et al., 2016). Tourism is a complicated industry in
which travellers’ data, information and knowledge are vital determinants for destinations’
competitiveness and innovation (Vecchio et al., 2018a). Big data should be harnessed for data-driven
strategic decisions and enhanced destination competitiveness. Tourism destination management is
constantly transforming due to changing customer preferences/needs and technological developments.
Big Data should be leveraged improving decision making process and enhancing destination
competitiveness, but the field is not yet well developed (Miah et al., 2017). Understanding tourists’
perspectives in location and products/services offered to boost their satisfaction can reinforce tourism
destination management (Floris & Campagna, 2014).

Vecchio et al. (2018a) using Apulia (Southern Italian region) as case study examined the value creation
arising from big data associated with unusual experiences in a “Smart Tourism Destination”. They
analyzed big data generated by social media through business analytics tools (Keyhole and Buzztrack)
for supporting better planning and execution of social media strategies. Following (Secundo et al., 2017)
conceptual framework, the big data social media analysis associated with the trip’s experiences in a
destination and shared within a huge community of people live in the locations is able to export many
value dimensions with specific techniques.

Floris & Campagna (2014) attempt to examine tourist preferences on tourism destination and services
by extracting 880.000 reviews for Sardinia in five different languages coming from tourism social media
networks of Booking and Tripadvisor. Applying techniques of spatial and statistical analysis to gain
insights from tourists’ impressions on success factors that can be used in decision-making and tourist
planning, they explore spatial dynamics of visitors’ impressions and their correlations with other
variables. Their workflow of their empirical study consists of a three-step process: i) data collection and
geocoding, ii) analysis of regional preferences dynamics to detect clusters and hot/cold-spots and iii)
analysis of local preferences dynamics to get deeper insights on tourist options, regional territorial
characteristics and tourism services quality in the examined destinations. It is found that the success of
a tourist destination depends on the quality of the tourist offer but also on infrastructure, services and
the territorial characteristics of the places.
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The analysis of photos and images uploaded and shared on social media networks can contribute to
tourism studies. (Donaire et al., 2014) analyzed Flickr pictures of a Pyrenees destination (Boi Valley).
They conduct a content analysis of shared images on Flickr finding that 90,3% of the photos taken are
outdoors and the rest 9,7% are indoors. In addition, through cluster analysis photographers were
categorized into four groups depending on what they capture. More specifically, the groups are global
tourist photographers (overall view of space), scenic (panorama mostly of natural spaces), detail hunters
(spittled view of cultural areas) and monument lovers (churches). They propose for future research to
follow this approach to analyze photos for other types of destinations such as urban or sun and beach
destinations for clustering.

Hausmann et al. (2018) examine if social media can be used as an alternative way to traditional surveys
to understand tourists’ preferences for experiences in protected areas. Using data obtained from a
traditional survey that was conducted in the Kruger National Park (South Africa) compared with
observed preferences arising from over 13600 geotagged images shared on Instagram and Flickr by
visitors of the park during the same period. They concluded that social media content can be a cost-
efficient option to explore and monitor preferences for biodiversity and human activities in protected
areas. (Marine-Roig & Clave, 2015) highlight the significance of tourism user-generated content using
a dataset of more than 100000 travel reviews in English by visitors of Barcelona for ten years. Using
these data applying business intelligence (BI) for destination management can contribute significantly
to develop marketing strategies, improve branding and provide policy implications among tourism and
marketing organizations.

Many interactions between customers and enterprises are hosted in social media networks, whilst the
significant advance of social media has turned online market into a conversation generating torrents of
data (Chen et al., 2014). SMA contributes to the analysis of structured and unstructured data gathered
from various social media channels (Vashisht & Gupta, 2015). The most popular social media platforms
for analysis are social networks like Facebook and LinkedlIn, microblogs like Twitter and Tumblr,
media sharing like Instagram and Flickr, social news like Digg and Reddit and review sites like
Foursquare and TripAdvisor. Their analysis can be separated into content-based applications with the
text and its language are the most significant factors for identifying users’ emotions, preferences etc.
and structure-based applications with users’ interests and relationships clustered into communities
(Chen et al., 2014).

Nowadays, the majority of tourism processes and transactions (from trip planning, bookings to tourist
feedback) are digitized, while the majority of tourists using the web and social media for travel planning
and acquiring trustworthy information for their travel destination (Yoo et al., 2016). Therefore, an
enormous amount of data generated at tourism destinations, identifying preferences and needs of
tourists. Real-time analysis of SM data is a major driver for value creation in many industries (Vashisht
& Gupta, 2015; Vecchio et al., 2018a). For instance, Park et al. (2016) examined perceptions of Asian
restaurants on Twitter. Using text mining, word frequency analysis and sentiment analysis on 86,015
tweets over four months, they found that the sentiment scores of Chinese restaurants were significantly
lower than others. The most positive tweets were about food quality, while negative tweets suggested
problems about the service quality or food culture.

Several empirical studies have examined the user-generated content generated of social media in
tourism destinations. (Chang et al., 2017) extract and visualize ratings and reviews for Hilton hotels in
Tripadvisor using sentiment analysis and natural-language processing. They found the types of
travellers that provided the lowest and highest ratings, the months with the lowest and highest rates and
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the travellers’ emotions according to the most frequently used negative or positive words. (Floris &
Campagna, 2014) developed a methodology integrating TripAdvisor and Booking data to extract
meaningful knowledge for tourism planning and decision-making. They investigated tourist
preferences, such as the most popular destinations, reasons that people chose those destinations and
what they appreciate/ignore. They found that the success of a tourism destination depends on the quality
of the tourism industry and the territorial setting of the destinations. (Marchiori & Cantoni, 2015)
examined the impact of the prior experience of a destination and the change in users' perceptions
following exposure to user-generated content. Using a dataset of 2505 American Internet users, they
found that people who are more educated or have previously visited a destination are less likely to
change their opinions after being exposed to online social media content. (Marine-Roig & Clavé, 2015)
highlighted the significance of Big Data analytics for smart destinations, examining the online image
of Barcelona with a dataset of 100.000 online reviews written in English by tourists. They claimed that
their analysis provided significant guidelines for the stakeholders, leading to better strategy, marketing
and branding for the tourism destination.

The huge adoption of mobile devices has led to an explosion of data including user information and
geolocation that are extremely valuable for marketing departments forming marketing strategies.
However, the lack of technical skills do not allow the full exploitation of this data, while the data
regulations create the need of filtering data that are accessible for leverage. Hence, a huge increase in
use of LBSNSs is observed, since users are able to express their opinions, report events, share reviews
and sentiment, generating more and more user-generated content, while they are connected with others
(Rathore et al., 2017). Recently, an explosive growth of LBSNs is observed, with the market leader
Facebook currently having 2.06 billion monthly active users, while Instagram follows with 700 million
active users and Twitter with more than 328 million users in 2017. This growth over the past years has
resulted in the definition of the term Social Big Data that represents an enormous volume of data derived
from social networks and their hundreds of millions of monthly active users worldwide!*.

Location is dynamic and in combination with the rapidly increasing amount of real-time data coming
from technology advances such 5G proliferation, enterprises will be able to get more insights by
analyzing in the cloud. Location data plays a significant role in the successful exploitation of SM
networks, thus 69% of company decision makers have implemented solutions to improve their location
data, and 57% of them have implemented solutions for location analytics (Belissent, 2018). Normally,
SM networks analyse data by using keywords (often hashtags) but this does not give them full insight.
By applying this method, they see what their customers or target groups are doing only if those groups
use the keywords. So, it is possible for the network to not be aware of some keyword and hence the
network will not include it into the analysis or its marketing. However, when location-based information
is provided, the network has more insight into the behaviour of its customers. The networks can then
analyse data not only by keywords but also by social media channels, datetime, target groups etc. For
example, it is possible to choose one area of interest (one location) and see all the social media posts
customers have uploaded from that location, not only the ones with keywords. This can show the
network which customers are posting what and when, some keywords they are using, and the keywords
the enterprise was not aware of. Then, the network can customize its offer, approach, targeting,
marketing and more. But also, they can gain advantage in the market competition by recognizing
locations where customers spend time.

1 Statista (2017) “Most famous social network sites worldwide as of September 2017” [online]
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Enterprises frequently apply computerized systems in location decision-making processes. One of the
systems enterprises use is GIS or Geographic Information System. (Pucha-Cofrep et al., 2018) define
GIS as a set of tools made up of hardware, software, data and users. As stated in Fundamentals of GIS,
the system allows businesses to represent, save, manage and examine digital information that helps
them to create different maps. They also consider GIS as a computer model of geographic reality and
its role is fulfilling identified information demands. However, GIS cannot serve as a decision-making
system on its own. It is based on a geographical phenomenon and not on business matters. It helps
businesses in acquiring data and creating maps, but it does not solve business problems or challenges
as such. Nevertheless, when GIS, its data and maps are combined with Bl or Business Intelligence,
enterprises get important information. The information is mostly connected to: the location or number
of consumers with the highest income, the risk of natural disasters occurring where the company is
located, the distance between the company and the important transport links etc.

To make key decisions based on location information, companies use Location Intelligence (LI).
Location Intelligence developed from Geographic Information System and incorporates certain features
of it into Business Intelligence and uses many factors and data to recognize risks or opportunities,
identify patterns, decrease expenses or increase profit and so on. The information then makes the
company more effective and helps in making better strategic decisions. Furthermore, the whole market
based on location aspects is estimated to be worth 16.34 billion dollars by 2021 and by the same year it
is estimated that 22.5 billion devices will be connected to the internet, each with a unique location. But,
due to Big Data, many companies are battling to maintain all the data they acquire. It is believed that
less than 1% of collected data is currently being used and the need to utilize location data will only
become greater in the future. In other words, the future enterprise success depends on its potential and
capacity to examine and apply location-based information. There are many enterprises that monitor
social media for consumers generated content (posts, photos, etc.), while adding location data from
consumers enables enterprises to react in real-time and get value in the long run. In order to exploit the
full potential of data location, enterprises should carry out the following: monitoring business locations
for shared social media content, identifying topics and sentiment of conversations, discovering time
patterns and ensuring brand risk management through managing customers feedback, positive or
negative (Harvard Business Review, 2018).

Location-based content can contribute to monitor user satisfaction in a dynamic way (Rybarczyk et al.,
2018), since the evolution of location-acquisition technologies including GPS, Wi-Fi and 4G allow
users share media content (texts, photos and videos) along with their position (location-tagged media
content), transforming social networks to Geosocial or Location-Based Social Networks (LBSNS)
(Rathore et al., 2017). “The use of locationally-referenced information as a key input in business
decision-making” refers to Location Intelligence (LI) or Locational Data Analysis (Shekhar et al., 2017)
adding a spatial perspective to data analysis that creates critical context to the decision-making process
with the incorporation of powerful data correlation and visualization methods (Milton, 2011).

LBSN does not just add location as a new feature to an existing social structure so that people in the
social network share information with a position tag, but also creates new social structures of individuals
linked by interdependence derived from their physical world locations (Zheng, 2011). In a LBSN, a
user’s location is represented as a place e.g. street, shop, park, point of interest or building (Chorley et
al., 2015) that is tagged in media content, like a post with text, picture or video providing information,
to other users of the network informing them about the location of that post.
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Data-driven maps and location-based applications created using LI reveal spatial relationships and
correlations with other types of business data that otherwise may not have been visible. Combining this
data with other types of geographic data such as population, traffic and weather provide opportunities
for analyzing various spatially referenced phenomena and gain knowledge for businesses, organizations
and public authorities. The analysis of data in both structured and unstructured forms, as well as the
evolution in data storage, data processing, and data mining technologies lead businesses and local
authorities on data-driven decision making and generation of non-obvious knowledge in real-time (Ravi
et al., 2018; Vecchio et al., 2018a; Hashem et al., 2015). Enterprises and organizations can use location
data to understand the significant impact of “where” in their operations. LI as a part of the whole data
analysis process allows businesses or public authorities to better understand external characteristics and
how these affect their activities and to gain a comprehensive overview of a phenomenon by integrating
location and time dimensions with internal data (Milton, 2011).

Some prior studies have examined the role of location-based social networks in tourism. (Lee et al.,
2011) used a dataset of geo-tagged Twitter messages from Japan to monitor geographical areas, finding
that crowd activity can reveal expected and unexpected events. (Brandt et al., 2017) using 600,000
Twitter messages in San Francisco, examined the potential value of the spatial and semantic analysis of
social media messages for smart tourism ecosystems. They found that social media analytics can reveal
spatial patterns within the city related to presence, environmental and topical engagement, and these
patterns contribute to value creation for smart urban tourism. (Zhou et al., 2015) proposed a method to
find tourist hotspots through public Flickr images, demonstrating with the United States.

Miah et al. (2017) analyzed geotagged photos from Melbourne (Australia) shared in Flickr, demonstrate
a method of analysing big data generated across social media networks for bringing more insights to
enhance strategic decision making. Through this approach, destination management organisations and
stakeholders can analyze and predict tourist preferences at specific places. (Psyllidis et al., 2015)
demonstrated a web-based platform called SocialGlass that leverages data from several data sources
including sensors, social media streams (Twitter, Instagram, Foursquare), open data from municipalities
and resources from knowledge repositories. Their system using data science, semantic integration and
crowdsourcing techniques can provide the mapping of demographics, people activities patterns,
visitors’ preferences about specific areas in a city and destination popularity. SocialGlass offers urban
analytics, interactive data visualization for data exploration, and comparison enhancing urban planning
and decision making through the better understanding of cities” dynamics.

Methodology

Nowadays, big data and analytics is widely used, while data-driven approaches concentrate more and
more attention from academia and almost every industry. Data visualization is the representation and
presentation of data that exploits our visual perception abilities in order to amplify cognition, reveal the
actual value and allowing new patterns observation.

Human visual system is extremely capable of identifying patterns, trends and relationships through
processing visual information in contrast to textual or numerical form. Therefore, information that is
presented visually can be extracted and analyzed by humans faster and more efficiently. Visual
representation of information in form of maps, charts, images, graphs etc enables the understanding
complex phenomena or detecting patterns within the large amount of data (Wexler et al., 2017).
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Data visualisation exploits the high bandwidth that human brain processes visual signals. People reading
text remember 10% of the information for three days, while visualizations are more likely to be recalled
at 65%. Therefore, data visualization is better for transferring information than text blocks. Creating
great visualisations is ‘a carefully curated blend of art and science’. Hence, a great visualisation should
evoke opinion, and possibly even emotion (Ryan, 2016).

The substantial growth of data, Big Data, created the need for enterprises to adopt a data-driven culture,
where data visualization is crucial, while the evolution of data every day leads on a need for new types
of data visualization. Static charts provide significant insights, but they are not able to present all the
knowledge of the underlying layers of data sets. Interactive visualisations increase the ability for
exploration and navigation through the data providing the ‘fourth visual dimension’ (Ferster &
Shneiderman, 2012). Therefore, understanding, discovery capability and communication of the insights
is significantly improved (Zudilova-Seinstra et al., 2008; Packham et al. 2005).

In management, visualisations assist decision makers to understand data and obtain useful information
easily and quickly (Morabito, 2015). Therefore, visual analytics approaches are getting more and more
popular but are not frequently used in the tourism literature. (Cheng & Edwards, 2015) demonstrate that
a visual analytic approach that is primarily relied on manual processing of text, sentiment and image,
can provide insights such as tourists’ attitudes about the impact of travel policy news on consumers in
China. (Carvalho et al., 2017) present a platform and framework named MISNIS (Intelligent Mining of
Public Social Networks’ Influence in Society) dealing with the issues of collecting, storing, managing,
mining and visualizing Twitter data allowing any user to easily get a given subject from a very large
dataset of tweets, related contents and indicators such as user impact (influence) or sentiment analysis.

Exploitation of user-generated data shared in location-based social networks can be extremely
beneficial for many parties including local authorities, organizations and citizens and it can be life-
critical. Web 2.0 applications and tools transforming the role and behavior of travellers, make tourism
stakeholders reorganize their operations and business models based on these data (Christou, 2016b).
However, harvesting real-time spatial data from social media networks such as Twitter, Instagram and
Flickr is challenging, since all the users of these social media networks generate an enormous volume
of data (Christou, 2016a). Therefore, a data analytics system is required to process offline data
efficiently within a time limit and provide real-time data analysis for various social networks, including
Twitter (Rehman et al., 2013; Carvalho et al., 2017; Komorowski et al., 2018; Liu et al., 2018, Flickr
(Liu et al., 2018; Li et al., 2018; Li et al., 2018; Donaire et al., 2014), Instagram (Schmidbauer et al.,
2018; Mittal et al., 2017) and Foursquare (Mittal et al., 2017; Liu et al., 2016; Wang et al. 2015.

For the data analysis process, the system using public user-generated content from the LBSNs consists
of the main sub-processes: a) data acquisition, b) data cleansing and storage, c) data querying and
filtering and d) data visualization (Mahmud et al., 2016; Floris & Campagna, 2014) (figure 35). The
selected LBSNs, that are used in this study are Instagram and Flickr (media sharing) and Foursquare
and Twitter (textual posts and reviews). For the data acquisition process, the system communicates with
the LBSNs repeatedly through their RESTful Web Services (RESTful APIs) to collect all the new
generated data in an unstructured form. After acquisition, data cleansing and transformation is needed
to select the required data and transform them into a structured form to be stored in the SQL database
and transferred to a data warehouse in the cloud. Querying a table in a data warehouse is fast since it is
optimized for analytic access patterns and processes highly complex queries overall data (Bouadi et al.,
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2017). Afterward, data from each executed query is filtered to be visualized (Ferreira et al., 2013)
(Mahmud et al., 2016).
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Figure 35: The data flow of the analysis

Valuable insights about people's preferences can arise from their behavioural data (Glass & Callahan,
2014). The user-generated content of social media networks is mostly in unstructured form i.e. photos,
videos, text. Therefore, big data analysis techniques like text mining are used for insights/knowledge
extraction through them. Therefore, user-generated content with geo-tagged tag shared in the popular
social networks of Instagram, Flickr, Foursquare and Twitter is collected, processed and analyzed.

The data acquisition consists of the communication of the web application programming interface (API)
of the social media networks used periodically to acquire new geo-tagged user-generated content (data).
For acquiring data from Instagram, a crawler to scrape Instagram’s explore page using Location-1ds as
the parameters was required (Dhiratara et al., 2016). The data cleaning and transformation of acquired
data is the process of storing the necessary data and transforming them from unstructured into structured
format, to be stored in our SQL database and data warehouse.

The selected social networks provide unstructured data (photos and texts) with location tag generated
by users. For the analysis of these data and the extraction of valuable knowledge big data techniques
are used. In more detail, for text mining, Google Cloud Natural Language API and machine learning
models are used for sentiment and entities/labels analysis. For image/photo analysis introduced in this
study, Google machine learning model (Google Cloud Vision API) is used for the detection of
objects/labels within the acquired photos collected by Instagram and Flickr. For data visualizations
Microsoft Power Bl and ESRI ArcGIS are used achieving the presentation of data analysis results in an
interactive and easily understandable way.
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Data collection and analysis - a case study for cities of Crete and Cyprus

The most popular conventional approaches rely on tourist participation and manual recordings that have
limitations like high cost, limited answers and being time-consuming. Contrary to these, online social
media networks can be used as a cost-efficient data source for capturing tourist behaviour and flows
(Vu et al., 2018) prevailing limitations of survey and opinion polls (Veal, 2017).

The islands of Crete and Cyprus were used as a case study and the examined time period was between
June 2018 and September 2018. The existing tourism research studies for the examining regions that
are based on traditional approaches e.g. surveys, are for Cyprus (Clerides & Pashourtidou, 2007; Boukas
& Ziakas, 2013; Farmaki, 2014; Farmaki, 2016) and for Crete (Andriotis, 2011; Hosni et al., 2018;
Zouganeli et al. 2012). On the contrary, this study introduces an innovative approach for knowledge
extraction arising from unstructured social big data combining location and big data analytics
techniques. The examined regions are two of the largest islands in the Mediterranean Sea, the island of
Crete (Greece) and the island of Cyprus. Crete is the fifth largest island and Cyprus the third largest
island in Mediterranean basin. Both islands economies rely on tourism industry and on both islands the
majority of tourism enterprises are SMEs.

In this context, data acquisition for the case study includes the tourists’ preferences and perspectives
arising from the user-generated data shared in the most tourist - popular cities of the two islands (Floris
& Campagna, 2014) for the examining period of June 2018 to September 2018 (highest tourism season).
After this phase, the user-generated unstructured data shared in location-based social networks is
cleaned, transformed and analyzed. For the analysis of textual content, big data analytics techniques are
used (gender classification, sentiment and entities analysis), while digital image processing is used for
the analysis of media content (photos). For both types of content (data), data cleaning and
transformation of unstructured to structured data enabling the extraction of knowledge from LBSN big
data through data visualization. Interactive data visuals are able to present in an efficient and clear way
unhidden patterns and insights for tourists’ perceptions, spatial-temporal behavior and demographics in
the examined tourism destinations. Data visualization in visual graphs and maps enabling the
knowledge extraction from LBSN big data of tourists in these destinations.

More specifically, the interactive visualization of the analyzed big data for the examining tourist
destination cities is in graphics (insights about tourist temporal characteristics, perspectives and
demographics) and in maps (insights about tourist spatio - temporal patterns). This is the first study that
spatial analytics (location intelligence) is combined with sentiment analysis, type of user-generated
content and social engagement (big data social media data analytics), whilst a combination of different
content type location-based social media networks are used.
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Figure 36: The innovative approach for knowledge extraction through LBSNs
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Results and discussion

It gets to the fundamental purpose of a visualization to convey a point (Whitney, 2012) for information
discovery (Ware, 2013) (Schmitz et al. 2015) or/and to aid in decision-making (Elouni et al., 2017);
(Moore, 2017; Elouni et al. 2017). Tourist destination image is significant in tourists’ decision-making
behavior and influencing tourist destination competitiveness (Camprubi et al., 2012). User generated
content shared in social media networks include text, geolocation, images or videos. The information
that can be extracted from these can fuel decision making through innovation and value creation
(Prodromou, 2014; Moore 2017).

Translation of enormous amounts of data into a comprehensible form for managers is a major research
challenge (Chen et al., 2012), with data visualizations be the right tool dealing with that (Huang et al.,
2017). The data acquired from the LBSNs used in this study for urban areas of Crete and Cyprus during
the examining period of three months (June to September 2018), as summarized in Figure 37.

The acquired data for this study are user-generated data shared in the most popular urban areas of
Cyprus and Crete. More specifically, as it is presented below, the examining cities of Crete island are
Chania, Rethymno, Agios Nikolaos, Heraklion and Yerapetra, while the examining cities of Cyprus
island are Ayia Napa, Larnaca, Pafos, Protaras and Limassol.

Total Users, Total Text Posts, Total Photos, Total Engagement  Total Users, Total Text Posts, Total Photos, Total Engagement

BY CITY BY CITY

Oty Total Users  Total Test Posts  Tetal Photos  Tetal Engagement Oty Total Users  Total Test Posts  Total Photos  Tetal Engagement
Ayia Mapa 17551 1072 78210 10342193 Chanis 16477 2703 58353 6130476
Larnaca 7965 508 32429 3478253 Rethymno 14788 1170 £4044 SO8E406
Pafas £895 754 22240 1967212 Agios Nikalaos 12235 470 41755 7307735
Protaras 4455 396 18416 2019856 Heraklicn 11270 796 33263 4514525
Limasso 3223 598 27580 3050445 Yerapstra 12 42 4129 1531457
Total 40090 3458 178885 21766959 Total 55682 5181 207574 25790599

Figure 37: Summary of user-generated data per city and island

A summary of the total shared content for the two islands per month and type (figure 38) indicating the
most popular months of each island for each type of content (textual post or photo), while a comparison
between two islands can be achieved. In a nutshell, the most popular month of Crete for both types of
content are August, whilst for both types of content July is the most popular month for Cyprus. Between
two islands, it is observed that Crete is more popular during June and August, while Cyprus is more
popular than Crete in July.
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Figure 38: Type of content per month and island
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Temporal Big Data Analytics

The analysis of user-generated data can provide significant information and uncover patterns about their
temporal activity in tourist destinations like Cyprus and Crete. At first, the most popular days of the
examining period for each island (figure 39) with the most popular days be more intense than others.
Thus, Crete’s most popular days are mostly during August, while Cyprus most popular days are in July
and in one week of August.

These insights can be taken into account from tourism organizations / enterprises such as travel agencies
propose better itineraries satisfying more tourist needs, restaurants for efficient scheduling and
promotion - giving incentives like discounts for selling their products/services in the less popular
periods.
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Figure 39: Frequency of total posts per day and island
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Figure 40: User-generated content per day of the week, island and type of content
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Figure 41: User-generated content per hour of the day, island and type of content

Tracking the location of tourists can be a key indicator of tourist density (Salas-Olmedo et al. 2018) on
the days and times tourists visit specific places. Using BDA tourist hot spots can be identified as well
as the time frame in terms of seasons preferred by tourists. From the user generated posts in location-
based social networks for the examining tourist destination, temporal insights can be observed. The
most popular days of the week and hours of the day for each type of content (textual and photo) can be
defined and a comparison between two islands can be achieved.

At first, the most popular days for the total generated content for both Crete and Cyprus (figure 40) are
Monday and Tuesday, whilst the least popular day of the week is Thursday for both islands. Per type of
content, Crete and Cyprus most popular day of the week for photo sharing are Monday and Tuesday,
while for textual posts Crete’s most popular days are Friday and Saturday and for Cyprus Friday and
Sunday.

Additionally, the analysis provides insights about the popular hours of the day for both types of content
and for each tourist destination (figure 41) thus it is observed that the most popular hours for both
islands are afternoon hours after 5pm., whilst the less popular hours are after midnight to the morning
hours. Studying the spatial and temporal features of tourist based on geotagged data leads on the
extraction of significant knowledge/information about travellers’ patterns. Based on this knowledge,
tourism enterprises and stakeholders such as travel agents can be prepared to improve existing products
/services or design and launching new data-driven travel packages with SMEs adjust their resources
wisely (Silva et al., 2018)

The growing use of social media has developed words and hashtags of users as valuable assets that can
be utilized for attracting and engaging the right audience. Posts that contain at least one hashtag present
better engagement, since nowadays most people use hashtags in social media as a resource when
searching for products/services or information about specific topics/locations. Therefore, social media
has become very popular allowing customers to gain the information they are looking for.

Enterprises and organizations are able to reach a broader audience using relevant hashtags that are
coming from detailed research and experiment to find the right words to reach the customers. In
addition, finding the trending (most popular) hashtags provide them the topic that customers are
interested in. The creation of hashtag-driven content is an efficient way to brand building and
engagement through promotional material about products/services and targeting the right audience.
Brands engage users and collect ideas with campaigns and contests that users generate content using
specific hashtags for entering a promotion or contest.
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It is observed (figure 42) that the most popular hashtags for users shared photos in both islands are
related with the island and country (#cyprus, #crete, #greece) and their status in these eg. #holidays,
#sea #beach indicating that the majority of travellers enjoy their summer holidays on the beach. In the
top hashtags from textual posts by users, it is observed that users share again hashtags related to the
islands and countries, but also, they share hashtags about the cities they are eg. #chania, #heraklion,
#ayianapa. These insights about the hashtags shared in each type of social network (photo-sharing or
text-sharing) can be exploited for more efficient marketing campaigns, since destination managers or
marketeers can use them to approach a wider audience with more efficient content.
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Figure 42: Top words and hashtags per type for each island
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Figure 43: Distribution by gender of users generating content per type and island
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At each tourist destination, it can be observed that there are variations in the gender sharing content in
LBSNs. More specifically, in both islands (figure 43) it is observed that men mostly share textual
content, while women share more photos. These demographic features in combination with other
information can be beneficial i.e. for tourist destination managers and marketers in order to design and
execute a marketing strategy that is more personalized for enhancing travellers visiting experience.

In order to make sense about the nation of travellers in the examining tourist destinations, text mining
methods (natural language processing) used for detecting the language of textual user-generated
content. Hence, the top languages of users’ generated content is defined, indicating the differences of
tourist language / nation visiting the tourist destinations.

The most popular language for both islands is English, whilst the second popular language is Greek for
Crete and Russian for Cyprus, indicating the origin of travellers (figure 44). The analysis of the massive
user generated data enables the gathering of quantitative information about tourism destinations that are
significant for the image and management of a destination. In addition, the insights provided by Google
trends showing search trends for travel topics for both islands identify the areas that each island is most
popular.

Top Language
PER ISLAND

Figure 44: Top languages per island

Using social media networks, tourists post an enormous number of photos. Photos with geotags that are
published on photo-sharing social media networks like Instagram and Flickr provide opportunities for
transforming information into knowledge. Content that is accompanied with photos offers rich
information about tourist preferences and experiences, but many photos are shared without textual tags
or descriptions. To discover tourist’s experiences of specific places, visual (photo) processing approach,
as introduced before, is used. In that context, entities detection using Al algorithms provide
objects/entities that are photographed by users and shared in photo-sharing LBSNs.
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From the analysis, insights about the gender of the people that are photographed, their feelings and
activities, their sentiment, location characteristics can be observed. Tourists are interested in taking and

sharing photos having fun during their holidays (figure 45). The photos taking position is usually near
the beach or sea/water. In addition, the most photos contain people and they are females.
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Figure 45: Top photo entities per island
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Location & Big Data Analytics

One significant contribution of this study in big data analytics applications in tourism and hospitality is
the integration of location with big data analytics. Textual analysis provides significant insights about
users’ (tourists) sentiments (Chang et al., 2017) and the content of their discussions in a destination,
whilst the negative posts can provide discovery of existing problems and directions of improvement.
The knowledge extraction about the feelings of visitors for specific locations can be derived from their
shared posts in the location-based social networks with sentiment analysis (Park et al., 2016). Therefore,
the integration of these information with spatio-temporal data is able to uncover patterns and provide
more insights in geographical dimension of the destinations examined (Floris & Campagna, 2014).

Text Sentiment Analysis Text Sentiment Analysis
CRETE CYPRUS

negatives §.88% — negatives 2.28%

—— positives 28.29% — positives 35.44%

neutrals 62.28% —
neulrals 64 83% —

Figure 46: Text sentiment and gender analysis per island

For both islands it is observed that positive sentiment dominates compared to negative during the period
examined (Figure 46). The most textual posts related with the cities of Crete island are positive and
about the tastefulness and quality of traditional food and the beauty of some places, while for Cyprus
the most positive textual posts are about the beauty of places in the cities and about events and activities
eg. dancing, diving, walking.

These insights are important for understanding the perceptions and preferences of travellers in specific
places. For instance, local authorities and hotels can exploit the knowledge that tourists appreciate more
traditional food, thus they can organize events and activities that can attract more visitors adding
significant value to their tourist destination.

Digital transformation has introduced geo-marketing that enables leveraging geo-location data in
various aspects of marketing overcoming challenges and providing the ability offering better customer
experience. The analysis of engagement can be used for the evaluation of the attractiveness of tourism
experiences associated with an event and can be a significant factor for more personalized offers focused
on customer satisfaction (Vecchio et al., 2018a; Harrigan et al., 2017).
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Figure 47: Maps of Crete - Cyprus / Location and type of the most positive and negative posts

Customer or user engagement has become another key method in social media analytics, since social
media users interact more and more with brands, products and organizations through several social
media networks. Therefore, brand awareness and enhancement in the digital word by leveraging the
power of social media play a crucial role in marketing.

Engagement (Textual posts) Engagement (Photos)
BY DATE, ISLAND BY DATE, ISLAND

Figure 48: Total social engagement per type of content and island

In the same direction, social media engagement (likes, shares, and comments) in tourist destinations
depicts their attractiveness not just from the travellers but from potential tourists/travellers that are
impressed from the content that is shared. This is considered as online word of mouth marketing (e-
word of mouth) and can enhance significantly a destination branding and attractiveness. To gain more
attractive and efficient online presence, destinations or tourism enterprises/organizations can exploit
influencers to share content to their online communities (Uzunoglu & Kip, 2014).

From the social engagement arising from the user-generated data from the location-based networks, the
destination of Crete has higher social engagement than Cyprus during the examination period (figure
48). During July, some peaks are observed for Crete and Cyprus, while the deeper analysis in the type
of content and its social engagement is shown that is arising from users media (photo) sharing.
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Figure 49: Map of Crete - Location and type of top engagement posts / Distribution of posts per type
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Figure 50: Map of Cyprus - Location and type of top engagement posts / Distribution of posts per type

Using spatial analytics the locations of the examining cities with higher engagement, and hence more
attraction for location-based social networks, can be observed (figure 49 and 50). The places can be
used as destination branding material, while the type of user-generated content can provide information
about the content the travellers share, thus in both islands the majority of travellers prefer to use photo-
sharing social networks for sharing their experiences. These insights can be useful for instance in
tourism enterprises like travel agencies and DMOs can connect their marketing campaigns with photos
from these places, enhancing their efficiency and conversion rates.
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Conclusion

Due to digitalization and the constant shift of human life into the virtual space enhanced by
technological progress such as smartphones, proliferation of high-speed mobile networks (Smith et al.,
2012), humans create more data day by day. In this context, current time period is characterized as the
era of data and information explosion (Breur, 2016; Demirkan & Delen, 2013). The knowledge derived
from Big Data analytics can have an influence on any industry and tourism is considered as one of the
industries that has the ability to benefit greatly from Big Data analytics due to the voluntary virtual
actions of tourists, such as uploading photographs, paying electronically or interacting on social media.

As the digitalization trend continues, it is likely that smart tourist destinations will emerge. They will
rely on “the interaction of a destination with the community of stakeholders, residents and tourists,
based on dynamic platforms, knowledge intensive communication flows and enhanced decision support
systems” (Vecchio et al., 2018Db). It can be assumed, that the access to data will become even easier and
the information more precise, which will strongly increase the accuracy of forecasts. Nonetheless, at
the tourism industry, the potential of Big Data is not excessively utilized. Tourism/hospitality industry
struggles with innovative approaches that have the ability to gain value leveraging big data (Mariani et
al., 2018).

The opportunity to express publicly opinions with no spatiotemporal limitations through social media
networks, changed the way companies deal with customers in a tremendous way. As the touristic
product is defined by fulfilling needs and satisfying desires, the hospitality and tourism sector, more
than other economic areas, have to maintain a pleasurable customer experience. Bad reviews and
critiqgues can harm an enterprise significantly. The upload of a photo as evidence of receiving a bad
service can have a negative impact on how new potential customers will consider a booking/buy. The
power shifted from the enterprise to the customers by means of transparency. Dissatisfaction and
discomfort is visible for everyone connected to the web and scandals can go viral, that results in huge
negative publicity and loss of reputation. Nowadays, it’s important to pay attention to details, since
reputation mostly relies on word-of-mouth communication. The strongest benefit of getting reviews
from a very large sample is getting detailed information about almost every customer experience.

The traditional surveys conducted with questionnaires or observing hotel or sights admissions are very
poor sources of information in comparison to the virtual footprints. The self-expressional character of
social media activities that rely purely on an individual’s desire to present him or herself is the
catalysator of Big Data (Salas-Olmedo et al., 2018). Online user-generated content and new
technologies availability allow researchers approach travellers’ perceptions and level of satisfaction
(Alaei et al., 2017). Enterprises and tourism stakeholders can adapt, calibrate and enhance certain
criticized parts that bother the majority of their clients, while also see which aspects of their strategy
and business model worked out well. They can also learn in which direction to innovate and expand
their activities, facilities and services.

Tourism research can be developed into a new area, where the combination of theoretical approaches
and data-driven practices can lead on understanding or explaining phenomena and discovering new
dimensions in theories (Alaei et al., 2017). Under the digitized era, new opportunities for interaction
can emerge for enterprises, organizations and tourists (customers) through social media networks. As
more user generated content is created every day, more insights about consumer behaviour can be
gained. Therefore, tailor-made strategies can be developed to fully cover the needs of customers and
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thus improve the effectiveness of their marketing actions, while overcoming issues and innovating in
promising directions.

Prior studies have attempted to capture and analyze tourist activities and preferences for the
improvement of strategic decision making and planning in tourist destinations. Conventional
approaches such as travel diaries present limitations, while online social media can capture the spatio-
temporal behaviour of tourists at large scale. Therefore, the present chapter attempts to introduce a novel
methodology for the extraction of additional and valuable knowledge coming from user-generated
content shared in popular location-based social networks via mobile in the examined tourist
destinations. Integration of location intelligence with big data analytics provide more insights allowing
tourism enterprises and stakeholders to better predict travellers’ behaviour and allow efficient resources
allocation. By gathering and analyzing LBSN big data, stakeholders can gain valuable knowledge about
tourists’ and travellers’ patterns, preferences and needs. Results of analysis for both islands provide
knowledge about tourists trends in places among dates and type of content (photo or textual), tourists
sentiment (most positive about traditional food and beauty of places in Crete and most positive about
beauty of places and activities in Cyprus) in specific locations, users engagement per type of content
across specific destinations and topic/entity detection in generated content.

Taking insights about which is the most popular location or region, what attracts tourists more and why,
what are the most popular and preferred days-hours to share each type of content, where and why do
tourists like to visit, which is the more attractive location or region and what are the characteristics of
tourists, make tourism organizations, enterprises and destination managers capable of design,
implement and develop knowledge-based products and services using interactive data visualizations
enabling the deeper analysis without any expertise required. In addition, under smart city research, the
improvement of strategic decision process of local authorities by understanding people's activities,
preferences, experiences and flows are extremely significant for smart city stakeholders. The
comparison between two tourist destination that present similar characteristics also can provide insights
about practices that are implemented successfully in one and can be adopted by the other.

This research provides some implications for tourism destination stakeholders and contributions for
academia and tourism / hospitality industries. However, we need to acknowledge some of the limitations
of the study. First, a limited number of social media networks are used for the research. Even though,
the research relies on an extensive data set, but this only captures three months period and the urban
cities of the two islands (not including rural or coastal areas). In the research, user-generated content
with location -tag is used, but not all tourists visiting a destination take photos or write posts and share
them online. There are still gaps in demographics characteristics in social media such as age, educational
level and income (Li et al., 2018). Therefore, additional research streams are identified. User-generated
content shared in other social media networks can be used additionally in the analysis. A further
development of the research can include the analysis of more and various types of big data e.g. sensor
generated data to diagnose new patterns. The study provided descriptive results through big data
analytics e.g. sentiment analysis, text mining and location intelligence, future studies could use other
big data analytics techniques to identify new patterns.
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