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ITPOAOI'OX

AéZeic xredid: Awryeipion dedouévwy, ontxonolnot, Yeydio cUvolo dedopévewyH
rapakdtw owatpifn) tapovoidler TNy epevvnTIKY) HeAéTn Tdvw o€ (nTRpata oayelpions
ka1 e§epedvnong peydiwy ouvvédwy owaourdedepévawy dedopévawr. Lta mAaiow Tng -
dakTopikns owTp1Pns éxel epevvnlel oe Pddog téoo n vndpyovoa Fiplioypagia doo kai
N OX€ETIKI) €pEVVNTIKT) €pyacia o€ taykoouio enitedo. Eyovy diepevvnlel evOeAex s
ta (ntRpata avtd T600 amé Ty TA€Upd Twy UNYavikey mov KaAolvtal va oxedidoovy
ovotiuata mov va dayepilovtal Ta XYapakTnpiotikd autwy Twy dedouévawr, 600 Kai
amé TNy mAevpd TV Xpnotwy mov emuuoly oueAn) Kal aveumoédoTn mpéopacn ota
dedopéva e €Ukodous, wS mpoS THY XpHoN Kai Ty katavonon, tpomovs. EmmAéov,
éyovr mpotalel mAnpes AVoeis yia TNy avTideTonion avtwy twv (Ntnudtwy pe fdon
Ta oevdpla xpnons.
Yvuykekpiuéra, éxer npotalel éva odokAnpwuévo ovotnua ontikonoinons tng mAnpo-
poptas Paoiouévn oe yapaktnpiotikd tov SPARQL epwtiuatos. H mpotewvduern
AUon mepidapfdver éva ovotnua vrootipiéns Apewy artopdoewy mov ouufdier otny
emAoyn) g KatdAAnAng ontikoroinons ya kdle epdtnua SPARQL mov umopel va
dnuiovpynoel o xpnotns, paciopévo o€ pa Pdon yvwoewy tov nepilaupdrer ta anote-
Aéopata Jia eKTeTauérng Telpauatikig HeAétng katd Tny orola avaAvinkay ovykekpl-
péva yapaxtnpiotikd toAdv SPARQL ouvvddwy 6edopévawp.
Ipoteiverar axdua pa Avon n orola otoyeder oto va Poninoe ypnoteg mov Oev efvar
eboikeiwpévor pe ta peydda ovvola dedopévwy kar tov Xnuaciodoyiké loté oto va
ebepevvnoovy ovola dedopévwy ta omoia dev evnuepwvortar ovxvd aAld mepiéyovy
onNuavTikéS mAnpogopies mov mpémer va e€epevynoly oe Bddog.
I'a v a&omoinon twv ouvvédwy 6edopévwy (evydy epwTnon-atdvtnon mov elvai O1-
abéorua jie térolo Tpdmo mov va efaleipovtal ta un-aglomonoIua Kal UToKEIUEVIKG O€-
dopéva o€ ovotiuata avtdpuatwy 01aAdywy, avartuyinkay TexVIkéS ONHATIOAOVIKHS
avdAvong twy o0edopévwy. Ilpotdinke pia texvikn mov opilel yua avotnpr pon Oe-
dopévar kar ekaopaliler 6t1 ta oUvoda dedopévwy mou divortal wg eloodo eneepydlov-
Ta1 (e tov kaAUtepo duratéd TPomo TOoOo e Ao TOV ONUATION0YIKG TPOOavaTtoAlo o
TOU ouoTNHAToS 600 Kal je Bdon tny mepintwon Xprons.
Ornwg etvar avauevduevo oe kdOe ueyddo odvolo dedopévwr €tor kar yia 0€Oo0uéva
mov oUAéyovtar and toug moAiteS 1) mowdtTnTa kai n alomoTia Twy UETPHOEWY TOU
oulMéyovtal elvar augpropnrovuern. I'a tov Adyo avtdv avantiyOnike évag unyavio-
HOS €Aéyyou TNS mo10TNTAS Ty dedopévwy ToU Paciotnie o€ pia o€lpd amd Kavoves
Kal TpaxTikoUs TePIopIoUoUs.

AéEas khadud: Awayeipion dedopévwy, ontikonoinon, peydda ovvola Sedouévwy
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ABSTRACT

This document presents the research contribution regarding the exploration and
wisualization of very large linked datasets. First, the technologies and innovations
that led to the increase of the available big data are discussed. Then the challenges
that people interested in the exploration and analysis of the available information are
discussed. Emphasis is given in differentiating the challenges related to the nature
and characteristics of the available dataset from the ones coming from specific use
cases and target audience. Specific, real-world examples are presented to show the
needs of the users and the specification for the solutions.

Next, a solution that supports users with querying SPARQL endpoints, visualiz-
g the results, in the optimal way based on a knowledge base and a decision support
system, and facilitating the exploration of the information through an innovative
functionality toolkit is presented. The solution is proposing a client-server architec-
tural model, that allows the users to perform SPARQL queries over any available
endpoint, receive the results visualized based on the specific characteristics of the
query and explore the visualized information through multiple abstraction and filter-
mg criteria.

In addition, a fully-fledged innovative system that supports the representation of
any RDF dataset as one continuous graph at the two-dimensional space. The sys-
tem has been carefully designed to manage any dataset independently of its specific
characteristics. The system stores the information in a distributed key-value storage
system and indexes the information with a XZ-index ensuring the smooth and timely
provision of the information to multiple users regardless the spatial criteria used or
the area requested. A dedicated user interface, allows the user to access the informa-
tion, explore the complete graph, visualize the dataset thought multiple abstraction
and filtering criteria, navigate paths of interest or isolate parts of the dataset that
wants to further explore.

Understanding that the value of the available dataset is closely related to their
quality, a technique to improve the quality of the available conversational datasets is
proposed. The technique builds on top of semantic relationships, such as synonyms
and hyponomy, to calculate the semantic similarity and the semantic relatedness
between the topic that the dataset is to be used for and the available information.
Taking into consideration the use case that the output dataset is going to be used for,
its thematic relation with the source of the input dataset and the language formality
needed for the task, the two scores are merged using a weight-based score function into
a matching percentage. The dataset is then ranked based on this percentage and only
the information above the required threshold is present in the output file. Fxtended
experimental analysis showed that machine learning solutions perform better when
trained with smaller but properly created dataset than when trained over complete



wnitial dataset.

Finally, the data quality control needed when collecting big datasets is discussed.
The specific example of the data collected within the context of the SCENT EU
founded project is presented. There volunteers were tasked to use mobile applica-
tions and smart sensor to collect images, video and sensor measurement at area of
hydrological interest. The collected data were processed in order to collect informa-
tion about the land cover of the area, the water level and the water velocity of the
water body as well as air temperature and soil moisture values. The data were col-
lected from volunteers with no training regarding the proper way to collect scientific
measurements, in conditions that were challenging regarding the weather phenom-
ena and the accessibility and in areas that had many technological challenges such
as the lack of accurate GPS signal. The collected data are to be used in order to
update hydrological models, meaning that there is a need for high accuracy in the
measurements used. Innovative techniques that filter out invalid measurements were
developed in order to provide the proper data for the models. The techniques were
proven to work properly and they were able to support the creation of improved, more
accurate flood models.

Keywords: Data management, big data, data visualization
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ITEPIAHWH

‘Hrtay mpwv and nepinov eikoor ypovia mov o Tim Berners-Lee tapovoiaoe tny 10éa
tou Xnpaciodoyikol Iotov, dtav tov {ntiilinke va evnuepwoer tov ThHAEQwviko KatdA-
oyo mou ypnoiuonowlvtay oto epewvntiké kévtpo CERN. Xi\idoe§ epeurntés kai
exatovtdoes épya, dropa mov epydlovtay uovo yia UepikoUs UNves, ouxves aAdayés
ypageiwy kai epyacicy aAld kai dtopa mov poipalav tov xpovo touvs avdjeoa o€ 6U0
1) TEPI0TOTEPES epyaoies ékavay ua epyacia mov éuowale apyikd amAn va efekiyOel
o€ yawdns. Me Bdon ws napatnpnoes tov katd tny onuiovpyia tov THAEQwYiKoU
kataAdyov o Berners-Lee emkevtpdUnke otny avdykn dnuiovpylag €vo§ ouoTniatos
TOU va TPoo@épel KevTpikn amoUnkevon tns mAnpogopiag n onoia Ja efvar mpoofdoijin
o€ moAAoUS ypnotes kar Ua owvodeletar and ta anapaitnta epyeAeia onpHacIoAOVIKHS
Katavononsg kair ouoyETions.

H 106éa, apyixd, dev nrav elkolo va vlomonlel oe non uvndpyovta ovvoda de-
dopévar agov ataitoloe and ToUS EPEVVNTES va aPiepihoowy ToAU xpdvo kai mpoomnd-
Oeia wote va uetatpéhovv ta Oedopéva otny KatdAAnNAn popen kair va Onjooiev-
Oov kevtpikd e tnv katdAAnAn onuaociodoyikr) emonuavon. Ka0dg to evdagpépor
yia tov Xnuaciodoyiké Iotéd avéavéray, dnuovpynnkay ta mpdta epyadeia mov av-
Topatomoovoay avtny TthHy O0dikaoia, pe amotéleopa va yivel mo mpoofdoiun Kai
A1YOTEPO amaITNTIKY) O€ TOPOUS Kal va Kepdioel o€ ONUOTIKOTNTA.

Onws nrav avauevduevo, ta endueva ypovia petd Tty autopatomoinon tng O
adikaoiag, o Xnuaociodoyikds Iotds avantiyOnke ka1 emektdinke moAd ypryopa ka-
s o1 mepioodtepor Tapaywyol dedouévawr avayvapioay To T60O THUAVTIKG €lval va
undpyel évag kovos Tpomos dauoipaciiov tAnpogopiag, mov Oa ouvpupdAer otny avdn-
tuén kair Ty Prwoiudtnta twy Tpoidvtwy touvs. Méoa o€ Alya ypovia, maykéopuon
0pyaviojol, €YKUKAOTaidele Kal €TMOTNHOVIKES PAo€IS O00UEvwY Eyvay 11€pog TOU
onuacioloyikol 10tol mpoo@éportas ta OeOopéva Tous pe Tty pnon tov lAaioiov
Ieprypagnis Hépwv (Resource Description Framework).

ITAaioro Ileprypaeng Ilépwv. To I\aiow Ileprypapns 1dpwy elvar éva pov-
Tédo avtaAdayns mAnpogopiag mou éxel wS OTOYO YA OUVEVWOEL €TEPOYVEVEIS TNVES
dedouévwy axdua kar otav Teprypdpovtal e O1aPopeTiKd JUOVTEAA O€O0MEVWY Kal va
emtpéer TNV aAlayn tov povTéAou Oedopévwy YwplS va emnpedlovtal o1 xpnoTes Tig
mAnpogopias. To I aioio Heprypagns IHopwy ypnouonoiel Tny doun tov Awdiktiov,
TIS ONHATIOAOVIKES OXE0€IS avdueoa o€ €Vvoles, OTe va ONMIOUPYNOeL Jia avoTnpn
doun evavovtag évvoieg, o1 omole§ ovoudlovtal ovToTNTES OTA TAQIOWA TOU JLOVTEAOU,
€ oNUacioloyikég oyéoerg, o1 omoleg ovoudlovtal ouoyetioels ota mAaiowa Tou pov-
TéAov.

To kupiapyo yapaxtnpiotiké oe 6t apopd to IAaiowo Ieprypagng Ildpwy efvar n
eveli&ia tov, apoU €yel oedlaoTel Yia va €MTPETEL TN CUVEVWOT) SOUNUEVWY Kal NUl-
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dounpévwy 0oy dedouévar, ané tAnlopa Tnywy ue Tpdmo TOU va SeVkoAUvel TNy
owévwon tns TAnpogopias kai Ty ourolikn) tng enebepyacia. Auté to yapakTnpio-
T1K6 etvar mov to kathotd moAU eUkolo va ypnoiponomnlel and vroloyotikd ovotiuata
Ka1 Tavtdxpova Téoo GUTKOAO va Tapouolaotel e évay anAd Kal Katavontd Tpomo o€
avOpamous, Kai €101kd o€ XYprioTeS moU O€v €lvar e£o1kelwpérol ue To ovTéNO Kal Ty
doun tov. Aéile va emonuavOel én to HAaiowo IHeprypagns Ildpwv dev éxer oyedi-
aotel yia va arevdivetar o€ avpdnous kar n doun tou eivar térowa mov kathotd Tty
katavonon ouvvédwy dedopévwy mov to akodovioly oAU 0U0KoAN YwplS emmpooletn
mAnpogopia, avdiAvon kai erelepyaota.

O otéyos touv lAawoiov Ileprypagris 1ldpwy nrav va emtpéer o€ unyavés va
avtaAddéovy Oedopérva kar TANPopopleS pe TéTowov TPOTO WOTE va unv xpeidletar n
rapéppaocn tov avUpwmou yia va Yivel Katavonto To TEPIEYOUEVO THS TANPOPopiag Tou
avtadddyOnke ka1 va unopet va a&oronlel dueoa kar arotedeopatikd. I'a tapdoeryua,
ovo ovotiuata mou kataypdeovy HeTprjoels amé amiodntipes mowdtntag aépa, to €va
divovtag eidomomnoes yia tny urepPoAikr) oUyKévTpwon pUtwy kal Tto dAAo yia tny
rapovoia ocwpatidiwy, Hmopoly va amokTHoovy To €va mpdofacn ota dedojéva Tou
dAo, av avtd eivar owaOéoua pe Pdon to Iaiow Ieprypagpng Hdpwy, kar va dwoovy
TS 101G e100moo€IS Kat Yia ta véa dedouéva, Ywpis kauia avipdmvn mapéupfaon. To
mA0og Twy ovrddwy dedopévawr kai to Jepatiké Tous €Upos €lval auto mov éyel kdvel
TOAAOUS €peuvnTéS va evdiapéporvtar yia tny tAnpogopia mov eivar Sadéoiun kar éyel
odnynoer oTny dnuiovpyla ToAWY epyaleiwy ontikoroinons kai avdAvong dedouévawy
mov etvar owdéoua ue Pdon to HAaiow Ileprypapns Idpwy.

SPARQL Protocol and RDF Query Language. To yeyovds éu to IAaiowo
Heprypagns Ilépwy efvar apketd €vélikto o€ ourdvaous e to 0t anevdivetar kKupiwg
o€ unyavés dnuovpyel €va onuavtiké kevd oxetikd e To Tws o1 dvpwrol Tou evor-
agpépovrar ya tny owdéoun mAnpogopia Ya umopoly va éyovv mpéofacn o€ avthy.
To kevé avto épyetal va kaktper n SPARQL Protocol and RDF' Query Language, pia
YADOooa epwtnudtwy oyediaopérn aodikd yia tny avalntnon tdvew oe dedopéva mou
rapovoidlovzar and to Iaioo Heprypagpng Iépwy. H SPARQL yAdooa epwtnudtwy
éyel yiver n Baoikr) YAoooa mov xpnoioTolEital and Ta TePIooiTEPA TUOTHUATE TOU
aroOnieovy ta Oeodouéva toug ypnoiponowwvtas to IAaiow Ileprypagns Ildpwy kai
t0 2008 kataywpninke oav pa enionun tpéracn vov World Wide Web Consortium.

H yprjon s SPARQL yAdooas epwtnudtwy éxer 0Vo Paoikés dvokolies. H
Tt €lvar 6t Yy va eivar o€ apuovia pe tny evehibla tov IAaioiov Ileprypagns
Ilépwr n yAdooa efvar apketd mepimAokn, je éva evéAikto oUVTAKTIKG, Kal amaitel
apketn) peAétn ya tny onuiovpyia akéua kar atAdy epwtnudtwy. Avtd dnuovpyel
ouyvd mpopAnuata o€ xpnotes mov Oev eival ekorkeiwpévor ue to IAaioo Ileprypagnrs
IIépwv ka1 tny SPARQL yAéooa epwtnudtwy, arofapplvovtag Toug amé to va ouveyi-
ooy tny e€epelivnon Twy ouvoAwY 0E00UEVWY TOU TOUS €V01aPéPOVY 1) Kal anokpUm-
TOYTAS TOUS TANpo@opia mou umopel va eivar onupavtikny yia avtols aAdd ox1 Eexd-
Oapo oto mwg unopel va evromotel. H 6eltepn Ovokodia éykeitar oto yeyovis 0T
Ta Oedopéva mov etvar drabéoua ya e€epedvnon Oev akodovfoly kavéva uovtélo de-
dopévar, 01 TEPIOTOTEPOL XPNOTES OHwS €xovy ouvvnlioel va xpnoiuorooly dedopéva
mov Pacilovtal o€ ovykekpipuéva kal ToAU avotnpd jovTéa Kai va OnpIoupyoly epwTn-
pata pe Bdon avtd. Auté To xapakTnploTiko éyel oav anotéeoua n moAutAokdTnta
Ty epwtnudtwy va avédvetar exletikd kai moAU ouyvd va anaiveftar peydAn eé-
OIkelwon e TO TUVTAKTIKO TNS YADooas wote va Onpovpyndoly ta katdAAnAa



epwthuata mov Ya umopéoovy va evromioovy tn (NToluevn mAnpogopia.

Eva tehiké onueio ovvdeons (endpoint) SPARQL pmopel va opiotel oav éva
onueio efvrnpétnong epwtnudtwy mov axokovdovy tnv SPARQL yAwooa, to omoio
etvar Sabéoio mdvw o€ éva amouakpuvouévo olotnua arodniKevons kai O1aye€ipions
dedopévawr mou axokovlovy to povtédo tou IAaioiov Ieprypagns Iépwy. To tehiko
onueio otvoeons SPARQL emtpémer otous xprotes péow amddy artnudtwy mou
axoloviolv to HT'TP mpwtdrkoAdo emkovwvias, eite elvar dvlpwrmor efte eivar unyaveés,
va Oéoovy epwtnuata ota hadéopa ovvola dedopévwy kal va Adfovy Ti§ anavtioes
o€ kdmowa @Ik mpoS TS uUnxavéS popgn, onws eivar ta SPARQL Query Results
XML ka1 JSON povtéla dedopévwv mov éxovr onuovpynlel ya tny povtelomoinon
twv anotedeoudtwr SPARQL epwtnudtwy. Ipaxtikd, éva tehiké onueio ovvdeons
SPARQL pmopel va yapaktnpiotel pia @mAikn mpo§ TS Unyavés denagn mdvw oe
pia Bdon yvooewy tov HAaioiov Ileprypagns Ildpwy. H npéofaon otny mAnpogopia,
n onuiovpyia twy katdAAnAwy epwtnudtwy n katavénon kar n avarapdotacn Tng
mAnpogopias mov emoTpépetar eivar evdivn tou ypnotn tou teAkol onuelov ovr-
deons SPARQL ka1 éx1 avtol mov mpoogépel to tehiké onueio ovvdeons SPARQL.

KaOdg o apidués kar n Oepatodoyia twy ovvodwy dedopévwr mou eivar dradéonua
avédvetal, téoo avédvetal kar To €vOAPEPOY EMOTNUWY KAl PEVYNTWY AT O1dPopes
EMOTNUOVIKES KOWOTNTES va ypnoyuonomjoovy tny dwabdéoun mAnpogopia. Or véor
XPNOoTeES auTdy Twy dedopévwr eivar ouvnlng dvipwror e ToAU Tepiopiopéves Y-
oes yia tov Xnuaoiodoyiké Ioto, advvauia ovyypapng twy owotwy epoTNUATWY Kal
TEPIOPIOUEVO €VOIAPEPOY V1A TUYKEKPILEVA OUVOAA OEDOUEVWY.

I'a va avrarokpifoly otig avdykes avtdy twy Ypnotwy, kdmowa teAucd onpeia
ovvoeons SPARQL avafaluiotnkay dote va mpoopépovy otous Xpnotes mpéofaon
otny mAnpogopia péoa ard unyavés avalrtnons kar va tny napovoldlovy je Ooun-
pévous tpomous. Autés o1 mpoormdleies efvar mepopiopéves kai O1abéoijies uévo yua
kdmoia tehikd onueia otvoeons SPARQL kar mpoopépovy moAU mepiopiojiéves OuratoTnTes
ebepetvnong kar ortikoroinong tng mAnpogopiag. O1 dounuévor Tpdnor Tapovoiaons
NS mAnpogopiag, ovvniws Alotes kar tivakes, mapovordlovv tny TAnpogopia o€ ja
Hopgn mov umopel va dwfactel amd tous avpwnous aAdd YwpiS va Oetyvouy oyéoes
K@l OUOYETIoES avdpeoa o€ ovToTNTES TOU €ival ONUAavTIKES Yia THY KaTavonon tns

mAnpogopiag.

Linked Open Data. Ye ovvéyea tng npoorndleag tov Xnuacioloyikov Ioto,
npYe n mpwtofouria ya to Linked Open Data, pua mpoondOeaa mov éxave dadéoija
moAAd draouvoedeéva olvoda dedopévwy Touv €xouy TNV duraTtéTNTa YA TPOTPEPOUY
roAUTIlES Yvaoels. Kal o€ avtny tny mepintwon duws n mpéofaocn ota dedopéva, n
Katavonon Touvg kai n avanapdotacn) Tov pe PIAIKS Yia Tov XpHoTn) Tpomo €xel TOAAES
mpoxAnoes. Ilpéopata éyovy yiver toAAég mpoondOeies va fpefoly texvikés ya Ttny
emebepyaoia avtdy Twy dedouévwy, TNY €€aywyn TS TANpogopiag Tov TeEPI€xovy Kal
THY Tapovoiact) TouS OToUS XPNnoTeS e Tov KaAUTepo Ouvato TpoTo.

Yurilws térowa olotnua ypedlovtal oAikn) 1) HePIKT) €mONUayon TNS TANpopopias
He TNy katdAAnAn onuaociodoyia. Ta cvotnuata ekpuetaidelovtar avté§ TS €mon-
pdvoes wote va mepopilovy tov dyko twy O€douévwy mou dayepilovtal. Baoio-
Héva oTnY 1€pap 1K) doUN TNS ONUATIOAOVIKIS €TIONMAYONS, TPOTPELOVY OTO XPNOTN
Ty duvratdtnta va e€epevvrioovy tny mAnpogopia e tny Ponlea twy oyéoewy Twy
ovtotnTwy Kkair va mepuyyniolv otig 1010tnTes tovs. Iia va elvar amodotikd, tétowa
ovotiuata yperdlovtar oUvola dedouévwy mov va €xovy meploplojévo aptiud onua-



OAOVIKOY KAdOEWY €V TIS TEPIOTOTEPES POPES ayroolV TANPwWS TANPOPOpleS mou
dev éxouvv emonuavOel onpaciodoyikd.

AMa ovotiuata emAéyovy va OnjI0UpYHOOUY OUAdES aVTIKEUEV@Y TOU aviKouy
otny 10a onuacioAoyikn katnyopia kai va Tapouvolidoovy OTOUS XPHOTES AUTES TIS
oudoes uéoa amé Paoicd Owaypdupata ontikonoinons. Kdnow ané avtd ta ovotiuata
€MAEYOUY VA OTTIKOTOINOOWY UOVO TUYKEKPIUEVOUS TUTOUS O€0OUEV@Y €V dAAa Of-
vour tnr evehiia otoug xpnotes va emAéfoury Ttnv mAnpogopia mov TOUS evdiapépel
Ya OTTIKOTO)TOUY.

IToAAd ovothuata emAéyouvy va tapovoidoovy Ty mAnpogopia pe Ty uopen ypdpwy
kaOoonydvtag tous xpnotes va axkolovinoouvr Tig oyéoes avdpeoa oTi§ ovTOTNTES
WOTE va anokTnoovy mpéofacn otny mAnpogopia mou Tous evdagéper. Ta ovoti-
pata avtd emitpémovy otov Xpnotn va Eekwvnoer tny efepelvnon tns mAnpogopiag
and kdmowa ouykekpiuérn ovtotnta, péoa and tny avalntnon pe Aéeg-kAednd 1 kai
pe Pdon twy TINO TV 0VTOTHTWY TOU TOV €VO1aPEPOUY.

Télos, kdmowa ovotiuata otny npoondea Tovg va aropUyovy TNy avdyKn Tapov-
olag oNUAcIOAOYIKWY €TIONHUAYTEWY, ETIKEVTPWYOYTAl 0TO YA TAPOVTIdToUY TNV TANPO-
popia ue Pdon tnv 1epapyia twv oyéoewy avdueoa otis ovtotntes. Tétowa ovotiuata
efvar moAU ONUOPIAN agou HTopoUy va avTipeTwTioovy ToAU eVkoda oUvola dedouévwy
ave£apTNTWS TOU OYKOU Kal TV XAPAKTNPIOTIKWY TOVS, Teplopilovy duws apketd tny
mAnpogopia mov mapovoidlovy oTov XproTn Je anoTéleoua va pny kaAvmtowy ndvta

TS avdykeg ebepelvnorg.

Big Data. Xe ovvéyea tng mpwtopouvdias ya to Linked Open Data, dpxioe
va xpnouoroieitar o dpos Big Data, yia va yapaxtnpioer peydda ovvoda oaouvvd-
€0epévwy dedouérvwy, €vag 0poS ToU KEPOIoE aéowS o€ ONUOTIKOTNTA Kal dpY10€
va xpnoiponoleital o€ ToANoUS epevynTikoUS TOMELS Kal emoTnovikéS epyaoteS. Ma
TO TPOCEYTIKN) MatTid TNy XPnon Tov, OHwS, aToKaAUTTEL 0Tl YpnoiponoEital ndpa
ToAU ouyvd pe OagpopeTiké vonua kar okond. Ymdpyovr moAloi aouvenel§ opiopol
yia tov 0po, mou Oagoporoolvtal €vtova Téoo avdAoya He TNV XPOVIKN) OTIYUI) TOU
ypdgtnkay oo kai avdloya to €moTnpoviké medio To omoio agpopovoav. AuTé mou
efvar kod yia SAovg Tous op1ouoUS €fval kdmowa TUYKEKPIUEVa XapaKTnploTikd Toug
mov agpopoly Ox1 ovo ta 10w ta oUvoda 0€0OUEVwY aAAd Kai TouS Tpdmous XpHons
TOLG.

Ia va yapaxtnpiotei, Aomdy, éva ovvolo Oedouévwv wg ueydro, Big Data, Oa
Tpémel va unakoUvel o€ KATOIOUS KavOveS Kal va OUUOPPOVETAL HE TUYKEKPIUEVES
mpoUnodéoers. Avalvtikd, éva oUvolo dedopévwy elvar ueydro dtav éyer ta axoAovia
XAPaAKTNPIOTIKA !

e Oyrog Aedopévwrv. To mpidto facikdé xapakTnpioTiké €ivar o 6ykos Twy Oe-
dopévwy Tou aviikouy 0to oUrodo dedopévwy. Ay kar apyikd kdTti Tétolo paivetal
avapevouevo Kal mpoQaves, urdpyel peydAn daudyn oyetikd pe to Tws opiletal
0 peydAog dyiog Oedouévwy. Xapaktnpiotiko tapdderyua eivar n petdfaon and
ewtepiké§ ouokevéS arolnievons dedouévwy Tou dev Eemeproloay TS UEPIKES
dexddes MBs o€ ovokevés ue apketd TBs. I'a va aropeuyUel avtn n oyetikétnta
o€ andAurous apiuols, ws peydlos dykog opiletar avtds mov Oev elvar emeé-
epydopos otny dwadéoun uvnun, oe oyéon kdle popd pe tov xprjotn tng
mAnpogoptas kai tny kavétnta tov va dexUel ka1 va amoinkeloer tny mAnpo-
popia.



e IlowaAia. To enduevo yapaktnpiotiké twy peydwv ouvodwy dedouévwr elvai
0Tl TPOEPXOVTAL ATIO TEPITOOTEPES Ao Hia TNYES Kal €Yovy TEPIOTOTEPE aTo €va
povTéla oeoopévwy. Ta ovvola dedouévwy umopoly va mepiéxovy diapopeTikovg
TUTOUS 0€00UEVWY OTwS €1KOVeS Kal Pivteo N kar peta-dedopéva.

e Tayvtnra. To enduervo yapaktnpiotikd twy peydAwy ourédwy dedouévar eivai
n tayvtnta pe tny omoia OnpovpyoUrtal. Xapaktnpiotiké tapdoeryua eivar ta
kowwvikd Olktua omov kdle Aentd Odnuooielovtar yiiddes unviuata, ekatov-
Td0e§ pwToypagies kar wpes Pivreo. H tayvtnta pe tnv ormola mapdyovtar ta
dedopéva empPdrer kar tov pvdud mov avrd Ua mpémer va enelepydlovral.

e Eyxupdtnta. Ta peydda ovvoda dedouévwy ouldéyovtar and moAAES TnYES, n
kdle pia pe dwgpopetikny abomotia ka1 aroteAolvtar and dapopetikd ovvola
dedopévawr ta omola pmopel va unv eivar mdvta afidmota.  Xapaktnplotiko
rapdderypa elvar ovvoda 6edopévwy and ovothuata aioinTnpwy mov umopel va
repikappdvovy dedopéva ané amiointipes ue oOapopetiké Padud eumotoolvng
avdloya pe tnv adomotia twy aointripwy kal Thy oLYYOTHTA OVYTHPNONS
TOUS.

e Abia. Eva ané ta onuavtikdtepa Yapaktnpiotikd twy peYdAwy ouvidwy Oe-
dopévar etvar n a&la mov umopel va kepdioel kavel§ amd tny enefepyaocia Tovs.
H avdyxn va mpootelel avtd to yapaktnpiotiké otny Alota dev umripye ap-
xikd, dtav ta owdéoyua ovvoda Oedouévwy mpoépxovtay and abidmoTes mnYES
TOU €lYay OUYKEKPIEVES XPNOELS, OTwS €YKUKAOTAIdEIES Kal €O THUOVIKES Bd-
oes oeoouévwy yatl Jewpeito mpopavels. Kalds duws Eexivnoe n mapaywyn
pHeYdAwy auvdwy dedopévwy Tou dev elyav va TPoo@épouy KATL Jue TNV €TEPO-
Xpoviouévn emekepyaoia Tous, Onws kduepes aopaleiag kar awointnpes ébvnvwy
OTITIOY, TPOéKUPe Kal 1) avdyKn va TovioTel auTo TO XapPaKTNPIOTIKO.

H ekepetivnon téroiwy Oedopévwy mepimAéiketal akoua Tepioootepo av €10dyoupe
Y évvola TnS oNUacioAoyikng opowdtntas ota kpitrpa eéepedvnons. H onuaoi-
odoyikr) avdAvon tng mAnpogopiag Paciletar o€ pua oepd and oyéoes, o1 onoles éxovy
opotel ue Pdon Aekiloyikols kavéveg. Ye autols Toug kKavoves mepidapfdvortar év-
V01€§ 0TS TA OUYWYUNE, TOU avagépovtal o€ Aé€eiS mou eival vair uev Aefikodoycd
dapopetikés petall Tovg mAny duws mapovoidlovy tny 0w mepimov onuacia. Ilep-
auPdrvovtar axdua ta avovuvua, Aéées mouv Ppiokovtal o€ ua €yyevas aolupatn
dvaoikn oyéon, onws ta avtideta {eVyn aAdd kair évvoies mou tovilouy TNV 1€papyia
avdueoa oe Aééeis omwg yevikevon, egedikevon, Uépos evog oUroAOU Kal TaVTOoNA.

Ola ta odvoda dedojiévwy mouv €xoupe ouvlntroel éws Twpa, €xovy TpokUel jie
v dueon 1 éupeon napéupaon tov avipwmov. Ye pa npoondeaa va avtopatomol-
noei téoo n mapaywyn twv dedopévwy 6oo Kkai 1 e€aywyn yvaons aré avrd, to 1999
o Kevin Ashton, ouridputns kar oievdivwr oluPoulos tng etaipias Auto-1D Labs,
npétewve to Owadiktuvo twv mpayudrwy (IoT). H Baowkn 16éa miow and to duediktuo
TV Tpayudtwy NTav 1 xpnon TeXvoloy Iy 0TwS N TavTonoinom UETw padloouyvoT)-
tag (Radio-frequency identification) ka1 ta nAektpouayvnuixd media, mov Ya emtpé-
TowY THY avayvaplon kar tapakodovinon europevudtwy, mov Ya pépovy ouyKekpiuérn
ouokeun aviyvevons, otav Ppiokovtal o€ ouykekpiuéva onpeia eAéyyouv. Ma térowa
Avon efvar ToAU yapunAoU k6o TouS Kal €MTPETEL THY AUTOUAT) Tapaywyn) TAnpogopiag,
pe tny mapaxodovinon twv ayalvy o€ 6An tnv dwdikaoia tapaywyns kar 61aVouns.



‘Eva tétoo ovvolo dedopévwy Tpoopépel TOAES evkaipie avdAvong kai enebepyaoiag
yia ty ebaywyn yvaoewv téoo o€ 0t agpopd mbavd mpopAnuata kar kalvotepnoes
otny dayeipion tng Tapaywyns 600 kair oxenikd Ue evkaiple§ Pfedtiotonoinons tng
rapaywyns kar un 10avikig Avong twy owadéojiwy mépwy.

Oproudég mpoPAnuarog. To mpdpAnua tng e€epelvnong kar Tng onTIKOTOMONS
ouvoAwY dedouévar oav kal autd Tou Tepieypdpnkay tapardrw €xer 000 onUayTIkég
katnyople§ mpoxAnoewy. H mpdtn katnyopia agopd mpokArjoelg mov oyetilovtal pe
Ta 10w ta Oedouéva Kal Ta XapakTnploTikd TOuS, €vd n 0eUtepn katnyopia apopd
TPOKANOEIS TOU TPOEPXOVTAl ATO TI§ AEITOUPYIKOTNTES KAl Ta oevdpia Xprjong mouv eiva
anapaitnTa yia TNy dnpiovpyla €voS ouoTHUATOS PIAIKS TPOS TOV XPHOTN).

Apyid, mapovoidlovtal o1 mpokANoes mov agpopoly ta Sedopéva kair Ta Yapak-
Tnp1oTikd TOUS, dIvorTas éupacn) oTiS TEXVIKES OUOKOAIES TOU TPOKUTTOUY amd aUTES,
kaUds ka1 to Twg oyetilovtal pe oxedaoTIKES €MAOYES Yia THY KATAAANAN apyiTek-
tovikn. Avtég elvar:

e Oyxkog dedouévewr. Opiouéva ané ta dwabéopa olvoda Oedopévwy elvar mdpa
moAU peydia 1 mapdyovtar pe moAd peydlovs pviuols. ‘Eva yapaktnpiotiko
Tétowo mapdoerypa eivar n Wikipedia, n omoia mnapéyer 6An tny mAnpogopia mou
etvar owOéoyun oTny Yneraxn Tng ékdoon kar ws éva peydlo ovvolo Oedouévwy
pe tny xpnon tov I\ aioiov Ileprypapns Hdpwy. Yurnlowg elvar arapaitnto ta
ouoTHUATE TOU XPNOIUOTO0UY auThy Thy TAnpogopia va tnv enefepyactoly kal
va Ty mapovoidoovy oav éva eviaio oUvodo, KATI TOU amaitel TPOTEYTIKG TYE-
oo, Kkataveunévn enebepyacia kar ouroAkG KatavenUEVo apyITEKTOVIKO

oxeOaTuo.

o A&ioAdynon dedopévwr. Ta peydla ovvola dedouévwy avapévovtar va épyortai
ané TOAAES TNYES Kal va mepiéxouy dedouéva mou Owpépovy o€ 0Tl apopd TNV
roiétnta kai tny a&omiotia tovs. I'a avtéy tov Adyo undpyer ueydin avdyxn
y1a TOAAamA0US To10TIKOUS €A€YY0US 0€ 6Aa Ta otdowe Tng eneepyaciag Tovs Kal
TNV XPNon Toug Hovo uetd ané mpooekTikn empPefainon tovg. Xtny ovvéyea,
Oa ouvlntnloly extevds ovotnuata mov ayvénoav tny avdykn e éyyov kai
a&1oA6ynong twv 0edopévwy €oéowy Kkar odnyninkav otnv anotuyia kadg
Kal TS TEXVIKES PeATiwonS Twy 0e€dopévwy €106dou umopoly va ouupfdiovy
arotedeouatikd otny PeAtiowon ths oUroAknNS atédoons Tou OUCTHUATOS TOU
Ta XPOIULOTOIEL.

e Ouoyevoroinon oedopévwy. H moAdanAdtnta twv tnyody €eKtés ané thy avénon
TOU KIVOUYOU w§ TPOS TNV To10TNTa Twy 0€00uévwy, elodyel kal thy mbardtnta
Ta dedouéva va uny vnakovy oto 1010 uovTédo, va unv mepiéxovy Tty idia mAnpo-
@opla N axdua ka1 va unv xpnoipomowovy TS 101§ povddeS petprioers. Eivar
TOAU onNuavtikd, €mopévas, mpw Ty YpHon peydiwy ouvédwy 0edopévwy va
AauPdvovtar dda ta amapaitnta puétpa Yy Ttny opoyevoroinon tovs. Aedouéva
mov dev ouvodelovtal ané TNy KatdAANAn ueta-mtAnpogopia Ja mpémer va amop-
pittovtar kar va punv ypnoiporowodvtar yia tny avdAvon.

e Ilowdopoppia mAnpogopiag evtog evis ouvddou Oedopévwy. Ektdg amé tg
TEPITTWOELS OTOU €XYOUUE DIAPOPETIKES T YES, TOAES POPES aKkoua Kal O€00jEVa
TOU TPOoEpXovTal amo tny 0w Tnyn, oav HéPOoS TOU 1010V oUVOAov, uTopel va



rapovo1d{ovy 01aPopoOTOINTEIS WS TPOS TO HOVTEALO ToU akolovloly kai Tnv mAnpo-
popia mov mepréyovy. Auto to yapaktnpioTiko katotd moAU 6UoKkoAn Thy dnuiovpyia
epwthudtwy Tov Ja avtanokpivortal o€ 6AeS Tig dapopornorjoels kalws kai Tny
avevpeon tng {nrolierns mAnpogopias. Yvothuata mov éyovy ws oTdéyo TNV
mAnpn ebepelvnon ouvvédwy Oedouérwy mpémer va Aaufdvovy urdpn tous dda

ta mbavd povtéla kalog kar tig mbavég Oagoporoinoes oTtny pHovteAomoinon
NS mAnpogopias, OnwS avTéS eppavilovtar oTNY 1€papXia TwY ONUATIOAOVIKOY
emonudvoewy.

Ynv ovvéyea, tapovordlovtal o1 IPOKANOELS TOU a@opoly TIS AEITOUPVIKOTNTES
ka1 Tta oevdpa xpnons, divovtas éuepacn oTi§ OUOKOAIES TOU TPOKUTTOUY amd auTéS
yia Ttny oxeoiaon evos ouoTUATOS TOU ¥a avTamoKpiveTal TANpws oTig avd yKesS Twv
xpnotov. Avtég efvai:

o Awdpaotikn e€epelvnon kar ontikoroinon. To Paoiké {ntovevo twy xpnotdy
elval va aroktioovy mpéofacn oTny TANpogopia ToU TOUS evdiagéper e évay
amAd tpomo mov Ua toug emrtpénel Spws va ekepevvoly Ty mAnpogopia o€ moA-
AamAd agaipetikd emineda Kkair puéow TOAAATAWDY PidTpwy.

o Andleaa mAnpogopias. Koupiké (nroduevo ya epapuoyés mouv diayepilovar
peydia odvola dedopévwy eivar va eaopaliletar n npéofaon oe 6An Tnv oOw-
Oéoun mAnpogopia. Aedopévouv touv dyKkou twy dedouévawr, kal Tng OvoKoAiag
mov umdpyel oxenikd e Tny diayeipion tov, ndpa moAAéS Aloeis Eexivdie e Ty
opadornoinon 1 tny wepidnn twy dedopévwy. Tétoieg Aloelg, evd apyikd efvar
ToAU Bonintikég yiati emzpénovy oTov XpHoTn va €xel Hia TPty €Kora Twy de-
dopévar kar Tov Tl mepilauPdretal oto oUvolo otny guvéyela mpokaAoly Tpof-
Afuata otny Batd efepelivnon tng mAnpogopiag, Aéyw tng mAnpogopias mou
aroxpUntetal. Xtny mpoondleaa va mepiopiotel avtd to {rjrnua moAdd ovoTn-
pata viodeToly TnY TPaKTIKY) Twy AETTOUEPEIDY e Bdon TIS €TMAOYES TOU YpHOTI),
duvapkd arokpUntortag 1 mapovoidlovtag dedopéva e Pdon T emAoyéS e&-
epelvnong.

o Ilpoofaociuétnta. ‘Eva axéua moAd onuavtiké (ntoluevo ya ovotiuata mov
dayepilovtar peydda olvola Oedouévwy eivar to va mapéyovy mpdofacn ota
dedopéva, mpow ka1 petd Tny eneéepyacia, ywpls va araitoly and Tov Xpnotn
va éyer akpifo eomhioud ka1 TomkéS vroloyotikég duvatdtntes. Eivar emiong
moAU onpavTiké to ovotnua va eival tpoofdoiuo ané ToAAoUS XprioTeS TavTéypova
ka1 va efvar eVéAikto o€ 0Tl agopd Ti§ TNYES Kar Ta oUvoda dedouévwy Tou Ot
ayepiletar.

e Trootnpitn epwtnudrwy. Ilapdélo mov o1 Acitoupyrkdtntes mov éxovy oulntn-
Oet uéxpr tadpa apopoly ypnoteg mou dev éxovr kauia mpoTepn Yvon o€ 0T
agopd ta peydda ovvola Oedouévwy kar tov Xnpaociodoyiké loto, vrndpyer kal
Hia akopa Katnyopia xpnotwy mou éxouvy Teplooitepes yvaoelg. Or xYpnoteg
avtol evolapéporvtal 61 Uovo ya tny e€epelvnon tng mAnpogopiag omws avtn
éyer emAexUel péoa amd to ovoTnua aAdd kar ya Tny ovratéTnTa ONMIoUpYias
epuTHUATWY Kal OTTIKOTOINONS TwYy anoteAeoudtwy mov Ja apopoly OUYKeKPIEVES
AemTopépeles Tou ouvoAov Twy SedOHEVWY.

XTny 01daktopikn avtr) peAéTn, Tpoteivortal AUOEIS Yia Ti§ TPOKANOES ToU avapép-
Onikayv mapandvew avddloya pe ta oevdpia Xprnons kar to TPOYIA Twy aTOUwY TOU



avapévovtal va ta YpnoijoTojoouy.

Ortikonoinon tng nAnpogopiag faciouérn o€ XapaKkTnPloTIKd TOU
SPARQL epwrtnpuatog. H mpotn AUon mou mpotelvetal, otoyelel 0€ EUTEPOUS
Xpnotes mov eivar touddyiotov o€ 1kavonointiké Pfalud efoikeiwpévor pe Tty YAdooa
epwtnudtwy SPARQL kar emOuuoly va eéepevvnoovy olvoda 0€00UEVwY TOU evNLEP-
vovtar ouxvd, elvar ueydAa n tepiéyovy mepImAokeg DiaourOETEIS Kal TPOTPEPOYTAL UTO
to I\aiow Ileprypagns Hopwy péow evis tehikol onuelov otvoeons SPARQL. ‘Eva
XapaxkTnplotiké Tétolo oUvolo Oeoouévwy etvar to Standard-Thesaurus Wirtschaft
(STW) Thesaurus for Economics, éva Ae&ikd pe ayylikols kar yepuavicols 6pouvg
OIKOVOUIKWY TO OTOL0 €vNuUeEPwVeTal ToAU ouxvd, €ite e tny avdrtuén Twy 0pIoHwY
1non owbéoipwy Aééewy eite ue tny mpoolinkn véwv dpwv.

To Ae&cd pmopet va ypnoyuonoinOel and otkovopoddyous mou dyvovy tov katdAAn-
A0 GpO va YPNOILOTIOIIoOUY, HETAPPATTES TOU evdlapépovTal va petagpdoovy Texvikd
kelpeva aAdd ka1 epevvntéS YAwoooAdyous mou evoiapépovtal va kdvowy mepimAoka
epwthuata ka1 avalnTnoes yia va 6ovy TS aAdayés otny xpnon twy dpwv avdloya
L€ TNV €TOXT) 1) CUOYETIOES avdueoa g€ 6pous Kal epuUNVELES.

Ia v erilvon térowwy avaykwy ypnons kai e§epedvnong mpoteivetal éva oAokAnpw-
pévo ovotnua to omolo umopel va ypnoyuonomel ndvw oe omowodrmote SPARQL
oUvolo dedopévwy Tov efvar rabéoio péoa amd éva tehikd onueio ovvoeons, avebaptn-
TS TV yapaktnplotikoy tov. H mpotewduevn Avon nepikapfdver éva ovotnua vn-
ooTnNP1Ens Afpewr aropdoewy mov ouufdier otny emAoyr) ths katdAAnAngS ontikomoin-
ons ya kdle epddtnua SPARQL mov umopel va dnuiovpynoer o xpnotns, paciojiévo
o€ pa Pdon yvooewy mov mepikapfdvel ta amoteAdéouata Jia €KTETAUEVNS TEPa-
Hatikns peAétng katd tny omola avaAiOnkay ovykekpipéva yapaktnpiotikd ToAA@Y
SPARQL ovvélwy dedojévar.

To olotnua nepraufdrver axdpa pia 01aoVVOEOEUEYT) TAATPOPMA Kal Jia OleTagn
XPNOTN TOU €MTPETEL TNY ONMIOUPYIa Kal TNy €KTEAEDT) €pTNUATWY UE TNV XPHON
s SPARQL yAwooas epwtnudtwy, Tpoopéper TNy OTTIKOTOINOT) TV ATOTEAEOHUATWY
1€ Tov BéATIoTO OUYaTé TPOTO Kai e o€lpd and AEIToUpYIKOTNTES OTws avaliTnon pe
Aéén-khewdt. To ovotnua ourodeletar akéua amod pia HeAETN Yia Ta KpLTnpla Kal Tig
rapapéTpouvg Tou ouuPdAlovy atny emdoyr ths kKatdAAnAng ortikomoinons yia kdle
miave epadTnia.

I'a v vrootrpién evés téroov ouvotnuatos éxer mpotalel pia ap)ITEKTOVIKN
reAdtn-eEunnpetnTn n omoia Tepikapfdver pa daouvrdedeévn TAatgdpua kar éva éE-
unvo ovotnua vrootipiins Afewy amopdoewy. H mlatpdpua, mov amotedel Tov
TeAdTn) TOU apyitekToVikoU oyxediaouoy, evar vrelfurn ya tny adAnlemiopaon e
TOV XPHOTN, THY KATAYPAPn) Kal ATOUAKPUOUEVT) €KTéAeON) Twy epwtnudtwy SPARQL
kaOi§ ka1 Ty e€aywyn Twy YapakTNPIoTIKOY Yia TNY XPHon Tou CUOTAHATOS UT-
ootipiEns Anpewr aropdoewyv. O efumnpetnTng, ypnoipomolel ta YapakTnpiotikd
TOU €pWTIMATOS Yia va TpoTelvel atny mAatgdppa tny katdAAnAn omtikomoinon ya
TO OUYKEKPIUEVO €pidTNUa i€ fdon TouS Kavdveg mou €xyouy Ueomiotel and to ovoTna
vrootrpiéng Afpewy aropdoewy.

I'a Ty mepauatikn pedétn ta mapakdtw epwtiuata ektedéotnikay oe 55 olvoda
dedopévwy mou Hrav dadéoua tny mepiodo twy dokiuwy. Ta epwtnuata avtd efvai:

o Result size limit. SELECT ?subject ?predicate ?object WHERE {?subject
?predicate Zobject)



e Number of unique predicates. SELECT (count(distinct ?predicate) as ?count)
WHERE {?subject ?predicate ?object}

o Number of unique subjects. SELECT (count(distinct ?subject) as ?count)
WHERE {?subject ?predicate ?object}

o Number of unique objects. SELECT (count(distinct ?object) as ?count) WHERE
{?subject ?predicate ?object}

o Number of predicates. SELECT (count(?predicate) as ?count) WHERE {?sub-
ject ?predicate ?object}

o Minimum appearances of predicates. SELECT ?predicate (count(?predicate)
as Zcount) WHERE {?subject ?predicate ?object} GROUP BY ?predicate OR-
DER BY ASC(?count) LIMIT 1

o Minimum appearances of objects. SELECT ?object (count(?object) as ?count)
WHERE {?subject ?predicate ?object} GROUP BY ?object ORDER BY ASC(?count)
LIMIT 1

o Mazimum appearances of predicates. SELECT ?predicate (count(?predicate)
as Zcount) WHERE {?subject ?predicate ?object} GROUP BY ?predicate OR-
DER BY DESC(?count) LIMIT 1

o Mazimum appearances of objects. SELECT ?object (count(?object) as ?count)
WHERE {?subject ?predicate ?object} GROUP BY Zobject ORDER BY DESC(?count)
LIMIT 1

o Minimum string length for predicates. SELECT ?predicate (strlen(str(?predicate))
as ?min) WHERE {?subject ?predicate ?object } ORDER BY ASC(?min)
LIMIT 1

o Minimum string length for subjects. SELECT ?subject (strlen(str(?subject))
as ?min) WHERE {?subject ?predicate ?object } ORDER BY ASC(?min)
LIMIT 1

o Minimum string length for objects. SELECT ?object (strlen(str(?object)) as
?min) WHERE {?subject ?predicate ?object } ORDER BY ASC(?min) LIMIT
1

o Mazimum string length for predicates. SELECT ?predicate (strlen(str(?predicate))
as ?mazx) WHERE {?subject ?predicate ?object } ORDER BY desc(?maz)
LIMIT 1

o Mazimum string length for subjects. SELECT ?subject (strlen(str(?subject))
as Ymax) WHERE {?subject ?predicate ?object } ORDER BY desc(?maz)

o Mazimum string length for objects. SELECT ?object (strlen(str(?object)) as
?maz) WHERE {?subject ?predicate ?object } ORDER BY desc(?max)

Ta amoteAéopata amé ta mapardve epwtnuata ypnoyuorominkay ané tny Pdon
Yradoewy ws to Paciké 1éTpo oUyKpons Yia TIS TapapéTpous Kal TNY TPOTEWOUEVT)
oruikoroinon. Ta mbavd unkn akudv, o apiuds axudy avd kouPo aArd kai o pviuds



enaveupdavions twy KopuPwy elvar otoryeia mov uropoly va ypnoiyuornoindoly wote va
kaopiotolv Paoikol TapdeTPOl THS YPaAPIKNS aATEKOVIONS THS TANpPoPoplas, OTws €i-
Yai To UnKog Twv akuwy, to Héyelos Twy KOUPwy Kal TO TOO0TTO TNS EMITPETOUEVNS
emkdAung ota otoryeia Tov ypdgou.

E&epetvnon tng mAnpogopiag. llapovoidletar edw pia Adon n omoia oto-
xeVer ato va Poninoer xprotes mov dev eivar efoikeiwpiérvor ue ta peydda olvola
dedopévar kar tov Xnuaciodoyiké 1oté oto va ekepevvnioovy olvola dedopévwy Ta
omola 6€v evnuepwvovtar ouxvd aAAd TEPIEYOUY TNUAVTIKES TANPOPOPIES TOU TPETel
va eEepevynloly oe Pdlos. I'a avtry tny nepintwon elvar atapaitnto va dnuiovpyn-
Oel pia oloxAnpwuévn mhatpdppa mov va umopel va Owyelpiletar oUvola dedouévawy
ave&dptnta and Ta xYapakTnploTikd TOUS, va avTamokpivetal To 010 anoteAeouatikd oe
omowo0nTote puéyetos kar av éyel to oUrodo 0€dopévwy, va aroinkelel Tny TAnpopopia
arotedeopatikd Kail va mpooPépel 0waTI) OEIKTOOOTNOT TS XYWPIKNS TANpogopias Ka-
s ka1 pia oieragn ypnotwn. H oiemagn xpnotn Oa mpéner va mpoopéper mpéofaon
otny mAnpogopia yia moAAOUS XPrioTES TAUTOYPOVA, O€ TEPIOTOTEPA and éva oUvola
dedopévar kalis kar éva alvodo amé Aertovpyikétntes mov Ja oupfdAovy otny ouain
ebepetvnon tng mAnpogopias kar otny avalrtnon twy 0E00UEVWY TOU €rO1aPEPOLY TOV
xpnoen.

H mapandvew Avon Baoiletar o€ pua npo-ene€epyaoia twv dedouévawr oe tpia otdda.
To mpwTo 0TddI0 THS TEXVIKIG ETIKEVTPWVETAL OTNY O1AX€IPION) TUVOAWY O€00UEVWY
aveEaptnTwg peyédous. Ia va to metdyel autd, To apy 1Ko oUroAo 0€dopévwy Ywpile-
ta1 o€ moAAd pkpdtepa tunuata. O apiuds kar to péyefog avtwy twy TUNHdTWY
arogaoilovtar pe Pdon to péyebos, tov apiud twy ovrotitwy, Twv apidud Twy
oxéoewr kalds Kal Paoikay YapakTnploTikoy Tou apy kol auvoAou.

Ta yapaxtnpiotikd mov Aaupdvovtar vrdypn eivar o Pabuds ouvrdeoudtntas twy
KOUPwY, TO UNKOS TwY €TIKETWOY YIa TOUS KOUPOUS Kal TIS AKUES, 1) Tapovoia onjact-
oloyikns mAnpogopiag kai n mapovoia peyddwy keipévawy. Or akuég Tou apaipolrtal
katd tnv 01doTacn Tov ouroAoU Twy 0€00UEVWY O€ MKPOTEpa TUNuata aronkeloy-
ta1 katdAAnAa &ote va evwlolv kar mdA1 e ta TUNHATa TOU OUVOAOU OedOMEVWY
katd to tpito oTddo NS TEYVIKNG. AUTO €lvar 1dwaitepa onuavtikd, O€OOUEVOU 0TI
kUpia TexVIKN anaitnon ywa Ty mAatedppa €ivar n diayeipion oASKANPNS tng apx1kng
TAnpogopiag.

To devtepo 0TddI0 TNS TEXVIKIS EMKEVTPWVETAL OTNY 0WOTH avarapdotacn Twy
dedopévawr Tou mepilauPdrovtar ota TuNpata ota omoia €ye€l 61aOTAOTEL TO apX1Ko
oUvolo bedopévwy. Kdle kopudn petatpénetar o€ évav jpikpéd aveEdptnto ypdeo jie
Ty xpnotn tov alyopiduov Scalable Force Directed Placement. H emAoyn tou aAyo-
piiuov Paoiletar oto yeyovds ot mpoopépel peydAn elaotikétnta o€ 6t agopd TNy
TapPaETPOTOINOT) TOU ATOTEAéOUATOS KAl VPNAN amodoTikéTnTa akoja Kal o€ Tepim-
TWOo€ES Omou ta Oedouéva eivar mepimhoka. Me Bdon avtd kar AauPdvovtag vmdpn
Ta YapaxkTneioTikd Twy TUNMATWY TOU apy1koU oUvOAou dedouévwy, emAéyovtal ol
katdAAnAor mapduetpor Tou akyopiduov ya tny onuiovpyia tov ypdepou.

Ytéyos elvar va emtevy el 1) onuiovpyia evdg ypdepou o omoiog Ua eivar ovunayns
otov katdAAnAo Badud dote va unv vrdpyowv emkaAlpes avdueoa otous képupovs
aAAd ka1 6Aa Ta Tunuata va ortikorololvtal kataAapufdvortag mepitov tny dwa éxtaon
otov xywpo. Onwg Ua dolue otny ouvéyea, avtd elvar moAU onuavtiké yia to tpito
0Tdo10 THS TEXVIKNS TOU mapovoidletal.

To tpito otdoo tng TEXVIKNG €lval agiepwuévo otny Onuiovpyla €vos eviaiov



ypdgou otov ywpo mouv Ua mpoopéper ekepelvnon tng mAnpogopiag, petatpémortas
kdOe ovtdéTnTa Tov apyikol ourddov dedopévwy ge évav kouPo evis eviaiov ypdpou
L€ TUYKEKPIUEVES TUVTETAYUEVES oTov Ywpo. Eivar moAV onuavtiké o1 vroypdegor
va torofetnUolv otov Y po e TETO TPOTO WOTE 01 OUVOETES uetall Tous, auTég
mov apaipéinkay kar aronkevtnkay Eexwpiotd 0To TPWTO OTAGI0 THS TEXVIKNS, Va
eiwoay oy otov eviaio Ypdgo e T€Too Tpdmo WotTe va éxovy To eAdY10TOV OUYATO
J1JK0S.

I'a Tov Aéyo avtdy, ypnoyonoieitar évag eupotikds akydpiduos, faoiojévos oe
Hia ouvdpTnon K6oTOUS TdVw 0TO MNKOS TV eEWTEPIKOY AKUWY TOU TUVOEOUY TOUS
unoypdpous, mov €yel oyedaotel katdAAnia oote va tomofetnfoly o1 vmoypdpor
OTOV Xpo e TNY PEATIOTN) dUuvatr) Katavour), eAaY10TOTOIOVTAS TO CUVOAIKO HNKOS
TV €£OTEPIKAY AKUWDY.

H opoyevoroinpévn mAnpogopia arodnkeletar oe pia Pfdon dedouévawr katdAAnAn
yia Tny aroOnkevon ywpiknig tAnpogopiag, tny Geomesa, kai deiktodoteital katdAAnAa
pe éva XZ-index. H mAnpogopia eivar mAéov dwabéoun yw tnv xpnon tng aro
dAa vroloyiotikd ovotiuata kar Tny derapn xprotn mov éyer onuovpynlel ya
Ty unootnpién tny efepelivnong tng mAnpogopiag oav UéPOS TOU OUOTHUATOS. 2T
mAaiowa Tng mpotewduerng AVong, n demagn Tov XpnotTn mpoopépel pia oelpd amo
A€1Toupy1kdTNTES TOU TEPIAaUPdvoLY TNy €mOTTEIR OAOKANPOU TOU OMTIKOTOW)}EVOU
ouvélouv Oedopévwy, TNy 01adPacTIKI) OTTIKOTOINGT) THS TANpogopias Kal Tny Tapovoiaon
NS péoa and moAAamAd emimeda eotiaons kai piktpapiouatos, tny avalntnon ue Aékn
khedid, tny eepelvnon e Pdon povondtia evoiapéporTos Kail TNy amouévwon THN-
Hato§ Tov ypdgov yia TNy KaAAitepn ebepelvnon tou.

Ynuaociodoyikny EEepevvnon tng mAnpogopiag. H dwdeoudtnta twy
peyddwy ouvdlwv dedbouévawr éxer odnynoer oty avdrtuvén moAAwy ouvoTnudtwy
TEXVIKNS YoNooUvnS Kal unyavikng pdnons mov otoyelovy oto va e€dyovy yvaon
ané avtd ta Oedopéva. Apyikd, o dabéoos 6ykos twy Oedopévwy Dewpnrifnie ap-
keto§ Y tny avdrtvén abidmotwy ovotnudtwy mov Oa umopovoav va ekdyouvy e
avTIKEIUEVIKS TPOTO TNV Yrwon. Baoikn) mpokAnon tng texvikns vonuoovns, OHws,
efvar to yeyovos 0t Oev epapudler kavévay éxeyyo ota Oedopéva mou dayelpiletal,
dev umopel va avayvwpioer av kdnow efvar un €yKypa, TEPIEYOVY UTOKEUEVIKT) TANPO-
popia 1 mAnpogopia mov Oev eivar Uepatikd 10oppornuérn, va avranokpiel oe npi-
dounuéva n eAanr) odvola dedopévwy. Auto elye oav anotéleoua tny onuiovpyia
TOAAGY ovoTnudTwy Tov Oev avtarokpiinkay oTous oKomoUs Yia TouS omolous mpoopi-
lovzay.

To mo yvwoté lows Tétowo mapdoeryua eivar n arotvyia tov mpatouv Watson ya
Oncology. To 2013, n IBM ovvepydotnke ue to The University of Texas MD Ander-
son Cancer Center ya va avartiéer éva ovotnua mov Ua ypnoiporoovoe tny tAoloa
Pdon dedopévwy Tou KEVTPOU KAPKIVOU Yia va UTOPETEL Va TPOTPEPEL EMITAEOY YVWHOES
ka1 kaJodrynon yia tny avTIHETONION TEPIOTATIKWY KAPKIVWY L€ TIO ATOTEAETUATIKG
tpomo. Ta apyikd anoteAéopata édaiéay 6ti To ovoTnua anoTVyxarve oUVeEXWS va mpo-
telver Ty owotn Jepareia ya Ti§ mepintidoelg Kapkivwy mov kANUnke va avtijetw-
mioer. Anodelylnke tehikd 6t1 To Pfaoiké mpdfAnua tov ovotHuatos nTay to oUvolo
dedopévar mov ypnoipornoinke yia TNy ekmaidevon ToU oUOTHUATOS Kal avTé yiati
TOAAES amé Ti§ mAnpogopies elyay amoxpuplel 17 tpomonoinlel yia tny mpootacia Twv
acUevav.

Ta chatbots, ocvotnuata ekmaidevpuéva va ovvopdovy avtaAddooovtas ypantd un-



vipata (e YpHoTes, Tpoo@éPorTas UMNPeoies Tex VKNG unootipiéng n urnpeoies mpog
KaTavaAwtéS kar mekdteg, Oev elvar dtpwta o€ tétowr mpopAnuata. To mo ywwoto
ovotnua mou amétuye mataywows kar ndpa moAU ypriyopa nrav o Tay, éva chatbot
mou oyeddotnke arnd tny Microsoft, ya va umopel va anavtder avtduata o€ unvi-
pata otny mAatgdpua kowwrikng owktiwons Twitter. O otéyoS Tou ouoTHuUaTOS
ntav va mapdyer unviuata mov Va taipidlovy ota mpotuma Twy UnyuudTtovy Tou av-
taAAdooovtal o€ TAaTPOpLES KowwriKkwY ikTlwy, va €lvar OnAadn ypaupéva o€ amin,
kaUnuepvn) yAdooa, va mepiéyovy aurTuUnoelS, aotela kal 101wHatiopuoUs.

To ovotnua gilodoéoloe va aroktnoer Yyvaoe§ yia TNy enikowwyia éow ypantol
Adyou ka1 va PeAticover TNy anédoon Tov kar to m6oo peaAioTikd nray ta unrupata
Tou uéoa and tny enaveknaidevon e unviuata mov Adupave. O xpnotes tng mAat-
popua kowwrikng oiktiwons Twitter duws aropdooay va raibovy ue to ovoTnua Kai
dpxioav va tov otélvovy patootikd ka1 oefoticd unviuata kar toA ovvtoua o Tay
aravtoloe ue Tapouolo TpoofANTIKG Tpdmo, Ypnoiporowdvtas Aéées kar gpdoeg mou
mepielyay avtd ta unriuata, avadeikviortag tny \Aewhn eAéyywr ya ta 0e0ouéva
Tou ypnoiporo)inkay ywa Tny enavekmaioevon.

Ta mapandvew mapadetypata kdvovy oagpég 6t mapodo mou o dwabéoog 6yKog Twy
pHeYdAwy dykwy dedopévwy elvar oAU onuavTikes yia Ta oUoTAHATA TEYYNTIS YONUOTUYNS
ka1 unyavikng udinons, n tnyn kai n moiétnta Twy 0e0OUEVWY UTOPoUY va emnnped-
oovr katopwotikd tny amédoon tous ka1 Oa mpémer va Aapfdvovtar onuavtikd vréyn
OTOV APXITEKTOVIKG OXe€daod TéTowwy ovoTnudtwy. Xta mAaiowe Twy ovoTnudtwy
ouvlnTnong kai SwAdywy vndpyovy moAdd Sadéorja ovvola dedouévawr ue O1aAdyous
ka1l ou{ntioes mov éxovy kataypagel dueoa 1 éuueca ané avipimves erapés. Ta
mepioootepa and avtd ta ovvoda dedouévwy axokovdolv to povtélo Lelyous epwrTtnon-
andvTnon kai xpnoiyuomooly ueydies tnyés dedopévawr onws etvar n Wikipedia xai o1
Yahoo Answers. Eva onuavtiké mooootsé ané ta vrédoina ovvola Oebouévawy éxovy
oulMeyUel katd tnr Oudpkeia vrootpiéns kataveAwtdy péoa ané opadikd 1 mpoow-
mkd ovotiuata avtaAdayns unvuudtwy. Trdpyovr axdua kdmoia ovvoda 6€dopévwy
mou mepiéxovy OAdyous amd tawvieg, 0wAdyous avdueoa o€ ovoThuata O01aAdYwy
TeXYVNTHS YonuooUvng 1 0nNUooies oulnTroei.

Avtd ta dedopéva kataorevdlovtar ue Bdon tny vrdpyovoa TAnpogopia Kkai ta Oe-
dopéva mou etvar dradéorua ka1 pumopel va mepiéyovy moAAd dapopetikd Véuata, ywpls
va Otvetar kapia onpaoia otny a&ia Tov unopel va arokouioer kavel§ ané tny enebep-
yaoia autdy twy dedouévwy. H Owdikaoia kai o okomés yia Ttov omolo OnjovpyoUrtal
avtd ta oUvoda Oedouévwy €xouy oav amoTéleopia va vndpyovy pia o€lpd TpokAnoewy
otnv mpoordleia Xprons avtwy twy 0€0opévwy yia Tny onuiovpyia ouvotnudtwy

dnuiovpylag daAdywy. AuvtéS o1 mpokAnoerg eivai:
e Mn-100pponnuévn kar vmokelueviki) TAnpogopia. Ta yAwooikd

101opata Kar To AeEINOY10 TOU YpnoiHoTolElTal TEPIoTOTEPO avd mepiotaon pnopel
ToAU eUkoda va eiodyer pua vrokeiuevikétnta oto ovoTnpa owAdywr. Xapak-
tnpiotiké mapdderyua Oa NTav n exmaidevon e TNy xpnon €vos ouroAou Oe-
douévwy mov éyer mpokUipel and tarvies 6pdong evo§ oCUOTIIUATOS VA THY TEXVIKN
vnootnpién katavalwtdy. Eivar tpogavés ot to ovotnua dev Ua éyel oUte
To amairoUpevo Aeildyio oUte TS katdAAnAeS yrdoeg ourtaktikol Kai ypapi-
patiknig mov xpeidlovtar o€ avTny TNy mepintwon xpnons. Akdua ouws kar av
éva oUvolo dedouévar eivar oUAEYUEVO e TETOOV TPOTIO WDOTE va Tepiéyel av-
TIMPOTWTEVTIKT) TANpogopia unopel kar mdAr va efvar vTokeueVIKe 1) va Tepiéyel
otepedtuna. Iha mapdderyua, éva olvolo dedouévawr mov éyer ovAdexUel and



éva ThAepwyiké kérTpo Tou dayepiletar tapdnova xpnoTwy Yia eAlattwuatikd
mpoidvta elvar avapevouevo va eivar apynuikd optiouévo ouvvaioOnuatikd kai
va mepiéyer AeEildyio mov oyetiletar e amoyonTeVon Kal eKVEUPIOLO.

e EAMitn) oVvoAa Sedopévwr. Otav ta ovvoda dedopévwy onpiovpyolrtal
€ auTduato tpomo eivar mave va mepiéyovy 61aAdyoug Tov dev éxouy OAOKANpPw-
Oet 1) éxovv dwakomel Adyw texvikwy mpoPAnudtwy. Tétoies mepintioes dev
efvar edkodo va Ppeoly e avtduato tpomo o0Nywrtag o€ oUvoda OOOUEVWY
mov eivar eAarn) n kar AavOaopéva.

e Ocuatikn) mowkidia. Eva devpuuévo Aekiléyio elvar to Paoikd {nroluevo
yia ToAAd ovoTnuata onpiovpyias 6aAdywy kar vrdpyovy moAdol oyetikol al-
yopiuor mov eotidlowv 0TO YA OUYKEVTPWHOOWY 600 TO OUVATWY TEPITOOTEPES
Aééeis. Mia tétowa texvikn umopel va mpoo@épel moAAd o€ ovoTnuata yevikoU
okomoU, OmwS éva ovoTnua mov arnavtdel Unruuata Kowwyikey OIKTUwY, ag@ol
etvar oAV mavd va éplovy avtipuétwna e moAAd kar drapopetikd Oéuata ovlrjTnons.
Kdn wéroo dpws mbavétata Ua umepodéer éva olotnua €oikol okomol mou
mpénel va Pondnoer oe ouvykekpiuévn oovded. Ia mapdoeryua éva ovoTnpa
texviknS vrootnpiéng Ya mpémer va avayvwpilel tny AééEn movtiki oav e ouokeun
€10600U TIOU YPNO1UOTOIETAl TTOUS NAEKTPOVIKOUS UTOAOYIOTES Kal Ox1 oav éva
H1kpd (o TS KAdonS twy UnAaotikdy kal TS Tdéns Twy TpwKTIKWY, Ya va
elvar amodoTIKo.

e I'wooik1) 1dropopeia. Efioov onparvtiké pe to va dnuiovpynlel éva odvolo
dedopévar mov va eivar onuaciodoyikd owoto yia to Uéua ya to omoio Ha xpnoi-
poromnUet, elvar ka1 to va mepiéyel TANPoPoples ekppaciiéves e Ttov katdAAnAo
Tpomo Y Ty OdovAed otny omoia Va ypnoiporonlel. ‘Eva odotnua dwaAdywy
ToU €ye€l oyeoaoTel Yia va anavtdel o€ unriuata o€ TAATPOPUES KOWWVIKIS
diktiwong Ua mpéner va ypnoiponolel anAn) kar kanuepwvn yAoooa, aoteia kal
amAés exppdoes. Avtiotoya, éva olotnua mov éyel oyedaotel yia va mpoo-
péper Texvikn) vrooTnpién o€ xpnotes a mpénel va xpnoiponolel owotols ypau-
HaTikoUS Kavove§, 0woTé OUVTAKTIKG Kal va TPOTPépel owatn kaloonynon Kai
0dnyles wote va Poninoer tor yprotn otny e€milvon Tou mPoPANUAToS.

I'a ty erilvon twy mpokAnoewy mou mepieypdenkay mapandrw, Kair EYortas ws
otéyo tnv aomoinon twy ouréAwy dedouévwy mou elvar dwaléoua e TéTowo TPOTo
mov va efalelpovtar ta un-a&omomjoiua kar vrokeyuevikd dedopéva, avantOyOnkav
TEXVIKES ONUATIOAOVIKTS avdAvuonS twy dedopévwy. H onuacioloyikn avdlvon twy
dedopévar Paoiletar Kupiwg OTIS ONUATIONOVIKES OYéoelg avdjeoa o€ pous, OmwS
avtég kabopilovtar ané tnv yAwoooloyia. MeydAn epevvnuikn tpoorndlea éxer apiep-
wlel oTIS oNUAcI0A0YIKES OYéoels, To Tws autéS kalopilovtar kar to mowe Ja efvar n
akpiPng ovoyénion avdueoa otous dpovg mov Ua tis vrakovoovy. Or faoikés onua-
O10A0VIKES OYéoels efvai:

o Yuvdvvua. Aékeis mov éyouv to 1010 akpifds N oAU KovTivé vénua, omws elvai
TO QUTOKIYNTO Kai To onua.

o Avtdvuvua. Aé€eag mou éxovr akpifus to avtifeto vonua, onws eivar to (€0t
ka1 o Kpvo.



o Etabikevoes. Avo Aé€eis auvdéovtal e uia oyéon ekadikevons dtav o évag
dpog elvar mo ovykekpiérog and tov dAAov ya mapdoeryua avdpeoa otis Aéerg
Xpoua kar k6kkvo. Xe avtny tny mepintwon n AéEn kokkivo eivar e€edikevon
s AEENS xpwpa.

o I'evikevoers. Avo AéEeis auvdéovtar pe pia oyéon yevikevong étav o évag 6pos
efval mo yevikog amoé tov dAAov ya mapdoeryua avdueoa onig AéEeis mpouvt kai
oepPitoro. Eow to mpoln elvar pa eedikevon tng Aééns oepPitoio eva to
oepPitoio elvar pia yevikevon tng AéEng mpouvvi.

e Mépos evdg ouvddov. Eivar n oyéon mou ouvdéer éva tunpa pe to ovvolo oto
omolo avtioTolyel, elval yia mapdoeryja 1 ox€on mov ourdéel To OEVTPO UE TO
ddoog.

Or mapardve onuaciodoyikol kavéves katopilovy tny onpacioAoyikn ojLo16TnTa
Kail Ty onpacioAoyikn oyenkotnta avdueoa o€ dpovs kair gpdoes. IIoAv ouyvd
o1 0Vo dpot ypnoionoolyTal oay va €lval CuVorutol, Kupiwg Yati n onuacioloyikn
oxeTikoTNTa Vewpeital pia mo anAomomnuérn Kal YeVIKeUHEVT) éKgpacn TnS Ouo1oT)-
Tag. XNy mpaypatikétnta, oUU@wva e Toug avotnpols opiools Twy dUo 6pwy 1) To
ONUavTIKN TOUS 01apopoToinon €ival o1 ONUATIOAOVIKES TXETES TOU UTopolV va An-
pUolv undyn ka1 otig 0vo mepinTdoels kar To Pdpos mouv autéS Exouy otov kalopiouo
TNG ONHACIOAOVIKHS OHO10TNTAS 1) TXETIKOTNTAS.

Iho ovykekpiuéra, n onuaciodoyikn opodtnta eivar e uetpikn mov ebetdler to
KO0 ONUATIOAOYIKG TEPIEYOUEVO, TNV OJL0I0TNTA TV AéE€wy TOU X PNO1LOTOI00VTAL JUE
pdon ovykekpiuéves Pdoerg yvaoews, kai Paoiletar ota ovvdvuvua, otis ekedikeloes
ka1 otis yevikevoes. H onuaciodoyikry oyetikétnta efval pia mo 61€UpUUEYn) UETPIKN
mov efetdler TNV onpacioAoyikn) eyyvtnta, faciopérvn o€ ontoladnToTE ONHATIOAOVIKT)
oxéon avdpeoa o€ 6pous, akdua kai 6tay Gpol €ival avTwrupa 1 uépn €vos ouvolou.

I'a v BeAtiwon tng nowdtntag twy dabdéoiwy ouvvodwy dedouévwy Tou xpnoi-
pomooUyTal yia Tny €KTaidevon ovoTnUATwY S1aAdywy, TPOTEVOUHE e TEXVIKT) TOU
opiler pa avotnpr) pon) 6edopévwy kai eéaopalilel 6t ta ovvoda dedopévwy mov divov-
Ta1 wS €ioooo enebepydlovtar pe tov kaAltepo duvaté tpémo téoo pe Pdon tov onpa-
010A0Y1K0 TPOOoAVaToAIod TOU TUOTHUATOS 600 Kal pe Bdon TNy TepintTwon Ypnons.
KdOe lebyog epddtnon-andvtnon touv ouvrddouv €iodéoov Aaupfdver évayv Padud onua-
owAoYIkNS opowdtntas kail éva Padué onpaciodoyikng oyetikétntag, o1 omoiol €ivai
ave&dptnror petay Tous.

Or 0vYo avtol Baluol ovvevdvortar péoa and e ovvdptnon mov xpnoiuomolel
Pdpn, ta oroia kaopilovtar pe Pdon Tny tnyn tov ourdéAov dedouévwy aré to omoio
mpoépyetal to {eUyos epwtnon-ardvtnon kalog kal to Upos TS YADOOAS TOU TO
ovotnua Ua mpérer va ypnoiponomrjoer.  To teAikd amotéleoua elvar éva mooooto
kataAAnAdtnTas yia to kdle Ledyog epwtnon-andvtnon, to omolo umopel va Xpnoi-
poromnlel yia va katatdéer tnv mAnpogopia kai va emTPEPel TOV TEPIOPIOMUO TOU
ouvélouv Oedopérvwy e fdon to katdAAnAo KatdeAl

MezrapAntég. H mpotewiduern texvikn ypeadletar tpeis Paoikés petapAntés
eioédov. H mpadtn petapAntn) apopd to Oéua evdrapéportos yia to avtduato ovoTna
dOwAdywr ka1 ekppdletar pe éva oUvolo Aé€ewv-kAedidy mov To avTumpoowrelovy
pe Tov kaAitepo ovrvatd tpomo. To ovvodo twr Aébewv-KkAediwoy umopel va mepiéyel
HEXPL kKar mévte Aééerg, Too0 Ya va €€aopalioTel 1) oNUATIOAOYIKY) ouvox1) TV AéEewV
Kal katd €méKTAOT) TOU TaPayYOUEVOU TUVOAOU OE00UEVWY 600 Kal Yia va O1€UKOAUVElL



TNV ONUATI0AOVIKT) avdAvoT) e Tov Teploplopd miavawy uny ovoyetilopevwy onua-
OI0AOVIKOY O éTewy.

H 6eUtepn napduetpog mov yperdletal n texvikr eivai o mpooolopiojuds Tov oevapiov
xpnons yw to avtduato ovotnpa OwAdywy. Auvth) n mAnpogopia eivar amnapaitnTn
Vi@ TOV TPooodlopIoHs Twy PBapdy otny ouvdptnon mov evavel touvs Pabuols onua-
O10AOYIKNS TYETIKOTNTAS KAl OJMOIOTNTAS OTO TEAIKO TOO00TO KataAAnAdTntag yia to
kdle Levyos epddTnon-ardvtnon wote va dolel mpotepaidtnta otny mAnpogopia mou
épxetar and mo katdAAnAeg tnyés. H ovykekpijévn mAnpogopia divetar jre 6Uo tpdmous,
mpata emAéyetar To Upos tns yAwooas mov Ua ypnoiporomnlel, o xpnotns umopel va
emAé€er e Bdon to av Oa eivar amAn, erionun 1 nui-enionun. Xty ouvvéyewa to
Paoiké oevdpio ypnons yia to ovotnua avtopatwy 01aAdywy €TAEYeTal.

Or duéopes emroyés avtiotoryilovtar mAnpws ong dadéoies katnyoples Kai
TNYES ouvddwy Oedouévwy mou elvar owbéoyua ka1 mepilaufdrovy katnyopies Omws
unootnpién xpnotwy kar andvtnon o€ unriuata Tov ONUOcIEVoVTal 0€ TAATPOPUES
KOWwVIKGY OikTUwy. AUTo emtpémel Ty akoua kaAltepn mpooappoyn twy fapdy
otny ourdpTnon Tou evwrel Toug Patuols onUacioloyIikng oYETIKOTNTAS Kal OoI0TI)-
Tag 0T0 TEAIKG TOo000TO KataAAnAdTnTas wote va divetar kaAvtepn Paluoloyia oe
TNYES o elvar ToAU kKovTvéS e ta oevdpa Xprors.

H tpitn mapdpetpos efvar ta ovvola dedopévwy mov Ua xpnoyuoroinbodv ya tny
eaywyn tov {ntovuero ouvvélov dedouévwy. Aedopérng tng moikilopopgias twv
emAoYywY, €lval avapevopero va vndpyovy oUvoda de0opévwy ToU va KaAAUTTOUY OA€S
TS avd yke§ o€ mowdtnTa, mpoélevon, Uéua kai Vpog yAwooas kdvovtag ta eite 10avikd
eite Tedelws axatdAAnAa yia Ttnv ypnon touvs avdloya to oevdpio ypnons. EmmnAéoy,
o1 xprjotes pmopolv va emAéfovy oav €loodo kar éva oUvodo dedopévwy mou éyouvy
o1 16101 e TV mpolnédeon ot axodovlel to povtélo {eyous epaidTnon-andrTnon.

I'a toug okomoUs tns onuaciodoyikns avdlvons n WordNet Aebikoyikn Bdon Oe-
dopévar ypnouoroleitar kalwg mpoopépel ouddes and ouvwvuues Aééeas kalwg kai
ovoyetioes petabl tovg Paoiopérves oTis onpHacioAoyikés oyéoes tov oulnTninkay.
H pon oedopévwv mou éxer emrexUel yia tny emebepyacia twy ouvédwy 6€dopévwy
e106dov meprypdpetar €6wd. H texvikny owyepiletar éva-éva kdle Ledyog epdtnon-
andvtnon mov undpyel ota oUvola 6edopévwy ewddov. To mpdto Prja eivar o vtodo-
YIoUOS Tou Pabuol onuacioloyikng opodtntas avdueoa o€ kdle éva (eyos epwrTnon-
andvtnon kai Ti§ AéEeig-kAedrd mov éyovy emAeyel and tov ypnotn. Evag adydpiduog
oxedaouévos va Aapfdver vndpn tou uovo TS KatdAANAES ONHATIONOVIKES OYEo€ES
unodoyilel TNV ONUATIOAOVIKT) OXETIKOTNTA KAl €MOTPEPEL €VA KAVOVIKOTONUEVO fa-
Ouo.

Yny ovvéyea vrodoyiletal n onuacioAoyikn oyetikotntag avdpeoa o€ kdle éva
levyog epadTnon-andvtnon kai ti§ Aékeig-kAedid mov éyovy emAeyel and Tov xYpHot.
Ye avtny tny mepintwon o akydpiduog Aaufdrer vréhn tov GAeS TS ONUATIONOVIKES
oxéoes tov vndpyovy avdpeoa ota 6o efetaldueva ovvola Aééewr kar emoTpépel Ka
mdAr éva kavovikomomuévo Padud. Télog, n ovvdptnon Papwy evaver Ttovg dvo Pad-
poUs, Aaufdvovtag vndypn tny mnyn tov ouvvédlou O€0o0pévwY Kal To oevdpio Yprons,
divortag to teAiké mooootd kataAAnAdtntag yia to LelyoS epddtnon-andvtnon.

Metd tny eneepyacia dAwv twy (evydv epdtnon-andvinon twy ouvvéAwy de-
dopévar €woddou, ta Oedopéva katatdooovtal pe Pdon To TEAIKS mOOO0TO KATAAAN-
Adtntas. Xav éva mpwto Pnua, ya va OevkodvvUel n peténeita emefepyaocia tng
mAnpogoptas kar va pewwel to péyedos tou anoteAéouatos, Lelyn epddtnon-andvnon
HE TEAKS T0T00TE KataAAnAdtntag pikpdtepo ané 50% anoppintovtal oav akatdAAnAa



va ypnoiporomnfolv yia avté to Oéua kar to oevdpio xpnons. Ta 6edopéva yivovtar
owdéoja o€ éva apyeio keipévov mov axkodovlel to Comma-Separated Values povtélo
o€ ToimAéteg TAnpogopias. Kdle tpimAéta mepilaufdrer to Ledyog epitnon-andvTnon
Kai To TEAIKG Too00Té KataAAnAdtntas, éyer dnkadry tny doun (epdtnon, andvinon,
TeAIKG TO000TO KataAAnASTTAS).

ITowotikégs 'EAeyyxog dedouévwrv. H kataypagn twv aAdaydyv oe voduva
repiBdAdovta efvar e mdpa moAU 0U0KOAN, akpipn kar ypovoPdpa Owdikacia mou
Paciletar otny ypnron ouvykekpiuévov e€otAiouol. Xtny npoondleaa va aAddéer avtd,
éxovr dnuovpynlel véa kawotoua epyaleia mov €mITPEMOVY OTOUS TOAITES va OUM-
petéxyowy otnr mapaxodovinon tov mepifdAdortos ypnoiponowdvtas éEunves epap-
HOYES ka1 aioOnTnpes.

Ta 6edopiéva mov oUAAEYorTal ané Toug ToAiTeS e autdy Tov Tpomo Ua ypnoiponor-
noly téoo amd emoTNOVES OTWS UNYavikol kar VOpoAdyol 600 kai amd TiS TOMIKES
ApYé€S mpokelévou va atokTHoOUY Mia aKpYPETTEPN €1KOVa TwV AAAAYY 0TO TOMIKO
mepifdAdor ka1 twy avaykaiwv napepupdoewy.

O1 epapuoyég éxovr ws atéyo va avadeibovy T TepdoTie§ OUYaToTNTES TAPATIPI-
ong kai tapakoAoviinong tou mepiBdALorTos amé Tous mOoAITES, TOU umopoly va Kata-
ypdpour wi§ petafodés otny kdAvyn kar xprion ts yns aAAd kai petprioeg amd
aioOntipes omws n vypacia touv eddpovs kai n Jeppokpacia tov aépa. Ta dedopéva
mov oUuMéyortal ané tous €bedlovtés Ua PonUnoovy otn Pedtiowon tng axpifeas twv
vproTdpevwy xYaptoy kdAuPng Kar xpnons yns Kai oTny anoteAeouaTikotepn Oy eip-
107) TV TANUUUPIKOY PaVoUEVwY.

H epapuoyn "Scent Explore” elvai éva naiyvior enavénuévng mpaypatikérnrag. O
XpNoTeS kepodilovy morTous Ppiokovtas Toug 01a0KedaoTIKOUS YapaKTIPES TNS €Pap-
Hoyns, mou elval kpuupéror oto Tomikd Toug mepiBdAdov. Or yapaktrpes efvair tomo-
Jetnuévor oe ovykexpiuéva onueia nepiBaAlortikol evdiapépovtos, (e TKOTO TN OUA-
Aoyn eikévwv kai Pivteo, mou ameikovilovy aAlayés otny kdAuvpn kar Tn ypnon yns,
kaUds kar TAnpo@opiddy yia Tis didQopes TapauéTpous To motauoy, 6nws tn otdiun
Kai TNy tayvtnta tov vepou.

H epappoyn) "Scent Measure" emtpémer otous modites va ovpfdAovy otny napatnpn-
on twy aldaydv otis owvinkes tov eddpovs. H epapuoyn ypnoiponoel popntols
amoOntipes yia Tt APn HETPHOewy OYETIKOY e TNY vypacia Tov €ddpous Kai Tn
Jeppokpaciag tov aépa. Or ypnotes atAd torodetoly tov é§unvo miontipa péoa ato
€0a¢pog ka1 CUAAEYOUY TIS UETPNOEIS OTO KIVNTO TOLK.

Ornwg etvar avauevipevo o€ kde peydlo ovvodo dedouévwy étor kar €dw n ToidTnTa
ka1 n aomotia twy petpnoewy mov éxovr oUAMex el efvar aupiofnroduern. Or epap-
HOYES oyedidoTnkay wote va katoonynoovy tous eledovtés 6oo to duratoy kaAutepa
otnv ouldoyn Oedouévwy mou Oa elvar a&idmota ka1 Ua avtamokpivovtar onis mpa)-
patikés ovvinkes tov mepiBdAdortos. TloAdol and toug eledovtég duws dev elyav tig
KaTdAANAES TEXVOAOYIKES YVOOES Yia TNV XPHOoN OAwY TwV A€ITOUPYIKOTNTWY TWV
EPAPUOYAY €Ve) TOAES Popés o1 aurOnKeS ato Tedio NTay TETOES ToU D€V €TETpenay
Y ouvAdoyn twv dedouévawr ue tov katdAAnAo tpdmo.

Thy i oty n PeAtioon twy vOpoAoYIKOY UOVTE WY TTIS TEPIOYES TOU UeAeTHUN-
kav, anaivovoay akpipn kai a§idvmota dedopéva mov Ja ovvéBalay otny PeAtionon tng
arédoons tovg. Iha tov Adyo avtdy avantiyOnie évag punyaviouds eréyyouv tng
mo10TNTAS TV dedOévwy MoV PaoiotniKe o€ pia oelpd and KavoveS Kal TPaKTikoUs
TEPI0PLOTUOUS.

I'a ta Oedopéva kdAvhng yng ot eikéves mov éxyovv oulexOel etvar Eavd bia-



Uéonueg otouvg eledovtés dmouv umopoly va mpooOéoovy emimAéov emonudvoes 1 va
TpoTEIVOUY aAAaYES Kal PeAtichoels o€ 116N vndpyovoes. Xe kdUe mepintwon, Y va
OecwopnOel pia emonuavon éykupn mpémer va yivel anodektr) amé tny mAeopngia twy
eUedovtddy mov éyouvr kAnUel va yapaktnpioovy tny eiova ws mpos thy kdAvypn yng.
Ye mepintadoelg 0mov €mAoyéS Oev éxouvr EexdOapn emkpatoioa Pdon, €0iké Pdpos
dlvetar 0TI €mAoYéS Tou ebedovtn) Tou katéypae TNy €udva oto medio, dedOEVOU
0Tl €yel kaAUTepn ecdva TnS kKatdotaons kai yvaon ototyelwy tov miavag Oev kata-
ypdgovtar tAnpws 1 EekdOapa otny gwtoypagpia.

Ye énr agopd tny otdOun tov vepol kai Tny TaxUtnta pong Twy VYpay ooUdTwy,
auTES €elvar TANPo@opie§ mOU TPOépyovTal amod €koveS kail Pivteo twy €felovtdy mou
éyovv unootel enebepyacia ané katdAAnAovs akyopiiious, avté duws dev onuatver ot
éxyouy un €yKupeg petpnoels eite Adyw Aavlaouérvng kataypagns eite Adyw rkdmolov
mpoPAnuatos e Ty akpiBea twv akyoptiuwy. I'a va Pefaiwdel n eykupdtnta Twv
HETPNOEWY TOU OCUAAEYOVTal i€ QUTOY TOV TPOTO €XEl TPOTOIOPIOTEL U1 TUYKEKPIILEVT
pedodoroyia.

To mpayto Prpa tng pebododoyias eivar n ywpikn Kai Ypovikn opadonoinon twy
petpnoewy. I'vwpilovtag ané tov tpomo Oiebaywyns twy uetpnioewy 6Tt 01 €DeAovTés
KvoUrtal katd oudoeg, ouAAéyouy Oedopérva Tavtdypora kal mdrta ota Tpokalopio-
Héva onueia evorapépovtog umopoly moAU eUkoAa va onuiovpyndoldv o1 katdAAnAes
opdO€S peTProewY TOU agopoly TNV 101 Kataypaen).

Yto emdpevo Prua tng TeEXVIKNG AEYYETal 1) €CwTePIK) dlapopd o€ kdle opdda,
Tou avagépetal ka1 ws o éAeyyos otyua. O éxeyyos avtog ebetdler av ta dedopéva mov
avrjkowy o€ pia opdoda akoAovfoly thy Kavovikr) Katavoun, n pHéon TiUn kai n ava-
pevouevn arékAion vroloyilovtal mpooeyVIoTIKE ané Ta Yevikd XapakTnpioTikd Ttou
detypatos. Metpnoes mov anéyovy moAU and tny avauevouevn Kavovikn KATavoun
arouakpvortal and to oUVoAO TwV O€O0MEVWY.

Ye 61 agopd Ti§ puetpnoes vypaoias eddpovs ka1 Jeppokpaciag aépa mov mpokUn-
TouY and Tous popntols aioinThpes n TAnpogopia mou TIS CUVOdEVEl, TUYTETAYHEVES,
XPOVoS Kkataypagns, povadikn Ttavtétnta HETonons, Hovadikn tavtétnta aiointhpa
Ka1 Hovaolki) TauTéTNTA XPNoTn Xpnoionoleital pe fdon ya oepd kavévwy yia tny
rootikn a&oAdynon tovg. O mpwtos kavovas apopd Ywpikd amtopoVwUEVeS HeETPN-
oes. I'vwpilovtag, orws avagépinike 1non, and tov tpomo Oefaywyns Twy UeTpHoewy
ot1 01 €0edovTés Kivolvtal katd opdoeS Twy TPV TOUAAYIOTOY aTOUWY €XOUY 0ploTel
Ta 0€éka UETpa oav TO OPl0 TOU Mia UETPNOTN UTOpel va améxel and OAeS Tig dAAeS
kalds a térowa uétpnon eivar eite un a&idmotn eite moAU paxpid ané to onpueio
€vo1aPépPoVTOS.

O enduevog kavévag agopd HeTPrioels mov €pyovtal artokAewotikd kar évo and
évav elelovtn. Av yua pia mepioyxn, povo évag efedovtrs mapéyel uetproers, kdn
mou Oev €lvar egikté pe Pdon tov Tpdmo Oefaywyns twy uetproewy, to mo miavo
efvar va vndpyer kdmowo mpdPANUA HE TIS CUYTETAYHEVES 1) TNV APXIKOTOINOT) TOU
amoOntipa Kai o1 pueTprioels mov 6tvovtar va unv eivar a&1dmotes.

Télos, eléyyetar n axpifela TN UETPNONS TV CUVTETAYUEVQY OTWS AUTH KATA-
ypdgetar amé tov b0 tov aioUntipa. IloAAES amd Tis petprioelg éyway oe amo-
HAKPUOUEVES TEPIOYES 1) uéoa otig OyUeg motapcy omov unipye évtovn kdAuvpn amo
Tukvr) PAdotnon ue anotéleoua moAAES uetprioels va éxovy moAU peydia opdAuata
otny Kataypagn twv ovvtetayuévoy. Metpnoes pe andkAion peyaditepn twy €lkoot
HéTpwY agpaipéinkay amé to oUrodo OEOOUEVWY.

Emnpéoeta yia nig petprjoeg Ueppokpacias aépa e€etdotnie kar o éxeyyos oi-



aotiuaros. Xav afivmoro ddotnua Y tny Jeppoxpacia kalopiotnie pia ardkAion
oéra Padudy Celsius ané tny uéon Jepuokpacia mov elyar kataypdiper o1 eDedovtés
pHéoa otny nuépa. Avtiotorya yia TS UeTpioes vypaoias eddpouvs efetdotnie Kai
0 ékeyyos dédta. H avdlvon twv petpnoewy mouv agopovoay tnv vypacia eddpovs
ébake o unrjpyar mdpa ToAAéS petprioes ue tun 0%.

Externg reipapatikn perétn oe epyaotnpiaxés ovvinkeg édeiéav ot o arointnpag
pmopel va kataypdiper éyrupn pétpnon 0% otav tomoleteitar o€ Epd édapos mov dev
éxyer kalolov piles Lovtavdr gutdr. Trdpye duws kar n wepintwon n wunf 0%
va kataypagel yati o awointrpas 6ev ypnoyuoromninke olupwra e Tig odnyieg,
n mpwTn HéTpnon kataypdenke mo Ypryopa amé Ta OEKATEVTE dEUTEPOAETTA TOU
xpedlovtar yia va kataypagel n mpaTn HéTpnot.

I'a va dagoponoinoly o1 6o mepintdoes unoevikwy uetpnoewy, efetdletal n
Xpovooelpd e TIS UETPNOEIS TOU KATEYpaye o OUYKEKPIUEVOS XPHOTNS HE TOY OUY-
kekpiuévo modntipa apéows petd tny undevikn uétponon. Av péoa ota endueva
dexamérte devtepdlenta undpyer pétpnon pe tur) peyalitepn 0% tote n uérpnon

kataypdpetar oav Adlog xpnon tov miointipa kai apaipeital ané to oUVoAo O€00pEVWY.
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Chapter 1

Introduction

It was only twenty years ago when Tim Berners-Lee initiated the idea about the
Semantic Web [29]. Its growth and expansion the following years was exponential as
more and more data providers understood the importance of a common way to share
mformation for their development and sustainability. A slow start, hindered by the
need to manually annotate semantic data, was soon followed by a rapid acceleration
when the process was automated. Encyclopedias, medical and scientific databases,
large-scale projects such as Bio2RDF, the British Museum, the BBC Programmes
and Music and the most prominent project Wikidata, the large knowledge graph of
Wikipedia, were soon part of the Semantic Web and offered under the RDF format.

RDF s a data interchange model that aims to support the merging of informa-
tion from heterogeneous sources with different schemas as well as the unobstructed
update of schemas as needed without requiring any modification to the consumers
of the information. RDF takes advantage of the structure of the Web and utilizes
URIs to indicate relationships between entities. This data model provides the flexi-
bility to merge structured and semi-structured schemas and share them in a uniform
way. What makes the RDF model so widely used is that it is flexible and can be
used to model information from heterogeneous sources. This is also what makes it
a challenge to explore and understand, as data expressed in RDF' is typically stored
in large interconnected databases, without a homogeneous schema.

Upon the increase of the volume of the information available on the Web, the
need for a uniform way that facilitates the accessibility, the discovery and the un-
derstanding of the available information became prominent.

Since being released as an official W3C recommendation in early 2008, SPARQL
has evolved into the major query language for the Semantic Web and the RDF model.
It has become the main standard for querying semantic data stores and is a key
technology of the open data movement. SPARQL is supported by nearly all modern
RDF based storage systems and is widely used in enterprise and public web contexts.

There are two main challenges regarding the use of the SPARQL query language
for the exploration of information. To begin with, novice users of SPARQL can eas-
ily perform simple and basic queries but require extensive training to utilize all the
exploration capabilities of the language due to the wide range of functionalities. This
1s often deterring or disengaging for users that are not very familiar with the Se-
mantic Web. In addition, the provided data rarely comply with strict models or have
specific structure. Most users however are familiar with strict data models and rela-



tional databases as well as results that are complete and have specific structure. The
diversity and flexibility or the SPARQL results is often hindering to the compilation
of meaningful queries and the understanding of the information.

A SPARQL endpoint can be strictly defined as a conformant SPARQL protocol
service according to the SPARQL Protocol for RDF specification. A SPARQL end-
point enables users, either humans or machines, to query a knowledge base using the
SPARQL language. Results are typically returned in machine-processable formats,
mainly SPARQL Query Results XML or JSON Format. Informally, a SPARQL end-
point is mostly conceived as a machine-friendly interface over a knowledge database.
Accessing the information, forming the proper queries, understanding and represent-
ing the retrieved information is the responsibility of the user of the endpoint and not
of the provider. As the number of the available endpoints increases, information for
many different research areas is available, which is of interest to a wider audience,
especially scientists and researchers, with limited knowledge of the Semantic Web.

To address the needs of such users a few endpoints were updated to offer access
to the information through search engines and present the information in structured
ways. These efforts however are limited to a very small number of the available
endpoints and offer few, if any, exploration and visualization functionalities. The
structured formats used, such as lists and tables, present the information in a human-
readable format but without showing relations and connections between entities.

Recently, the wide adoption of the Linked Open Data initiative has made available
large linked datasets [185] that have the potential to offer invaluable knowledge. Ac-
cessing, evaluating and understanding these datasets as published, though, requires
extensive training and experience in the field of the Semantic Web, making these
valuable sources of information inaccessible to a wider audience.

In the recent years there have been many efforts to find optimal techniques to
process such datasets, extract the contained information and presented it to the user
m meaningful ways. These techniques, however, impose a series of restrictions to
the volume and characteristics of the input dataset, limiting their applicability to
specific use cases.

A common requirement for existing systems is the availability of complete or
partial semantic annotations for the input dataset. These systems, such as [7, 59],
exploit the semantic annotations, to significantly reduce the volume of data that are
required to handle. Based on the hierarchy defined by the annotations, they provide
the functionality for link navigation and representation of semantic data resources
and their properties. These systems work only on datasets with a limited amount
of semantic classes and ignore any non annotated information. This way not only
they limit the number of possible navigation paths that are required to handle but
also limit the overall volume of the accessible data. In addition, any information of
the dataset that is not semantically annotated is never presented to the user.

Other systems extract information contained in linked, semantically annotated,
datasets and aggregate it, based on its type as provided by the annotation, and pre-
sented through generic visualization options such as diagrams and charts. Some sys-
tems such as [15, 41, 171] only handle predefined types of information and restrict
the users to these, while others [269, 321] provide to the user dynamic options that
can be configured. Another approach, as presented in [301], is based on a heuristic
analysis of the structure of the input data and a comprehensive visualization model to



enable the semi-automatic binding between data and visualization parameters. Such
systems provide to the user only informative overviews of the dataset. They fail,
however, to present the complete information and result in loss of information as
data that do not comply with the identified semantic annotations are discarded.

Some systems target specific types of data or vocabularies. Recognizing the im-
portance of the spatial information some systems focus on visualizing and exploring
geo-spatial data. Such systems, as [182], provide a faceted browsing tool that enables
RDF datasets to be visualized on an OSM or Google Map while others, as [288],
provide an exploration and visualization tool for SPARQL accessible data, offering
faceted filtering functionalities.

Other systems, such as [133], target multidimensional linked data modelled with
the Data Cube vocabulary. They provide faceted browsers for exploring these data
using different types of visualizations and charts. In these cases, there are some
strict limitations regarding the input datasets along with the possibility of loss of
information depending on its completeness.

A large number of systems visualize linked datasets adopting a graph-based ap-
proach [202]. Most systems, limit the displayed information by enforcing a path-based
navigation of the data to the user. Such examples, like [130], are web-based tools
that offer interactive discovery and visualization of relationships between selected
linked data resources. There are also some exploratory tools, such as [126, 45] that
allow users to browse linked data using interactive graph navigation. Starting from
a given URI, the user can explore linked data by following the links. Other systems,
such as [339], employ a space-optimized visualization algorithm in order to display
additional resources with respect to the user navigation choices, or propose, as in
[73], a clustered RDF graph visualization in which input information is merged to
graph nodes. In all these cases the user is given access only to some of the input
information and very limited exploitation options.

Aiming to eliminate the requirement for semantic annotations, the dataset struc-
ture was exploited as a mean to filter the dataset and limit the volume of the handled
data. The most well-known and popular technique is based on the hierarchical model.
Such techniques, as the ones presented in [3, 13, 155], present the input dataset ei-
ther filtered or aggregated, in order to limit the volume that they are required to
handle.

Although the hierarchical approaches provide interactive visualizations with low
memory requirements, they have two main drawbacks. To begin with, their applica-
bility is heavily based on the particular characteristics of the input dataset as they
can be applied only on acyclic datasets that conform to a hierarchical data model.
Moreover, the hierarchical approaches result in loss of any information not comply-
ing with the initially identified model, making accessible by the user only part of the
information.

Next, tools were developed that explore the information retrieved from SPARQL
endpoints in structured ways. Many web-based tools [139, 324] were developed for
displaying, accessing, filtering and exploring query results as obtained by SPARQL
endpoints. The structured formats used in such tools, such as lists and tables, present
the information in a human-readable format but without showing relations and con-
nections between entities.

The exponential increase of the number and size of the available linked datasets
as well as the diversity of their characteristics [297], increases their usefulness, im-



portance and appeal to a wider audience. Only specific use cases and datasets that
comply with strict limitations and characteristics can be explored through the sys-
tems presented above. There are many interesting, important and useful categories
of datasets that are generated in a random way that do not comply with any of
these requirements. These categories include road maps, communication networks,
biological structures, financial and blockchain transactions where the datasets are
complicated, highly connected, contain critical information that should be available
complete and accessible by many users with different degrees of knowledge for the Se-
mantic Web and also different usability purposes. This makes of utmost importance
the identification of a generic technique that will be scalable and independent of any
specific characteristic of the input dataset that can be used for their exploration.

Following the Linked Open Data initiative, Big Data characterization for pub-
lished datasets is increasingly popular and it is used in many research domains and
scientific works. Carefully examining its usage, however, reveals it is, more often
than not, used with continuously changing meanings. The different definitions avail-
able for the term [325, 66, 67] are inconsistent and vary depending on the time they
were written and the scientific field that they are referring to. What all the defini-
tions have in common are some key characteristics, including that they are large,
complex and unprocessed datasets, that cannot be processed by traditional applica-
tions but can offer knowledge and value if properly analyzed.

Initially, there was a controversy regarding the volume of the dataset and what
should be considered large or difficult to process. This is mainly due to the fact
that the application-specific capacity of the machines to compute information per
capita has roughly doubled every 14 months, whereas the world’s storage capacity
per capita required roughly 40 months to double during the last decades [137]. The
exponential growth of the data production, the diversity of the data sources, along
with the improvement of the computational capabilities of the hardware made the
quantification of the term insignificant but added multiple dimensions to the problem.

To this end, a dataset is now characterized as Big Data based on its dimensions
or the Vs that it complies to [136]. Starting from the basic three Vs [219], volume,
velocity and variety, the definition was soon updated to four Vs [23]] that include
also veracity, which is the more commonly accepted definition. Next, value was added
as the 5" 'V [90, 70]. Value is the first indirect characteristic of Big Data, as it is
referring to the desired outcome of their processing [312]. The five dimensions of
the Big Data can be defined as:

e Volume. The amount of data is an important aspect of the Big Data given that
the goal is to process high volumes of low-density, unstructured data. Here, the
high volume is not defined by the state-of-the-art capabilities but it is specific
for each consumer of the information and it is defined by the quantity of the
generated data, the storage capabilities and their ability to process and analyze
them. For some applications, this might be as low as tens of terabytes of data
while for others it may easily reach hundreds of petabytes.

o Variety. It refers to the type and nature of the data. Big Data distance
themselves from structured data schemas that fit neatly in relational databases.
Nowadays, the majority of the raw data are available in unstructured and semi-
structured data types including video, audio or metadata, such as click-streams



on a web page. These data introduce the overhead of additional pre-processing
to derive the included information.

o Velocity. In this context, the velocity is referring to two different aspects. On
the one hand, with the term velocity we are addressing the speed at which the
data are generated and/or updated. This identifies the rate that the system
should achieve for the storage of the information in order to avoid any loss.
Big Data are expected to be produced continually. On the other hand, Big Data
analysis 1s expected to achieve near real-time results so the wvelocity is also
referring to the frequency of handling, processing, and publishing the results of
the data manipulation.

o Veracity. It merges together the unreliability of the data sources and the relia-
bility of the data forming a dataset [137]. Veracity is discussing the danger of
a data source to change the quality or the content of the data provided [105].

e Value. The sheer volume of the data available combined with the diversity of
the data sources and the lack of official requirements often produce datasets
that are of low quality that fail to deliver what was expected. To this end, a
dataset 1s considered as Big Data only when its processing and analysis pro-
duces value for a user. The importance of this aspect is highlighted by the most
popular definition for the Big Data, the one presented by McKinsey’s Business
Technology Office [199], which was the first to associate the utilization of big
data sources to the creation of added value to an economic field.

The availability of the Big Data has led to the development of many artificial in-
telligence and machine learning methods that extract valuable information from the
datasets. Initially, the volume of the available data was deemed enough to develop
reliable systems that could extract the available knowledge. Artificial intelligence,
however, cannot identify invalid data, outliers, bias contributions and unbalanced
information or cope with incomplete and unstructured datasets. As a result, many
erogenous systems were developed [299, 111].

Aiming to support Artificial intelligence solutions, to take advantage of the avail-
able datasets in ways that are protected by invalid data and bias contributions, se-
mantic analysis techniques are employed to improve the content of the datasets.
Semantic analysis methods are mainly based on the semantic relationships between
terms as defined in linguistics. A lot of effort is dedicated in defining these semantic
relationships in ways that will showcase both the similarity and the relatedness of
words. The formal definitions of the main semantic relationships that are going to
be used in the upcoming algorithms, are presented here:

e Synonymy. Two terms are characterized as synonymous when they have ex-
actly or nearly the same meaning, such as the terms car and automobile.

e Antonymy. Two terms are characterized as antonymous when they represent
the complete opposite from one other, such as hot and cold.

e Hyponymy. It is used to show a relationship of specification, such as the re-
lationship between the world color and red. In this case, red is a hyponym of
color.



e Hypernymy. It is used to show a relationship of generalization, such as the
relationship between the world fork and the general term cutlery. Here, cutlery
1s a hypernym fork.

o Meronymy. It is a relationship connecting a part to its whole. As an example,
a tree is a meronym of a forest.

The terms of semantic similarity and relatedness are often used interchangeably,
mainly because semantic relatedness is often seen as a casual, generalized similarity.
Their main difference, however, is the semantic relationships used in their calcula-
tion. The definition of the terms is presented here:

Semantic Simailarity. A metric used to evaluate two documents, terms or sets
of terms with regard to their common semantic content, the likeness of their meaning
based on knowledge sources. Two entities are considered semantically similar when
they are associated with what is commonly refer to as ’is a’ semantic relationships
which are synonymy, hyponymy and hypernymy.

Semantic Relatedness. A broader metric, that extents the semantic similarity,
that evaluates two documents, terms or sets of terms with regard to their semantic
closeness. Two entities are considered semantically related when they are associated
with any linguistic relationship, including meronymy or antonymy.

Adopting a different approach to the acquisition of useful and meaningful datasets
Kevin Ashton, co-founder and executive director of the Auto-ID Labs [179], presented
the idea of the Internet of Things (IoT) at a presentation that aimed to introduce the
Radio-frequency identification (RFID) technology to the production chain of Procter
& Gamble (PE&G) in 1999 [149]. The proposed innovation was the usage of the RFID
technology [97], specifically of electromagnetic fields, to automatically identify and
track tags attached to products. An RFID tag is a low-cost, tiny radio transponder,
which is a recewwer and transmitter. This tag can be triggered by an electromagnetic
interrogation pulse from a RFID reader device, prompting it to transmit pre-defined
mformation, a unique identifying number. The main idea s that this tag can be
read in an automated way at specific places during the supply chain and be used as
a tracking method for the produced goods as well as a way to analyse the produc-
tion lines, the time between stations, identify bottlenecks and improve the overall
production flow.

The key idea that the term IoT aimed to introduce was the disengagement of
a human from the production of useful, meaningful and exploitable information.
Until the early 2000°s the majority of the data that were available via the internet
were collected by human beings through repetitive and time consuming tasks, such
as capturing an image, typing text and filling forms or scanning barcodes to track
products. The data collected through such tasks, however, were often incomplete, of
low quality and inconsistent, mainly due to the lack of enthusiasm of the humans
towards the tedious tasks that they had to perform. The IoT envisioned a network of
sensors that could collect the needed information in an automated way reducing the
possibility of errors, and ensuring high quality and consistent data aimed to tackle
these challenges [14].

After the first usage of the term, new concepts were added to the definition, to
imply a shared understanding of the situation and the environment among humans
and appliances, and the term was also associated with the design of overall archi-



tectures that could efficiently support such concepts with both software and hardware
solutions, as well as a pervasive communication network that allows the collection,
transmission and processing of the information[16, 192]. Last but not least, the def-
inition of the Internet of Things included the need for efficient and effective data
analysis applications that ensures an autonomous and creative behavior from the
system. All these additions, aimed for the design of smartly connected network of
sensors that will allow content-aware data analysis. The definition has recently been
more inclusive regarding the applications for which an IoT system can be of value.
Besides, the traditional industrial systems, smart-home products, healthcare appli-
ances and fitness trackers, utilities, as well as smart transport systems, have been
introduced to the IoT ecosystem [295].

All these new applications, as well as the recent evolution in technology, has made
necessary a more flexible definition regarding what can be identified as ‘Things’.
These changes, however, have not changed the main goal of the IoT systems, which
can be seen as making any hardware platform sense, understand and interpret the
current status of its environment without any input or support from human users.
The architectural design of the IoT systems has evolved into a network of intercon-
nected objects that are no longer tasked with passively collecting information from
their environment but are entrusted to analyse the situation and command and con-
trol other objects accordingly [210].

Important role to the development of the IoT systems has the improvement of
the wireless network technologies that can be used by the objects to connect. In
addition to RFID, Bluetooth, WiFi and GSM networks can support the data exchange
between objects. As a result, IoT has the needed means to step out of its infancy
and transform the current static Internet into a fully integrated Internet of Things
[43]. The Internet revolution has also led to the interconnection between humans at
an impressive scale and between humans and machines faster than anyone thought
possible. The next step is to achieve an interconnection between machines similar
to the one between humans aiming for a fully connected smart environment [115].

It was in 2011 that the number of objected connected to the IoT overtook the
number of people living on the planet. Nearly 22 billion IoT devices were deployed
worlduide by the end of 2018, and a further 17 billion will be added by 2025, ac-
cording to the current estimations and growth. While enterprise IoT has been the
major driver in recent years, current projections suggest that the connected home
will shortly overtake initially computing and then enterprise IoT [20/).






Chapter 2

Problem Definition

As discussed above, the exploration and navigation of very large linked datasets can
be associated with different data sources, data formats and data models as well as
many use cases and usage scenarios. There are some key challenges that affect all
the potential expressions of the problem as they are related either with the nature
and characteristics of the datasets or with the basic needs of the users to understand
and explore the information.

Intuitively, linked datasets should be made available through interactive systems
that enable their visual exploration through multiple abstraction and filtering levels
and criteria as well as SPARQL queries. Such systems, however, have to tackle
significant challenges related to the characteristics of the datasets, especially as the
size of the input dataset increases. These are:

Scalability. The system should handle large datasets with millions of elements,
along with datasets that are incomplete, have no semantic annotations or don’t follow
a specific data model or hierarchy given that the published datasets do not always
comply with such requirements.

Accessibility. The system should provide access to many datasets and the vi-
sualizations should be available for multiple users. The system should be available
through commodity hardware and not dependent of expensive infrastructure.

Querying support. RDF data, available through SPARQL endpoints, are fully
accessible only for experts in the Semantic Web who are accustomed to forming com-
plex SPARQL queries. Even then, navigating and exploring an unfamiliar SPARQL
endpoint by hand can be quite laborious. For novice users only superficial explo-
ration is possible without further support. Systems should provide the users with
the needed support to explore and query the information, either by offering filtering
and aggregation functionalities with any querying needs or by offering support to the
compilation of the queries.

Content presentation. RDF is designed to facilitate machine interoperability
and does not define a visual presentation model since human readability is not one
of its stated goals. Presenting content intended for machines in a human under-
standable way 1s very challenging. Most systems provide the information in tables.
Such representations are intuitively close to what the novice users, familiar with the
relational schemas, expect. They are not, however, representative of the nature of
the RDF model, the graphical representation of information with connections be-
tween entities. Efforts to provide the information through graph-like visualizations



pose many challenges. Most approaches limit the usage to specific RDF vocabularies,
SPARQL query types, domain-specific analysis or already defined attributes.

Schema identification. The underlying data schema is not always available,
or easily extracted. As a result, filtering and further querying is not always obvious
or intuitive, based on the user expertise and the complexity of the schema next steps
for the retrieval of the information may not be straightforward. Some systems aim
to extract the underlying schema, they are not, however, always successful as they
fail for unstructured or overly complex schemas and only offer an overall estimation
regarding the underlying schema.

Unbalanced € Bias information. Data bias occurs when the distribution of
the training data do not reflect the actual environment that the machine learning
model will be used in [283]. In the case of Big Data, the multiple sources as well as
different data models used to create the datasets create many consistency issues and
make their usage challenging.

Incomplete datasets lacking annotations. Many datasets are created in a
fully-automated way, without any human overview, or from merging sources with
different parameters. This has a results many datasets to be incomplete or lacking
important information.

In addition to the data-related challenges, the system should address important
challenges that are associated with the use cases, the user requirements and the
content of the dataset. These are:

Interactive visualization. The data should be visualized in a way that will
support the exploration of the information. The data objects should be visualized
independently of one another allowing the user to modify the visualization as needed.

No information loss. The complete dataset should be available to the user.
Aggregating, filtering or grouping the information before presenting it may result in
the omission of information critical to the understanding of the dataset.

Data exploration. The system should ensure that the user can access and ex-
plore the information in an interactive way by providing an ample set of exploration
functionalities. These functionalities, such as keyword search, path exploration, fil-
tering and aggregation, should be available in a user-friendly way meaning that they
do not require knowledge of querying or programming languages from the user.

Based on the identified challenges, some use cases where it is crucial for them to
be addressed are presented here. Real world examples are presented along with cor-
responding datasets. For these use cases, in the following chapters of this document
appropriate solutions will be presented.

Semantic community exploration. Visualizing and exploring RDF datasets is
a computationally intensive and complex task that is hindered by the volume of the
datasets, their different characteristics, including the lack of schemas and structure,
as well as the different needs of the users of the information. While in most cases
the specific details and relationships of an entity are crucial to the understanding of
iformation, exploring billions of elements to locate it can be disengaging and unre-
alistic. In cases such as road maps, communication networks, biological structures
and blockchain transactions where the datasets are of complicated relational nature,
highly connected, contain critical information that should be fully explorable and ac-



cessible by many users with different analysis needs, the widely accepted solution is
to present the information through summarization layers.

An indicative and very interesting dataset that falls into this category is the UN
Comtrade repository [313]. It is a free, open repository which provides detailed global
trade data, including official international trade statistics and relevant analytical
tables. It includes data from 216 countries, in a span of 23 years, concerning the
trade of 261 commodities. The data are updated on a monthly basis. Data scientists
interested in this repository need access to a visualized overview of semantically
meaningful communities. Furthermore, they need to be able to explore the visualized
overview, in order to understand connections and patterns in the data, as well as
drill-in details of specific entities within the communities.

To begin with, the datasets provided by each country are not identical, they may
differ in the volume and format of the provided information as well as the language
and semantic annotations used. So here it is very important to have a system that
can present the information without any restrictions of the characteristics of the in-
put dataset. In addition, the repository is constantly expanding to include additional
data so the system should be able to scale without any limit to the size of the input
dataset.

For example, such an overview of this dataset may consist of communities with
countries that exclusively export or import commodities, countries that have sig-
nificantly unbalanced or balanced trade, flows of goods based on geographical and
economic factors and potential traffic inconsistencies e.q., countries that import and
export the same commodities.

SPARQL endpoint exploration. One of the most characteristic examples of
iformation spaces that are challenging to explore and wvisualize is dictionary-like
datasets. The information contained in them is incomplete, highly connected due
to aliases and synonyms, domain-specific or represented in an unstructured way
depending on the source of the information. Such datasets are also very valuable as
they are utilized by universities, research institutes, public institutions and companies
for knowledge organization. Also the format and characteristics of these dataset are
important for research in information science as well as in the area of Linked Data
and Semantic Web technologies.

Such an example of SPARQL endpoint that is very challenging to explore is
the Standard-Thesaurus Wirtschaft (STW) Thesaurus for Economics [166]. This
thesaurus provides 6.000 subject headings in two languages, English and German and
it 1s considered the world’s most comprehensive bilingual thesaurus for representing
and searching for economics-related content. It utilizes more than 20,000 synonyms
to cover not only all economics-related subject areas but also many related subject
fields. The STW is published and continuously further developed by the Leibniz-
Informationszentrum Wirtschaft [333], the German National Library of Economics,
according to the latest changes in the economic terminology.

Due to the importance of the information that it represents the endpoint is of
interest to a wide range of users with different needs. Economists and users less fa-
maliar with the Semantic Web focus on locating terms of interest, study their relation-
ships with other terms and vocabularies and find the translation of the terms between
the two languages. Exploration systems should provide simple access to the informa-
tion through keyword search, support the execution of exploratory queries through a



user-friendly interface that requires from the user minimum input or knowledge of
the Semantic Web, allows the retrieval of information related to one specific term
based on its relationships with others and support the representation of the informa-
tion in an intuitive way as graph.

Companies and institutions are more interested in exploring in-depth the dataset,
discovering statistics regarding connections between synonyms from different subject
fields and retrieving answers to complex queries. The users with experience of the
Semantic Web should be able to write their own queries and get the proper visual-
1zations.

Big data visualization. One of the most characteristic examples of scientific data
analysis that requires a system that conforms to all the identified challenges, is the
study and analysis of biological structures. Structural biology is a branch of molecular
biology concerned with the molecular structure of biological macromolecules such as
proteins, made up of amino acids, how they acquire the structures they have, and
how alterations in their structures affect their function. This subject is of great
interest to biologists because macromolecules carry out most of the functions of cells,
and it is only by coiling into specific structures that they are able to perform these
functions. The Protein Data Bank [1] is an archive with information about the shapes
of proteins, nucleic acids, and complex assemblies. Most of the datasets published
there follow the Systems Biology Markup Language [273] aiming to ensure model
interoperability and semantically correct information. As an example we take the
human cap-dependent 48S pre-initiation complex [143] which represents 47 unique
protein chains with 116774 atom count.

Access to the complete information. Scientist aiming to study and analyse this
protein complex need to have access to the complete information in a way that will
respect the initial spatial relations, without causing any alterations to connections be-
tween molecules. Systems that use aggregation or summarization techniques cannot
be used for this analysis as they alter the initial connections between atoms. Tech-
niques that exclude part of the input dataset if it does not follow pre-defined data
formats cannot be used either, as protein chains are not expected to fully comply
with specific data formats and atoms that deviate from them contain important in-
formation which should be available to the user. Systems that filter the input dataset
based on specific characteristics cannot support the exploration of protein complexes
as their analysis 1s mostly based on low level connections.

Combination of multiple datasets. In addition, scientists need to study the com-
plete biological structures, so the system should be able to combine multiple protein
chains and complexes. As an example, the human cap-dependent 48S pre-initiation
protein complex has a relatively small number of atoms as it contains only 47 protein
chains. Such complezes, however, are combined or expanded with additional protein
chains for analysis purposes. The system should be able to incorporate any addi-
tional information and offer to the user exploration and filtering services without
any limit to the size of the input dataset. Such dynamic changes in the volume and
content of the input dataset is a challenge for all of the available systems. These
systems are based on complex pre-processing techniques that aim to identify specific
data models that conform with the input dataset or perform a semantic analysis and
categorization. Due to their complexity, such techniques fail to combine more than
one dataset or adapt to a large and complex one.



Multiple filtering criteria. Users interested in such complex datasets also have
high demands regarding different and customizable filtering functions that can be used
simultaneously. Popular queries during such data analysis include: “isolate specific
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molecules”, “isolate one or more types of connections based on their semantic anno-
tations”, “identify the most/least connected molecules”, “locate connections between
two molecules”, “find if two or more molecules are independent to one other” and
“identify specific connections in parts of the biological structure that is responsible
for a specific function”.

The system should offer such exploration queries though a user-friendly inter-
face, without asking the user to write queries over the data. Depending on the way
the information is processed, however, systems may not be able to offer such explo-
ration queries. Systems that aggregate the input dataset cannot offer details for one
molecule. Systems that present data based on hierarchy levels or through semantic
criteria cannot present the connections between two or more molecules or isolate
types of connections that are of interest.

Path exploration. Finally, given the importance of the connections between molecules
it is crucial to identify all the neighbors of a molecule or follow paths of interest.
All of the available systems, allow either the exploration of the outgoing neighbors
of a node or the exploration of nodes along the hierarchy levels of the data model.
Therefore, the system does not allow the user to intuitively explore the information
associated with a node. For datasets such as the human cap-dependent 48S pre-
iatiation protein complex, users are very interested in locating all the neighbors of
a molecule, either incoming or outgoing, as these connections are valuable to the
protein structure analysis.

Targeted semantic analysis. The availability of the Big Data has led to the
development of many artificial intelligence and machine learning methods that ex-
tract valuable information from the datasets. Initially, the volume of the available
data was deemed enough to develop reliable systems that could extract the available
knowledge. Artificial intelligence, however, cannot identify invalid data, outliers,
bias contributions and unbalanced information or cope with incomplete and unstruc-
tured datasets. As a result, many erogenous systems were developed [299, 29].

The most well-known example of such a failure is probably the first release of
the Watson for Oncology [262]. In 2013, IBM worked with The University of Texas
MD Anderson Cancer Center to develop a system that was supposed to utilize the
cancer center’s rich patient and research databases to provide additional knowledge
and insights. The initial results showed that the system failed to suggest the proper
treatments. The source of the problem was identified as the dataset used to train
the software, a small number of hypothetical cancer patients rather than real patient
data.

Chatbots are not immune to such issues, as Microsoft’s effort to develop Tay, a
chatbot that could automatically reply to Twitter messages and engage in casual and
playful conversation [253], proved. The chatbot was supposed to support the research
around the conversational understanding and self-improve with time. The users of
the Tuntter though started sending racist and misogynistic messages and soon Tay
was responding in similar insulting ways, using content from these messages, proving
that the data cleaning and filtering process for the re-training was not robust.

These examples indicate that while the Volume of the Big Data is very important



for applications in the field of Artificial Intelligence and Machine Learning, the
Variety and Veracity affect data quality is such degree that should not be disregarded
in the architectural design of such systems [174, 296, 124].

In the context of the conversational interactions there are many datasets available
with dialogues and conversations collected directly or indirectly from human inter-
actions [226]. Most of these datasets are formed using the question-answer pattern
and utilize the knowledge base of existing repositories such as Wikipedia and Yahoo
Answers. Other datasets focus on customer support interactions through chats and
forums. There are also datasets that include dialogues, extracted from mouvie scripts,
chats between bots or conversations held in public forums.

These datasets are formed based on the available information and contain data
from many different sources that cover many topics and conversation domains. Lim-
ited care is given to the Value of the context of these datasets, with efforts focusing
mainly on Volume. Due to their creation process, the main challenges associated
with the utilization of these datasets for the training of conversational agents are:

Unbalanced € Bias information. In the context of conversational datasets
bias can very easily materialize. For example, a model trained over dialogues taken
from action movies and used as a technical support automated system, will have a
great challenge understanding the vocabulary needed and will formulate responses
using syntax and grammar not as expected. Even if a dataset is carefully designed
to be representative, it can still suffer from prejudicial or stereotyping bias, which is
not easy to detect or understand. For example, a conversational dataset extracted
from a call center that is responsible for complains regarding defective products will
be biased with negative emotions and a vocabulary mostly associated with frustration
and disappointment.

Incomplete datasets lacking annotations. Many question-answer pairs in-
cluded in datasets created in an automated way may be incorrect or improperly for-
matted. An indicative example comes from datasets that are using real customer
support interactions. Phone calls and chats may be interrupted or left incomplete,
incidents not easily identified with an automated way, leading to incomplete infor-
mation. In addition, labelling dialogues with highly domain and task specific an-
notations is a labor intensive and time consuming process, limiting the number of
available annotated conversational datasets and the topics that they address.

Topic diversity. Ezrpanding the vocabulary recognized and used by conversa-
tional agents is one of the main goals of many relevant algorithms. Such approach
may be beneficial for general purpose virtual agents that may encounter any discus-
sion topic, but serve only to confuse conversational agents created for specific tasks.
Encountering words used in different context and associated with diverse terminol-
ogy may create connections that will distract the agent from the expected discussion
topic.

Language diversity. FEqually important with creating a dataset that it is se-
mantically correct for the topic that it will be used, it is to have a dataset containing
information that corresponds to the task that wants to accomplish. A chatbot created
to respond to Twitter messages, should use every-day language and simple, witty
and funny expressions. A conversational agent designed to provide technical support
must give clear instructions, specific guidelines and use proper grammar and syntax
rules as mistakes can hinder the understanding of the information.



Spatial data exploration. As the number of the available IoT systems increases,
so do the opportunities for data integration and analysis. A representative example
showing that integration between different IoT systems could be beneficiary, is the
investigation of a possible gas leakage in a dense residential area.

Starting from a phone call of a citizen suspecting that there is a gas leakage in a
specific area, the operator can at once access the loT system of the gas company to
verify if there is a possible leakage and in which part of the network. In the ideal case
that all the IoT systems are interconnected, after confirming that there is a possible
leakage and identifying the specific building block where the incident takes place, the
operator would be able to access all the gas sensors available in the residences of the
building block, better locating the area where the leakage may be, triggering the fire
alarms of the buildings as needed to ensure the fastest evacuation of the buildings.

In addition, the operator can be given access to thermal and visual cameras, to
spot people in immediate danger, requiring assistance, to evaluate and guide the
firefighters and other first responders to the specific building/apartment, as needed
based on the overview of the situation. Furthermore, even in the case where there is
no indication of a leakage at the gas company’s distribution network, the operator
will be able to validate that using the IoT systems of the building of the area, it can
be identified if there is a leakage in a specific building or apartment or any other
reason for concern, and take the necessary measures.

Such level of integration requires access to many loT systems based on multi-
ple criteria related to the three-dimensional space. Proper spatial annotation of the
mformation and efficient spatial indexing are crucial for the realization of such sce-
nario.






Chapter 3

Related Work

3.1 Semantic Exploration

3.1.1 Semantic browsers

In order to support users with semantic data utilization and analysis, semantic
browsers are used [59, 7]. They provide functionalities for link navigation and rep-
resentation of semantic resources and their properties. These techniques aim to ad-
dress the needs for interactive visualization and data exploration and are efficient for
small and fully semantically annotated datasets. They fail to handle non-annotated
datasets or scale for larger ones as their processing capabilities are relying on the
user-provided hardware.

Semantic browsers are used to access fully semantically annotated datasets that
are created from homogeneous sources, such as encyclopedias and dictionaries. The
Tabulator [28] project is an attempt to demonstrate and utilize the power of linked
RDF data with a user-friendly Semantic Web browser that is able to recognize and
follow RDF links to other RDF resources based on the user’s exploration and anal-
ysis. It is a generic browser for linked data on the web without the expectation of
providing as intuitive an interface as a domain-specific application but aiming to
provide the sort of common user interface tools used in such applications, and to
allow domain-specific functionality to be loaded transparently from the web and be
instantly applicable to any new domain of information.

The Linked Data Visualization Model (LDVM) [41, 42] allows to dynamically
connect data with visualizations. In order to achieve such flexibility and a high de-
gree of automation, the LDVM is based on a visualization workflow incorporating
analytical extraction and visual abstraction steps. Fach of the visualization work-
flow steps comprises a number of transformation operators, which can be defined
m a declarative way. As a result, the LDVM balances between flexibility of visu-
alization options and efficiency of implementation or configuration. This has been
expanded [133] to support the visualization of data provided using the RDF Data
Cube Vocabulary.

RelFinder [129] is an approach that automatically reveals relationships between
two known objects and displays them as a graph. Since the graph that visualizes the
relationships can still become large, interactive features and filtering options were
added to the user interface that enable a reduction of displayed nodes and facilitate
understanding.
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Ezplorator [65] is an open-source exploratory search tool for RDF graphs, imple-
mented in a direct manipulation interface metaphor. It implements a custom model
of operations and also provides a Query-by-example interface. Additionally, it pro-
vides faceted navigation over any set obtained during the operations in the model
that are exposed in the interface. It can be used to explore both a SPARQL endpoint
as well as an RDF graph in the same way as “traditional” RDF browsers.

3.1.2 Query writers

Some system focus exclusively towards the support of novice users for the compilation
of SPARQL queries aiming to help them to fully explore the available information.
Such system, fail to provide the right functionalities for exploring, understanding and
visualizing the data. Novice users can find the complexity of the SPARQL language
overwhelming and disengaging. Tools have been developed that help the users form
queries while learning the query language.

Konduit VQB [10] provides a way for users to build SPARQL queries in an in-
tuitive way, with having no or little knowledge about the querying language. This
does not mean a complete abstraction from the underlying details, but provides an
interface that suits the needs of both movice and expert users. SPARQL Builder
[356] is an intelligent tool by which users with no knowledge of SPARQL can gen-
erate SPARQL queries and retrieve results satisfying their requirements. SPARQL
Builder collaborates with TogoTable, a web application enabling biological researchers
to upload their data in a table form and add annotations obtained from SPARQL
endpoints.

MashQL [217] is a query-by-diagram language that regards the Internet as a
database and generalizes the idea of mashups. People are allowed to build data
mashups diagrammatically. MashQL queries are translated into and executed as
SPARQL queries. The novelty of MashQL is that it allows querying a data source
without any prior understanding of the schema or the structure of this source.

SparqglFilterFlow [120] is an approach for visual SPARQL querying based on the
concept of extended filter and flow graphs. In contrast to popular approaches, the
queries can be created entirely with graphical elements.

SMART [20], Semantic web information Management with automated Reasoning
Tool, aims to provide intuitive tools for life scientists to represent, integrate, man-
age and query heterogeneous and distributed biological knowledge. Features include
semantic query composition and validation, a graphical representation of the query,
and the retrieval of pre-computed inferences from an RDF triple store.

3.1.3 Schema extraction

Other systems focus on the schema identification. Such techniques often fail due to
the lack of consistency of the underlying data, or extract unreliable schemas based
only on a small subset of the dataset. In addition, such systems do not offer any
functionalities for accessing the data. Recognising that significant effort has been
dedicated to the visualization of data from relational schemas, many tools try to
extract the SPARQL endpoint schema aiming to re-utilize the available techniques.

TBox visualization [327] aims to extract and visualize the information on the used
schema, also called TBox from SPARQL endpoints. Rather than relying on given



TBoz information, the tool infers what a TBox for the available ABox data could
reasonably look like based on several SPARQL queries. This information is incre-
mentally added to an interactive graph visualization based upon the Visual Notation
for OWL Ontologies. A node-link-based graph visualization is chosen, as it allows
users to grasp certain structural criteria at a single glance, such as the presence of
highly linked central classes or largely disjoint clusters of classes, before proceeding
to a deeper analysis.

ViziQuer [343] asks the user to provide an address of a SPARQL endpoint that is
of interest, then it extracts and visualizes graphically the data schema of the endpoint.
The user is able to overview the data schema and use it to construct a SPARQL query
according to the data schema. The tool extracts a simplified data schema by using
a predefined sequence of SPARQL queries at the SPARQL endpoint. This process
can take a while since schema retrieval depends on ontology size and speed of the
SPARQL endpoint while only typed data are supported.

Afterburner [80] implements an analytical RDBMS in pure JavaScript so that
it runs completely inside a browser with no external dependencies. It generates
compiled query plans that exploit two JavaScript features: typed arrays and asm.js.
Afterburner has the ability to support interactive data exploration via automatically-
generated materialized views.

3.1.4 Semantic Similarity

There are many techniques developed that aim to calculate the semantic similarity
between set of words, that take advantage of the topological similarity of the ontologies
or the pair similarity of words.

As already discussed, words are connected with linguistic relationships forming
a network of terms that can provide information regarding the semantic similar-
ity. These relationships are used by many systems that perform semantic analysis.
In many cases, such as in [243], the systems utilize the topology of the words to
demonstrate that semantic similarity between nearest neighbors can be used for the
classification of words.

Many systems, exploit the ‘is a’ semantic relationships to measure semantic sim-
ilarities, such as in [254], where the notion of information content is exploited to
improve the edge counting method and overcome the problem of varying link dis-
tances.

In other cases, additional information is used to augment the topological infor-
mation. As an example, in [196], an information-theoretic measure of semantic
similarity that exploits both the hierarchical and non-hierarchical structure of an on-
tology is presented. This measure addresses the general question of how text and link
analyses can be combined to derive measures of relevance that are in good agreement
with semantic similarity.

In addition to the topological similarity, many systems, such as [244], exploit a
sense-based probabilistic representation that enables detection of the similarity be-
tween the meanings of the words. This enables them to compare different types of
linguistic data and operate at multiple levels, from comparing word senses to com-
paring text documents.

Further focusing on the context of the information is the context-aware solution
for the semantic similarity measure in the ontology environment, presented in [74].



This solution contains an ontology conversion process and a hybrid semantic simi-
larity model, which involves assessing the concept similarity from the perspectives of
both the ontology structure and the context of ontology concepts and relations.

A different approach for measuring semantic similarity between words and con-
cepts is presented in [152]. This approach combines a lexical tazonomy structure
with corpus statistical information so that the semantic distance between nodes in
the semantic space constructed by the taxonomy can be quantified with the distri-
butional analysis of corpus data. This approach is further developed in [208] where
the semantic similarity of texts is measured using in addition to corpus-based and
knowledge-based measures of similarity.

Here, special focus is given to the adaptation of the metrics for short texts which
are nowadays widely available due to the social media interactions. A knowledge-
based method for measuring the semantic similarity of texts is presented in [57].
An algorithm that combines the word-to-word similarity metrics into a text-to-text
semantic similarity metric is presented, showing that this method outperforms the
simpler lexical matching similarity approach.

Regarding the calculation of the semantic relatedness between sets of words, there
is limited research. As already discussed, this is due to the fact that in many cases
the term semantic relatedness is used interchangeable with the semantic similarity
and not taken into consideration. Explicit Semantic Analysis [104], is one of these
research studies, that proposes a novel method that represents the meaning of texts
in a high-dimensional space of concepts derived from Wikipedia. Machine learning
techniques are used to explicitly represent the meaning of any text as a weighted
vector of Wikipedia-based concepts. Assessing the relatedness of texts in this space
amounts to comparing the corresponding vectors using conventional metrics.

A different measure of semantic relatedness is proposed in [22], which ezamines
two concepts and extracts a measurement based on the number of shared words in
their definitions. This measure extends the definitions of the concepts under consid-
eration to include the definitions of other concepts to which they are related.

Another approach [334], uses Wikipedia to provide structured world knowledge
about the terms of interest. Aiming to improve similar solutions, this approach
does not examine category hierarchy or textual content, but focuses instead on the
hyperlink structure of Wikipedia.

Finally, a novel method for measuring semantic relatedness using semantic pro-
files constructed from salient encyclopedic features is presented [125]. The model is
built on the notion that the meaning of a word can be characterized by the salient con-
cepts found in its immediate context. SHCNN [153] aims to leverage representation
learning for conversation disentanglement. A Siamese hierarchical convolutional
neural network, which integrates local and more global representations of a mes-
sage, is first presented to estimate the conversation-level similarity between closely
posted messages. With the estimated similarity scores, the algorithm then derives
conversations based on high confidence message pairs and pairwise redundancy.

DeepQA [94] is created by IBM and is widely known by its implementation, Wat-
son a system that is performing at human expert-levels in terms of precision, confi-
dence and speed at the Jeopardy! Quiz show. It is based on a deep analysis of the
natural language over a complex network of knowledge database and it handles the
problem as a massively parallel hypothesis generation and evaluation task.



3.1.5 Summarization

The systems that use summarization methods [48] can be divided in three basic cat-
egories: pattern mining, statistical and structural. Pattern mining methods employ
aggregations and graph structures to identify trends in the datasets. Due to the
strictness of these trends, such methods are ideal for schema identification. Sta-
tistical methods provide quantitative results over the data based on targeted queries
and available semantic information. Such methods are used for the selection of the
proper dataset for the user needs.

The structural methods create the summaries based on the graph structure and
can be further divided in quotient, which aim to identify equivalent nodes based on an
equivalence relation over them, and non-quotient that use other structural measures,
such as centrality, to create the summaries. Quotient summaries target indexing
and querying, while non-quotient summaries are better suited for visualization and
data understanding [48]. Thus, we focus further on them.

The Grouping Nodes on Attributes and Pairwise Relationships (SNAP) [302]
method is the most well known among them. It focuses on the construction of a
graph visualization that uses super-nodes, nodes that contain multiple nodes of the
input graph, to create summarizations based on user input and structural information
such as edge values and node connections. The main drawback of this solution is the
requirement for the user to select the summarization properties in order to produce
the visualized graph. Such a limitation is hindering for inexperienced users or users
that want to explore datasets they are unfamiliar with.

3.1.6 Community Detection

An alternative to summarization, and a promising solution for intuitive exploration
of RDF datasets, is community detection. As discussed in [123], community detec-
tion has a key role in the analysis of complex networks and the inference of useful
insights regarding graph topology. However, although traditional community detec-
tion methods are very useful when applied to small networks, they cannot scale for
networks of modern size as they rely on heavy computations and require a significant
size of main memory. Therefore, they can process networks of up to only a few
thousand nodes and edges. Hence, in order to apply community detection to RDF
datasets, we need new scalable and efficient algorithms that use persistent memory
and data management models to process larger graphs.

Although community detection lacks a formal definition, it is a well studied con-
cept in the complex network analysis field. Groups of actors (i.e., people in online
social networks, smart object, etc.) that interact together tend to form communities,
which are groups of actors that interact more closely among them than with the rest
of the actors. Community detection (or classification) is an unsupervised learning
technique and several algorithms have been proposed in order to find the best set of
communities according to several criteria [123]. Hierarchical community detection
1S a popular class of algorithms.

These algorithms begin by considering a single community consisting of all the
nodes and proceed to split the graph into smaller groups until a condition is satisfied
[100]. Among these algorithms, Girvan-Newman [112] is one of the most well-known
ones. This algorithm, computes the edge betweeness centrality metric [40] for each
edge of the corresponding graph and remove the edge with the highest score. This



process is repeated until the graph is split into the required number of communities.
Although this algorithm manages to detect communities resulting in high modular-
ity [225] scores, the computation of the edge betweenness centrality score for every
edge is rather costly and deems the approach unpractical for modern large graphs
corresponding to complex networks of big data scale size in terms of nodes and edges
among them.

In order to deal with this issue several approaches have been proposed, including
both centralized and decentralized ones, many of which employ techniques like Map-
Reduce in order to cope with the with the large-scale data [127, 169).

3.2 Data Visualization

3.2.1 Graph-based visualization systems

A large number of systems visualize linked datasets adopting a graph-based approach
[202]. In order to cope with large datasets some approaches [19, 13, 294] use sam-
pling and aggregation techniques to visualize what they interpreter as important in-
formation while others [89, 339] visualize a limited number of elements based on the
user exploration. Such systems are often available as over the web and provide many
filtering functions that can be customized.

They present, however, a limited part of the information to the user hindering
the overall understanding of the available information and causing some information
loss. Additionally, their summarization techniques often restrict the exploration of
the data.

For some datasets the relationships between the entities as well as the hierarchy
and overall data structure are very important. Such examples are biological data
and social media interaction datasets as their analysis is based on understanding the
connections between entities.

SynopsViz [31] is a web-based visualization tool that takes into consideration the
available hierarchies thus allowing efficient personalized multilevel exploration over
classes and properties. In order to provide scalability under different exploration
scenarios, the model offers a method that incrementally constructs the hierarchy
based on user’s interaction, as well as a method that enables dynamic and efficient
adaptation of the hierarchy to the user’s preferences.

LODWheel [291] investigates new ways of visualizing linked data in graphs and
charts so as to be informative to users with little or no knowledge within the domain,
as well as to more experienced users.

Lodlive [45] are exploratory tools that allow users to browse linked data using
interactive graph navigation. Starting from a given URI, the user can explore linked
data by following the links.

ZoomRDF [339] employs a space-optimized visualization algorithm in order to
display additional resources with respect to the user navigation choices.

FlexViz [89] offers node and edge specific filters that are based on search and
navigation criteria aiming to reduce the amount of handled data and provide to a
meaningful subset to the user.

KC-Viz [215] exploits an innovative ontology summarization method, where it be-
comes possible to navigate ontologies starting from the most information-rich nodes.



LaGO [341] allows straight-line graph drawings to be rendered interactively with
adjustable level of detail by combining edge cumulation with density-based node ag-
gregation and exploiting common graphics hardware for speed.

3.2.2 Hierarchical visualization systems

Another approach is the visualization of the information based on hierarchical mod-
els. The most well-known and popular techniques, such as the ones presented in [3,
18, 17, 156/, present the input dataset either filtered or aggregated, in order to limit
the volume of nodes to be handled.

Although the hierarchical approaches provide interactive visualizations with low
memory requirements, they have two main drawbacks. Their applicability is heavily
based on the particular characteristics of the input dataset as they can be applied
only on acyclic datasets that conform to a hierarchical data model. Moreover, most
of the hierarchical approaches result in loss of information either because they use
aggregation techniques to limit the input dataset size or because they allow navigation
only along the hierarchy making information inaccessible from nodes at the same
hierarchy level.

While the navigation of highly aggregated data might help initially the user to
better understand the structure of the information, at a deeper exploration of the
dataset the loss of information might be proven hindering to the usefulness of the
visualization. In many cases, such as the analysis of financial datasets, users are
more interested in seeing an overview of the information based on semantic cate-
gorization and hierarchy. As an example, a financial advisor may be interested to
know that stock market prices from telecommunication companies are higher than
for banks.

ASK- GraphView [3] is one of the few hierarchical systems that does not require
the input dataset to have any specific feature. The clustering, though, is done ran-
domly using a partitioning algorithm that is based exclusively on the morphology of
the graph and not on the semantics. This raises the question of the grouping quality
and how easy it is for a user to locate specific information. This tool can handle
graphs with 16M triplets but only 4K of them are presented to the user after the
clustering.

GrouseFlocks [13] works only on datasets structured over well-defined hierarchies.
It requires complete data and can handle up to 220K elements when the hierarchy is
predefined.

Tulip [17] develops a technique to solve the problem of presenting to the users the
data in only one predetermined way, regardless of the features of the input dataset.
This tool stores the input data once and extracts the information with different tech-
niques providing the user with multiple views/clusters over the data.

GMine [156] uses the state-of-the-art partitioning algorithm METIS [161] to split
the input dataset in reasonable partitions. Each partition is visualized as one node,
resulting in the loss of the information included in each partition.

3.2.3 SPARQL endpoint visualization tools

Given that most RDF' datasets are available through dedicated SPARQL endpoints,
some systems, such as [114, 35] aim to take advantage of the querying capabilities



of the endpoint, limit the volume of the data that they handle and present to the
user targeted visualizations for the results. Such systems, can scale for any dataset,
be accessible over the web and provide data exploration and querying support. Their
main drawback is that users with limited knowledge about the underlying schema may
be unable to retrieve information they are interested in.

Large datasets may contain information about different topics. Exploring and
understanding the complete information is not always meaningful. As an exam-
ple, most users interested in exploring Wikidata, are looking for answers to specific
queries. To cover this need, tools have been developed that visualize SPARQL query
results.

Visualbox [114] is a system that makes it easier for non-programmers to create
web visualizations based on Linked Data. Visualbox provides a unified environment
that supports the whole process of creating a visualization based on a SPARQL query.
It runs a query on the server and provides a useful caching mechanism that allow
users to visualize the data even if an endpoint is down or unresponsive.

The Linked Data Query Wizard [139] is a web-based tool for displaying, accessing,
filtering, exploring, and navigating Linked Data stored in SPARQL endpoints. The
main mnovation of the interface is that it turns the graph structure of Linked Data
into a tabular interface and provides easy-to-use interaction possibilities by using
metaphors and techniques from current search engines and spreadsheet applications
that reqular web users are already familiar with.

SPARQL-visualizer [35] aims to facilitate the design process of a shared ontol-
ogy, where domain experts, software developers and ontology engineers collaborate.
As they typically have a different view on the ontology and understanding of the
technology, it can be difficult to communicate proposals within the group. Sample
data, queries and results of them are wvisualized in table or graph form to support
their collaboration.

3.2.4 Facet browsers

Some systems extract the semantic information from datasets aiming to support their
exploration with the use of facets. Facets are a subset of filtering, that help the users
quickly identify their filtering options without navigating the complete information.
Such filtering is very useful when the user wants to search for something very specific
but fail for general criteria or soft categorizations.

In many cases, users are interested in combining the available information based
on its semantic annotations or other filtering approaches. An indicative example
users may be interested in temperature readings, but they want to specific or convert
the retrieved information to a specific metric system avoiding any confusion between
Celsius and Fahrenheit degrees.

gFacet [131] is a browsing approach that supports the exploration of the Web
of data by combining graph-based visualization with faceted filtering functionalities.
The graph-based visualization facilitates a comprehensible integration of different
domains; the use of facets supports a controlled filtering of information. With gFacet,
users are enabled to browse the Web of data efficiently and to retrieve information
from different user-defined perspectives.

Facet Graphs [128] allows humans to access information contained in the Se-
mantic Web according to its semantics and leverage the specific characteristic of this



Web. To avoid the ambiguity of natural language queries, users only select already
defined attributes organized in facets to build their search queries. The facets are
represented as nodes in a graph visualization and can be interactively added and re-
moved by the users in order to produce individual search interfaces. This provides
the possibility to generate interfaces in arbitrary complexities and access arbitrary
domains.

3.3 Spatial Data Management

3.3.1 Spatial Indexing

R-tree. The R-tree spatial index was first proposed by Antonin Guttman in 1984[117].
It is a height-balanced tree where the data objects are indexed with pointers from the
leaf nodes, designed so that spatial searches require visiting only a small number of
nodes and leaves. The index is very similar to the B-tree index [53, 21], meaning
that it 1s a dynamic data structure where insertions and deletions can be handled
along with searches without requiring any periodic reorganization.

The key concept for the R-tree is that objects that are in close spatial proximity
can be grouped together and represented with their minimum bounding rectangle in
the next higher level of the tree. A wvery important parameter for the efficiency of
the R-tree index is the quality of the minimum bounding rectangles, measured by
examining if they are covering empty space or they are overlapping.

As a result, there is no guarantee regarding the worst-case performance during
a search transverse. The search algorithm begins from the root as with the B-tree
but 1n some cases more than one sub-tree under a node must be visited based on the
search criteria and the data indexed.

There are two important disadvantages concerning the R-tree indexes. To begin
with, when the search query is for a location point, it is highly likely that this point
will be included 1n multiple minimum bounding rectangles, leading to the investiga-
tion of several paths, and minimum bounding rectangles, from the root to the leaf
level. This issue become more prominent when there is significant overlap between
the rectangles. The second disadvantage is the fact that only a few large rectan-
gles are enough to significantly increase the degree of overlap, causing performance
degradation during range query execution, due to empty space. Based on the indexed
data, objects that are significantly larger than average size of the dataset may easily
case such issues.

Formally defined, the performance of a R-tree index is dependent on the minimal
coverage and overlap. The term coverage refers to the area that all the nodes of the
tree cover, while overlap s the area that belong to more than one tree node. Minimal
coverage refers to the effort to reduce the not-used space, the empty space that it is
included in the nodes of the tree but not in any of the indexed spatial data objects.
Minimal overlap is the effort to minimize the overlap between modes of the same
tree level, reducing the number of possible sub-trees matching a query and the search
paths to the leaves. In order to achieve the highest efficiency for the search requires
both minimal coverage and minimal overlap are needed.

Despite these challenges, and based on the fact that it has been proved that R-
trees scale efficiently for real-world data [144], they have found a plethora of uses
in many domains. As an example, R-trees are used to improve the nearest neighbor



search algorithms for many distance metrics, a feature used by many IoT sensors
when they want to connect with their nearest sensors in order to become aware of
the current status of their environment. Another noticeable use of the R-trees is
to store sensor locations as spatial objects ranging from points to complex polygons,
depending on the sensor types and the measured parameters, annotated into multiple
data categories based on their characteristics allowing the visualization of the IoT
systems in the two-dimensional space. R-trees are also very popular for navigation
systems as they can answer efficiently spatial queries that are of interest to most
users, such as the nearest pharmacy or all the super markets within a given radius.

R-tree variations. Given the popularity of the R-tree indexes, their performance
in real-world data and their efficiency there were many research efforts focusing in
ways to improve their performance, arming mostly to resolve the two main disadvan-
tages discussed above. Some of the proposed solutions managed to offer a worst-case
performance limit and improve the efficiency of the index for point location queries.
They were however significantly more complex and difficult to use in everyday appli-
cation so they never gained in popularity. The most well-known of these variations
are the following:

R* tree. R' tree index is trying to resolve the minimal overlap issue of the R-tree
index, the overlapping between minimum bounding rectangles in the internal nodes
of the tree, by allowing an object to be included in more than one leaf of the tree
as needed and by not allowing overlaps between nodes of the same tree level [272].
This decision has as a result to reduce the overlap area of the nodes, reducing the
number of sub-trees accessed for each query, increasing the efficiency of the index
and minimizing the response time.

The main differences between the R-tree and the RT tree can be summarized as
the lack of overlaps in internal nodes of the same tree level, the indexing of a data
object more than one in the leaves and the fact that nodes are no longer required to
be half filled. This differentiation, increases the point location query performance,
as the spatial region of interest is included at most in one node of each tree level.

R tree indexes have two main drawbacks. On the one hand, the fact that some
data objects are indexed more than once means that the R™ tree is significantly larger
than the R-tree constructed over the same data. This may turn into an important
bottleneck as the volume of data increases. On the other hand, there is a higher cost
to construct and maintain a R* tree index, making it unsuitable for some application.
For example, navigation applications that run on mobile devices that have limited
computational power may have performance issues with the use of a Rt tree indexz.

RT tree indexes are mainly used for IoT systems that include complex geome-
tries with important differentiations in size and shapes. A characteristic example is
industrial production networks that include objects ranging from point sensors, such
as thermometers, to area sensors, such as thermal cameras that should be combined
and integrated.

R* tree. R* tree index aims to achieve both the minimal coverage and the minimal
overlap by implementing a revised node split algorithm and introducing the concept
of forced reinsertion at node overflow[24]. This approach is based on the fact that
the quality of a R-tree index is highly depended not only on the spatial objects that



are indexed but also on the order in which these objects are inserted to the index.
Rather than creating an index using a bulk-load technique, the R* tree index performs
a series of deletions and re-insertions of data objects aiming to relocate indexed
object to more appropriate sub-trees and leaves, thus increasing the performance of
the index.

The node re-insertion has been designed as an optimization process that it is trig-
gered on node overflow. In detail, each time a node overflows rather than causing a
node split, some of the data objects indexed by this node are deleted and re-introduced
to the index. In order to avoid an infinite deletions and re-introductions loop, in case
that there is mo improved indexing, the optimization is run only once per tree level
upon the insertion of a new data object.

The R* tree index provides an optimized R-tree without affecting the worst-case
query and deletion complexity while at the same time increasing the insertion com-
plexity. This is the reason why the R* tree indexes are not commonly used in real-
world applications.

Hilbert R-tree. Hilbert R-tree [159] is yet another variation of the R-tree, this
time incorporating elements of the B tree index [53] in the original R-tree index,
aiming to index multidimensional spatial data objects.

Given that the quality of the R-tree is dependant on the minimum bounding rect-
angles created at the tree nodes, the Hilbert R-tree index uses the space-filling Hilbert
curve [1385] to impose a linear ordering on the spatial rectangles.

Hilbert R-trees have two versions, one for static data when updates, insertions
and deletions are minimal or not happening at all and one dynamic, that allows
real-time data modification. In both versions Hilbert space-filling curves are used
atming to offer an improved ordering of the spatial data objects in the tree node.
The ordering aims create tree mnodes that contain such spatial objects that adhere
both the minimal coverage and the minimal overlap needs.

The dynamic version of the Hilbert R-tree index introduces a flexible deferred
splitting mechanism aiming to increase space utilization. The key idea s based on
the sibling nodes that are defined for each node of the tree. The identification of the
sibling nodes is based on an ordering of all the nodes of the R-tree. In detail, each
rectangle is represented by the Hilbert value of its center, the length of the Hilbert
curve from the center of the root node to the center point of the rectangle, which is
then used to order all the rectangles.

Based on this ordering, every node has a strictly defined set of sibling nodes that
are used for deferred splitting. This allows the Hilbert R-tree index to reach any
degree of space utilization, in complete contrast with the traditional R-tree indezes
that have no such control.

The static version of the Hilbert R-tree is the most commonly used at IoT ap-
plications where the spatial data are complex polygons, as is the case with camera
coverage maps, two-dimensional representations of the areas covered by a monitoring
camera system.

X-tree. The eXtended node tree, X-tree, index [27] is designed to improve the
performance of the R-tree regarding the query processing for high-dimensional spatial
data. It supports datasets that contain both point and extended spatial data. The X-
tree was designed based on the observation that for low-dimensional spatial data the



most efficient organization of the index is a hierarchical approach such as a balanced
R-tree while for high dimensional spatial data a linear organization of the index is
more efficient, given that due to the expected high overlap, most of the index will be
searched for each search query.

The X-tree index aims to offer minimal overlap by balancing the linear with the
hierarchical organization of the index. In detail, the X-tree index employs a two
step process for managing overflown nodes dynamically that ensures that the data
objects which produce high overlap are organized linearly while those that do not
have too much overlap are organised hierarchically. Initially the index employs a
split function that divides the overflown node if and only if a split devoted from
overlap 1s possible without allowing the tree to degenerate.

In detail, in many cases due to the restriction of the lack of any overlap, the
split may be unbalanced with one of the nodes to be almost full while the other almost
empty. In such cases, that decrease the storage utilization the node is not split. In the
cases that a split is not possible or efficient, then the X-tree index allows the nodes
to include more objects than their initial size, creating what is called super-nodes.
Super-nodes are defined as extended directory nodes of variable size.

As a result, based on a balance between not allowing any overlap when splitting
overflown nodes and the use of super-nodes with an increased capacity, the X-tree
index automatically offers a hybrid organisation of the index that it is as hierar-
chically as possible without compromising the efficiency of the index. As the IoT
increases in popularity and more datasets become available, the need for an efficient
indexing of high-dimensional data has become increasingly prominent. The X-tree
vector is used in excess in many applications, including map datasets, 3D object de-
signs, string matching and document search, where high-dimensional feature vectors
are used with significant query needs.

Quadtree. A quadtree [96] is a tree data structure in which each internal node has
exactly four children. Quadtrees are focusing on the two-dimensional space, while
octrees, which we will discuss in Section 3.3.1 are focusing of the three-dimensional
space. The idea behind the quadtree index is to recursively divide a two-dimensional
space into four quadrants or parts.

There are no specific requirements regarding the properties of the quadrants,
which can be any two-dimensional spatial object including random polygons, square
or rectangular, as long as they lead to an indexing of the spatial data in a way that
spatial objects included in a leaf node are spatially related based on the query needs
of the dataset.

In detail, it is very straightforward to create a quadtree spatial index. The index
starts with the root node that is covering the complete area within all the data objects
to be indexed belong. Below the root there is the first level of internal nodes, that
must have exactly four children, one for each quadrant obtained by dividing the area
covered in half along both axes. The tree may have multiple levels of internal nodes
all following this rule. Finally, there are the leaf nodes that contain one or more
indexed spatial objects.

The insertion of data into a quadtree follows a process similar with the R-tree
hierarchical data structure. The data object is examined against the root and follows
the path through the intermediate nodes till the correct leaf node. The spatial object
is added to the node if there is enough space or triggers a split process.



There are two key parameters that affect the performance of the quadtree index,
the dimensions of the quadrants and the size of the leaf node. The two parameters
are dependent on the use case, the size of the dataset and the update rate of the
information while they affect in addition to the performance of the index when re-
trieving information, the size of the index and the memory usage, the complexity of
the implementation and the overhead for inserts, updates and deletions.

Octree. As implied by its name, an octree [203] is a tree data structure where each
internal node has exactly eight children. Similarly with the quadtree index that we
discussed above, the octrees are used to index spatial objects at a three-dimensional
space by recursively subdividing the area of interest into eight octants or parts.

The process of creating a octree spatial index is more complex than the one for
the quadtree as here the space is not split based on the axes. In the octree each
intermediate node stores an explicit three-dimensional point, defining the point region
of the node, that represents the center of the area indexed by the node, and its sub-
tree. It is designed so that the root of the tree represents the infinite space.

It is worth noting that the octree index differentiates from both the quadtree, that
we discussed in Section 3.3.1, and the kd-tree, that we will discuss in Section 3.3.1, as
the octree indexes split the overflown nodes based on points of the three-dimensional
space rather than the dimensions.

Binary space partitioning (BSP) Tree. Binary space partitioning (BSP) [270,
101] is referring to the process of dividing a space into two parts with the help of a
hyperplane, a subspace with one dimension less than that of initial space that it is
indezed. This method of space partitioning is used to create a tree hierarchical data
structure, where each intermediate node of the tree represents the hyperplane that
divides the space into two convex sets allowing the indexing of spatial data objects.

Binary space partitioning has been mainly used for 3D computer graphics and
especially when there is a first-person player perspective, the gamer is playing the
game from the main character’s viewpoint. In such gaming scenarios, there is a need
to efficiently create three-dimensional scenes that include many spatial objects and
game elements in a varying degree of distance from the player.

The most popular technique for these scenes is the painter’s algorithm [222],
which produces polygons in order of distance from the viewer, back to front, painting
over the background and previous polygons with each closer object. Using this method
has to important issues, in most cases it is very inefficient and time consuming to
order the polygons based on their distance from a given point and there may be issues
with the overlapping objects.

BSP indexing supports both the efficient retrieval of only the spatial objects, game
elements, that are within the frame of the gamer and also their ordering, with linear
cost to the number of polygons in the scene, with regards to the distance of the
objects to the gamer’s position in the scene. In addition, overlapping polygons are
subdivided to eliminate possible errors allowing the developers to efficiently use the
painter’s algorithm to create the scenes. The main drawback of this index is that
its contraction 1s very time-consuming, as a result using the index requires some
pre-processing steps, a large portion of the indexed items should be static and the
number of moving elements indexed should be minimal.



Binary space partitioning is a generalization of the k-dimensional trees, that we
discuss in Section 3.3.1, and the quadtrees, that we discuss in Section 3.3.1. There
main differences can be summarized in that they do not enforce any restriction to
the number of children for the intermediate nodes and that there are not restriction
regarding the hyperplanes, the dimension used or their orientation. In many cases,
the hyperplane used by an intermediate node may even be the same as on of the
spatial data objects that are indezed.

k-dimensional tree. The k-dimensional tree index [25, 26, 213] is a differentia-
tion of the binary space partitioning trees, which we discussed in 3.3.1, focusing on
organising and indexing point locations in the k-dimensional space. The k-d index
has a very targeted application space, specifically in range and k-nearest neighbor
searches when the search parameters are k-dimensional spatial objects.

The k-d tree is based on the creation of hyperplanes, a subspace whose dimension
18 one less than that of its ambient space, in order to achieve space partitions. Each
of the intermediate nodes of the tree create a hyperplane that divides the space into
two parts, known as half-spaces. Similarly to other tree data structures, the spatial
location points that are indexed and belong to the left of this hyperplane are located
i the left sub-tree of that intermediate node while location points that belong to the
right of the hyperplane are indexed under the right sub-tree.

In the k-dimensional space a hyperplane that splits the space in two parts can
be created in any of the k-dimensions with a hyperplane that it is perpendicular to
that dimension’s axis. During the creation of a k-dimensional tree, the intermediate
nodes are not using the same dimension for splitting the multidimensional space but
each one is associated with one of the k-dimensions.

Grid spatial index. The grid spatial index creates over the two-dimensional space
a grid similar to the reference grid that can be found on a common road map. The
grid is used to index the spatial data objects into the right grid positions. Depending
on the size of the area to be indexed, the number of spatial objects indexed by each
node and the available memory the index may have more than one grid level, resulting
i a hierarchical data structure, where the area covered by each grid cell becomes
smaller towards the grid level that stores the indexed objects.

The major difference of this index with regard to all the others that we have
discussed so far is that the grid spatial index is a data independent method, where
the number of grid cells as well as the size of the area they cover, the levels of
the index and the overall area cover by the grid are pre-defined and do not change
dynamically based on the data that are to be indexed.

This difference leads also to the most critical advantage of the grid spatial index,
as the structure of the index is created independently of the data, the way that the
data introduction is performed does not affect the efficiency of the index, an issue
that we discussed in relation with the R-tree and that the R* tree tries to eliminate
with forced data object re-introduction. It also allows the parallelization of tasks,
with multiple instances of the index with the same structure receiwing data at the
same time, as their merge is very easy and straightforward.

For these reasons the grid spatial index is very popular in IoT systems that are
distributed over spatial zones, such as storage facilities and distribution centers as
it is very efficient for accessing all the collected information for the area of interest.



Geohash. Based on the work presented by G. M. Morton [214], Geohash [108] is
a public domain geocode system which encodes any geographic location, by encoding
each pair of latitude-longitude into a short string of letters and digits. The main
idea behind Geohash is to mimic the space-filling curves by creating a grid network
over the space that it is to be index and a node for each place of the grid. The
nodes are filled with spatial objects that belong in that part of the space. The index
forms a hierarchical spatial data structure with each part of the encoded string better
specifying the place on the grid of the spatial data object.

Geohash index have some interesting properties that include arbitrary precision,
the ability to remove characters from the end of the encoded string to reduce the
size of the index with the trade off of losing the precision. Geohash indexing also
guarantees that the length of the shared prefix between two encoded strings is an
indicator of their spatial proximity.

On the other hand, two completely different string do not guarantee that the
spatial objects are spatially distant. Two location points can be in adjacent grid
buckets and still have no shared prefives between their encoded strings. Geohash
indexes are used mainly in loT systems that are distributed over large geographical
areas, an indicative example are systems that are deployed in natural ecosystems to
record environmental parameters.

HHCode. An early version of the HHCode index was initially designed and devel-
oped by scientists working for the Canadian Hydrographic Service’s Atlantic regional
offices at the Bedford Institute of Oceanography in Dartmouth, Nova Scotia [318] as
a solution to the problem of storing the huge spatial datasets collected while con-
ducting hydrographic surveys. These surveys had a very strong temporal element
i addition to the spatial one that triggered the idea of a spatio-temporal indexing
system based on the Riemannian hypercube data structure, a helical spiral through
the three-dimensional space that allows n-size feature vectors.

In practice, the HHCode index [164] uses binary helical hyperspatial code to rep-
resent multi-dimensional spatial data. In the binary HHcode data structure the data
objects are represented using the BH code over a N-tree structure derived using re-
cursive decomposition. The data structure has been designed to maintains the di-
mensional organization of multi-dimensional data. The index defines an upper limit
of data objects that can be index by each index node. If a node exceeds this limit
then it is partitioned into two children nodes while the parent node is not retained.
A dedicated data structure stores the information about partitioned node and related
BH code values.

3.3.2 Spatial Data Management Systems

Relational Databases. A relational database is a digital database based on the
relational model of data, as proposed by E. F. Codd in 1970 [52]. The relational
database systems are using the Structured Query Language (SQL) [37] for querying
and maintaining the database.

Initially, a relational databases was defined as a database system that was com-
plying with Codd’s 12 rules [184] but these rules were proven too complicated for
commercial implementations [61], so practically a database management system is
relational when the data are presented as relations and can be processed using re-



lational operators. Most relational database systems were not initially supporting
spatial data, but they were updated to do so as the needs arose. Indicative examples
of such implementations are presented here.

MySQL [330] is a relational database management system written in C and C++
provided as a free and open-source software under the terms of the GNU General
Public License. MySQL has based the design of the spatial support on the Open
Geospatial Consortium [231] standard proposal, the OpenGIS Implementation Stan-
dard for Geographic information - Simple feature access - Part 2: SQL option[134],
that proposes several conceptual ways for extending an SQL RDBMS to support spa-
tial data [277]. MySQL offers support for point, lines and polygons spatial data types
as well as for the more generic geometry spatial data type.

MySQL can create spatial indezes [218] using syntazx similar to that for creat-
ing reqular indexes, with the addition of the SPATIAL keyword for differentiation.
An important requirement is that columns containing spatial objects that are to be
indexed must be declared not null. In MySQL the created spatial index is either an
R-tree index, or B-tree index but only for storage engines that support non-spatial
indexing of spatial columns.

PostgreSQL [290] is a free and open-source relational database management sys-
tem that was designed to emphasize extensibility and SQL compliance. The system
was extended in order to provide spatial support, creating the PostGIS [230] spatial
database extender. PostGIS does not use the R-tree to index the spatial data objects
[247] but the Generalized Search Tree (GiST) index [132]. The GiST index is not
dedicated to the indexing of spatial information, but an extensible, disk-based index
structure for large data sets, that offers a general-purpose implementation with a
simple design.

H2GIS [119] is the spatial extension of the H2 database engine [118]. The H2 is
a relational database management system written in Java designed to be embedded
in Java applications or run in client-server mode. H2GIS offers support for point,
lines and polygons spatial data types and implements the functions specified by the
OpenGIS Simple Features Implementation Specification for SQL. The current release
of the implementation does not offer full support of the spatial indexing and no details
about the indexes used are provided [146].

IBM Informixz [285] is a fast and scalable database server that manages tra-
ditional relational, object-relational, and web-based databases. Informiz supports
alphanumeric and rich data, such as graphics, multimedia, geospatial, HTML, and
user-defined types. The server provided spatial support for relational tables, allowing
columns with spatial data types and offering R-tree indexing for the spatial informa-
tion.

There are two interesting facts about the behavior of the R-index at IBM Informix
server [286], the first one being that a database cannot be renamed if it contains an
R-tree index, because R-tree indexes are implemented with secondary access method.
The second has to do with the query optimizer that will not use the R-tree index
unless the statistics on the table are up-to-date.

Last but not least, Microsoft SQL Server [27}] is a relational database manage-
ment system developed by Microsoft. It supports the most spatial data types [275]
from any other implementation discussed so far, including spatial shapes such as
circular string, compound curve and curved polygon.

The Microsoft SQL Server does not implement any of the spatial indexes that we



discussed above. Here, the spatial indexes are built using B-trees, facing the challenge
of representing the 2-dimensional spatial data in the linear order of B-trees. In order
to overcome this issue, the index is contracted before any data are inserted into the
data structure. The index is implemented over a hierarchical uniform decomposition
of space. Specifically, the space is decomposed into a four-level grid hierarchy, where
each successive level further decomposes the level above it [276].

Key-value Databases. A key-value database is a non-relational database that
uses a simple key-value method to store data. The system handles the data as a
collection of key-value pairs where the key serves as a unique identifier. Most im-
plementations do not impose any restrictions to the data types of the keys or the
values, which can be anything from simple variable to compound objects. The main
advantage to the key-value databases is the fact that they are easily distributed and
allow horizontal scaling at scales that other types of databases cannot achieve.

Remote Dictionary Server (Redis) [47, 265] is an in-memory data structure
project implementing a distributed, key—value database. Redis is an in-memory but
persistent on disk database, so it offers a balance between very high write and read
speed and the limitation that the data sets should fit in the available memory. Redis
is different from other key-value solutions as here values can contain more complex
data types, with atomic operations defined on those data types.

In addition, Redis data types are closely related to fundamental data structures
and are exposed without additional abstraction layers. Redis has several functions
related to spatial data objects. The platform encodes the latitude and longitude into
the score of a sorted set using the Geohash algorithm.

GeoMesa [110], while technically not an autonomous database management sys-
tem, is included here as it is an open source suite of tools that enables large-scale
geospatial querying and analytics on distributed computing systems [142]. Specifi-
cally, GeoMesa provides spatio-temporal indexing on top of the Accumulo, HBase,
Google Bigtable and Cassandra databases for massive storage of point, line, and
polygon data.

GeoMesa provides a series of spatial indices in order to satisfy various search
predicates [146]. There are indezes for two and three dimensional spaces, for time
and space simultaneous indexing, for space and additional variables indexing.

In detail, GeoMesa offers a two-dimensional Z-order curve to index latitude and
longitude for point data. This index is created for the spatial data type Point. This
1s used to efficiently answer queries with a spatial component but no temporal com-
ponent.

GeoMesa also offers a three-dimensional Z-order curve to index latitude, longi-
tude, and time for point data. This index is create when both a spatial data type
Point and a time attribute are available. In addition, it offers a two-dimensional im-
plementation of XZ-ordering [39] to index latitude and longitude for non-point data
and a three-dimensional implementation of XZ-ordering to index latitude, longitude,
and time for non-point data.

Graph Databases. The term graph database [12] is used for systems that relay on
graph structures for semantic queries with nodes, edges, and properties to represent
and store data. They were designed to address the limitations of existing solutions
regarding the relationships between data objects. Both the relational model and most



of the NoSQL database models connect the data by implicit connections relationships
are implied and must be realized at run-time, such as the external key. The graph
model explicitly lays out the dependencies between nodes of data, managing the re-
lationships between data objects as equally tmportant entities that can be labelled,
directed, and given properties.

Neo4j [326, 209] is a graph database management system developed by Neo4y,
Inc [220]. Neo4j is the most used and most popular graph database and one of
the few of its king that can ensure an ACID-compliant transactional database while
maintaining native graph storage and processing. For spatial indexing [221], Neo4j
uses space filling curves over an underlying generalized B+ Tree. Points are stored in
up to four different trees, one for each of the four coordinate reference systems. This
allows for both equality and range queries using exactly the same syntax of Cypher
queries and behaviour as for other property types.

Oracle Spatial and Graph [287] is high performance, enterprise-scale, commer-
cial spatial and graph database. It supports multiple application related to big data
management, spatial information management, information retrieval and data ana-
lytics. It offers a general-purpose property graph database and analytic features that
are used for the analysis of social networks, the management of Internet of Things
systems, smart algorithms for fraud detection as well as decision support and rec-
ommendation systems. The system allows either bulk or transactional loading of the
spatial information but forces the creation of a R-tree index for the spatial elements
to ensure the efficient access to the information.

Document-based Databases. Document-based databases are designed for stor-
g, retrieving and managing semi-structured data that cannot be stored in a strict
relational environment, also thought as document-oriented information, documents
that contain data in some standard format or encoding. Such databases offer not
only the expected key-to-document lookup functionalities but also query capabilities,
through dedicated APIs or query languages, that allow the retrieval of documents
based on their content, for example the presence of a property or specific value for a
field.

Apache CouchDB [58] [11] is an open-source document-oriented NoSQL database,
implemented in Erlang. GeoCouch [211] is a spatial extension for Couchbase and
Apache CouchDB. It takes advantage of the GeoJSON [44] format to provide support
for all geometry types including GemetryCollections. An interesting implementation
detail is that the key ‘bbox’ of the GeoJSON geometry takes priority over the calcula-
tion of the bounding box of the geometry. This means that is the GeoJSON contains
a bbox property it will be used instead of calculating it without any validation actions.
GeoCouch supports multidimensional indexing that it is automatically selected based
on the content of the documents.

RethinkDB [303] is a free and open-source, distributed document-oriented database
that is handling documents containing JSON objects. RethinkDB supports the WGS8),
World Geodetic System’s reference ellipsoid and geographic coordinate system. It
does not directly support any projected coordinate system or the three-dimensional
space. RethinkDB [255] offers spatial indexing for the supported spatial objects,
points, lines and polygons.



Chapter 4

SPARQL endpoint exploration

We present here a complete solution that supports both expert and novice users with
querying SPARQL endpoints, exploring and visualizing the results in a dynamic
way. Aiming to create a system that will overcome the challenges mentioned above
we developed a client-server architecture that can offers:

Schema agnostic. Our system is carefully designed to handle any endpoint, with-
out any information about the underlying schema, without any compromise on the
user experience.

Decision Support System. We have developed a DSS that makes the decision
regarding the visualization type that should be used for a query result. The DSS can
provide specific parameters and layouts for queries that are to be visualized as graphs
and specific charts for queries that contain less variables and aggregated information.

Knowledge database & Experimental analysis. We have accessed and analysed
multiple SPARQL endpoints to collect information regarding possible query results.
This information is used by the DSS to define the visualization parameters of the
graphs. We have also performed a detailed analysis of the results, evaluating the
range of parameters for the endpoints and associating them with the corresponding
visualization parameters.

Query-specific visualization rules. We have studied the methodologies for choos-
ing the right charts for the right data and we have utilized them to create proper
rules that will match query types with the proper visualization chart. We provide
case-specific visualizations for query results, based only on information and features
extracted from them.

Integrated platform. In order to showcase the flexibility and the robustness of
this approach, we developed an integrated platform that allows the users to query a
SPARQL endpoint of their preference, either by writing their own query or by using
a supportive form or by simply running a keyword search, and visualize the result
based on its type and characteristics. Furthermore, the platform allows the user to
filter the visualized information dynamically by exploiting the semantic annotations
of the data and further explore the dataset by providing support and hints towards
the next exploration steps.

4.1 System Architecture

We present the system architecture in Figure 4.1. The system can be divided into two
main modules, the integrated platform and the Decision Support System (DSS). The
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Figure 4.1: System Architecture

integrated platform is the client component, accessible by the user and tasked with all
the user-related interactions as well as the communication with the SPARQL end-
point while the DSS is the server component accessible through a dedicated interface.
The integrated platform has three sub-modules, the User Interface which is respon-
sible for visualizing the query results and support the user is locating and exploring
the information of interest through a series of functionalities, the Query processor
which receives the SPARQL query and queries in real time the selected endpoint and
the Feature Extractor which extracts the needed features from the result and forwards
this information to the DDS interface. The Decision Support System has three key
sub-modules, the Knowledge Database that contains the raw data needed to make a
decision, the Decision Model that has all the rules and logic of the decision making
and the DSS Interface that receives the extracted features from the integrated plat-
form and returns the decision of the DDS in the form of visualization parameters.
We present below the modules of the architecture in detail.

4.2 Decision Support System

A DSS is an information system that supports decision-making activities. DSSs are
designed to support the operational planning and help people make decisions about
problems. Their main contribution is that they can support problems that are rapidly
changing and not easily specified in advance. A DSS can be built in any knowledge
domain as long as enough information can be collected to support the decision model.
A DSS is designed to combine relevant information provided from a knowledge base
and models to solve problems and make decisions. There are three key components
to a DSS architecture. The knowledge database that should contain data presenting
the real word and serve as the basis for the system. The model, the core logic of the
system where based on the available information all the decisions are made and the
interface where the current problem/situation is given as an input and a decision is
returned as an output.

We believe that a DSS can be very useful in the context of the visualization of
SPARQL query results. To begin with, the problem of effectively visualizing a specific
query result s within the core problems that the DSSs can handle. This is due to
the fact that it is a problem that cannot be specified in advance. Two query results
are expected to present high diversity regarding their characteristics even for a single
endpoint. A DSS provides the flexibility, through the modeling process, to have the
needed rules to support such diversity.

Example 4.2.1 An indicative example for the STW Thesaurus for Economics can
be the diversity between a query from a data scientist interested in the number of
appearances of each predicates available in the dataset and a query from an economist



interested in retrieving all the terms containing the keyword Economy and their
description. In the first case, the result is showing the distribution of the 100% of the
predicates and should be represented as a pie chart while in the second case the result
15 121 triples containing terms and their description which should be represented as
a graph.

In addition, modeling data to visualization types using the proper parameters is an
intuitive process that follows specific empirical rules when the characteristics and
format of the data are known. Last but not least, dynamically offering case-specific
visualization parameters for each query result allows the exploration of any SPARQL
endpoint without requiring any knowledge for the underlying schema or enforcing any
limitation to the exploration.

We have developed a decision model that proposes two visualization categories,
graphs for queries results containing triplets of information without a time variable
and charts for query results containing one or two variables and aggregation func-
tions. In order to determine the parameters that are needed for the graph layout of
a query result we have developed a knowledge database with information from many
available endpoints. The knowledge database allows us to determine if a graph is
highly connected, if it contains a lot of descriptive information or follows a specific
pattern allowing as to choose the right layout algorithm and parameters. Regarding
the choice of the appropriate chart we have created a series of rules as part of the
decision model that interpreter known data visualization rules to specific query types.
We present below the implementation details of the three sub-modules of the DSS.

4.2.1 Knowledge Database

According to studies that were carried out on logs of endpoints, aiming to study pat-
terns in the queries and the users of the endpoints [30, 197, 258/, the majority of
the queries are SELECT queries for triples without aggregation. This means that
the most important part of the visualization that we need to properly parameterize
are the graphs. In order to achieve that we need to know what are the expected
range for the characteristics of such queries. We have accessed and analyzed multi-
ple SPARQL endpoints to collect information regarding the result size limit, the total
number of unique predicates, the total number of unique entities, the most/least con-
nected entities, the most/least used predicate, the min/max string length for entities
and predicates and the average node degree. We present in Section 4.4 the details re-
garding the experimental methodology and results. The collected information allows
us to determine if the characteristics of a result are within the expected limits, iden-
tify potential issues and choose the right visualization parameters. The information
collected is stored in a relational database accessible by the decision model.

4.2.2 Decision model

As presented in Figure 4.2, we have developed a deterministic decision tree that
identifies the proper visualization type based on the query type and result charac-
teristics. Triplets of information containing no time information are visualized as
graphs. In Section 4.2.2, we present which features of the query result are examined
and how they are utilized in defining the visualization parameters for the graphs.
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Here, the information available in the knowledge database is used to support the pro-
cess and provide the needed information regarding expected values. In Section 4.2.2,
we present the decision making process regarding the selection of the right chart for
query results with one, two variables or three variable, one of them time related.

Graphs

Graphs are used for all the query results that are in the form of triplets and do not
contain any time information. The presence of time is evaluated based on the OWL-
Time [304] ontology of temporal concepts which has been created for describing the
temporal properties of resources and is associated with the http: //www. w3. org/
2006/ time\ # namespace.

Graphs are dependent on many visualization parameters that can be adjusted to
accommodate a wide range of query results including the layout algorithm that can
be exploited to support the exploration of the results. Specific characteristics of the
data to be visualized, such as the node size, node degree and the overall size directly
affect choices regarding the overlapping percentage, the compactness and the edge
length of the visualization. In order to specify the graph visualization parameters,
the features of the query result are examined and evaluated based on the information
available at the knowledge database. The evaluation method is presented here:

e Node size. In order to determine the size of the nodes, the average string
length of the labels available in the query result are examined. The value is
then compared with the information available at the knowledge database,the
minimum and maximum values of the label lengths of the endpoint. Based on
this comparison, the node size is determined.

e Node degree. Aiming to determine the density of the query result, the average
node degree is calculated. The value is then compared with the information
available at the knowledge database, the average value of the node degree for
the endpoint, and the result density is determined.

e Result size. The result size is compared to the mazimum result size that the
endpoint is support. In the case that this is reached, an additional parameter is
added to the provided response, to ensure that the user is notified accordingly.



e Fdge length. Nodes that do not contain long textual descriptions are relatively
small in size and can be brought closer in the two-dimensional space. The
mazimum edge length is proportional to the node size.

e Node overlaps. The selected node size determines the allowed percentage of
overlapping between nodes. As a rule of thumb, for larger nodes a higher
degree of overlapping is acceptable given that the user gets an understanding
of the information provided even without reading the complete information.
Based on this rule the overlapping percentage is proportional of the node size.

e Fdge crossing. Minimizing the number of edge crossings is very important for
the readability of the graph, the path navigation and the node exploration. To
accommodate that, special graph layouts are investigated and hierarchical and
tree-like graph layouts are prioritized. Also, the default graph layout algorithm
used if the query result does not comply to any specific structure, which is
described in detail below, is designed to minimize the edge crossing.

e Graph area. Minimizing the overall graph area is not considered priority for the
visualization. This is mainly due to the fact that the user interface offers many
functionalities that support the exploration and navigation of the information,
ensuring a user-friendly experience even when the graph is more than a few
screens in dimensions.

e Node distribution. Uniform spatial distribution of the nodes ensures that the
graph s easily explored and navigated. To this end, the minimum area that the
graph covers is calculated proportionally to the result and node size.

In the cases where the decision model has to provide visualization parameters for a
SPARQL endpoint that has not been examined before, meaning that it is not included
in the knowledge database, then the average values of all the endpoints included in
the knowledge databases are used instead. The url of the endpoint is saved on the
server and the endpoint is examined offline and included in the knowledge database
if possible.

As already discussed, identifying the most suitable graph layout algorithm for the
query result is key for the proper exploration of the information. Tree, hierarchical,
star and circuit graph structures are first examined and applied if possible, in any
other case the more generic solution of the force-directed layout algorithm is chosen.
Also, for query result that contain symmetries, it is very important to respect and
visualize them to ensure the comprehension of the visualized information. In details:

e Tree or Hierarchical structure. In order to check if a directed graph, like a
query result, i1s a tree we need to examine all triplets of information as follows.
The first step is to locate the root node of the tree, a vertex with only outgoing
edges. In the cases where there is more than one vertexr with only outgoing
edges or there is mo such vertex then the triplets do not comply with the tree
structure. After locating the root node we do a Depth First Search starting
from it, if the search encounters the same vertex twice, indicating that it can
be reached from two different paths, then the result does not comply with the
tree structure. If the search concludes with unexplored vertices, then the graph
is mot connected and cannot therefore be a tree. If the Depth First Search



contains all the nodes only once then the triplets comply with the tree structure
and can be presented as such.

e Star layout. In order to identify a result that complies with the star layout we
examine the node degrees. If the minimum node degree equals 1, the mazimum
node degree equals with resultsize — 1 and the average node degree equals
2 x (resultsize — 1) /resultsize then the query result has one central node and
18 presented using the star layout.

o Curcuit layout. Similarly, the query result can be represented using the circuit
layout when the minimum, maximum and average node degree equals with 2.

e Planar graph. Planar are called graphs that can be presented in the two-
dimensional space without any edge crossing. We are not examining the pos-
sibility of offering the query result using a planar visualization, taking into
account that there are many discussions about whether they offer any visual
improvement over the non-planar visualization and the cost of computing if a
graph is planar or not.

e Force-directed graph layout. For query results that does not comply with any of
the above mentioned structures, we employ a generic yet robust algorithm for
the graph layout. Force-directed graph drawing algorithms position the nodes
of a graph in two-dimensional space trying to minimize edge length and edge
crossing. The idea is to assign forces among the edges and the nodes and
use them to minimize their energy. On one hand, spring-like attractive forces
based on Hooke’s law are used between nodes that are connected with an edge
to bring the pair closer in space. On the other hand, repulsive forces like those
of electrically charged particles are used between all pairs of nodes, no matter
iof they are connected or mot. The balanced state of these forces, ensure that
the edges have uniform lengths and nodes that are not connected are further
apart 1n space.

Such algorithms have many benefits, as a result of the force balancing that
ensures specific features. To begin with, the result is of high quality, offering
uniform edge length, enforcing the spatial distribution of the nodes and em-
phasizing symmetries in the data. Also, it provides the needed flexibility as the
balanced state of the forces can easily parameterized, as an example increasing
the attractive forces brings the nodes closer in the two-dimensional space, based
on the specific characteristics of the query result. Finally, the algorithm mim-
ics the physical world providing an output that can be intuitively understood
and accepted.

For example, for query results where the average string length is near the maz-
mmum that we have encountered the potential issue it that few nodes containing de-
scriptive information will affect the overall dimensions of the nodes, expanding the
space occupied by the graph and making its exploration a challenge. So, in such
cases, the allowed overlapping percentage is 30%, the mazimum allowed one and the
node size is 150px, again the mazimum one. This allows us to show to the user the
majority of the information in the nodes, but also keep the overall size of the graph
relatively small to allow the exploration of the connections between nodes. Similarly,
the query result for all the synonyms of the term Author has result size four and a
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mazx node degree also four. This means that this query result should be visualized us-
g the star layout algorithm as shown in Figure 4.53. In Figure 4.4 we present the ex-
ploratory query result for the term http: //www.w3.orq/2004,/02/skos/core# Collection,
which has been visualized using a tree-like approach due to the fact that there was
one node with no incoming edges and no closed paths.

Charts

Choosing the right chart for the right data is not a scientifically defined task, it is
based on intuition and takes into account the purpose of the visualization and the
audience that the visualization is addressing. Aiming to provided a widely accepted
set of rules, there are many studies that performed experiments aiming to identify the
most suitable visualization type to be used based on the data format and content [308,
340, 88, 165, 178]. These studies have formed a set of empirical data visualization
guidelines for choosing the right chart for the right data that are widely accepted. We
have adopted these guidelines and we have extended them and matched them with
query types in order to create specific decision rules for the model. We present here
the defined rules, giving an intuitive description of the data visualization guideline,
emphasizing the features of the query results that are important for each rule and
concluding with the query types associated with each visualization type.

Pie chart. We present first the pie chart as it is the only chart available that
can represent only one variable. Specifically, it is used to represent the distribution
of the 100% of a value, when there is no time element and there are at most 10
parts. If there are too many parts, or the percentage distribution is unbalanced,
having one category over 90% and many others sharing the remaining 10%, then
the visualization is not aesthetically appealing it is not displayed to the user. This
visualization type is ideal for queries that have an aggregation with a group by clause
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over a vartable without any filtering, such as a having clause. The visualization may
include, based on the user selection, also the labels of the categories represented by
the percentages. This additional information is included in the textual representation
where tuples are color matched with the chart.

Example 4.2.2 As an example, a user interested in the times each predicate ap-
pears at the STW Thesaurus dataset would expect the result to be visualized as a pie
chart. This is due to the fact that the query result represents the distribution of all
the predicates in the dataset, there is a limited number of predicates to be visualized,
only seven, provided by a group by query with an aggregation without any filtering.
The visualization of this query result is shown in Figure 4.5, where the user has also
chosen for the predicate labels to be included in the result.

Bar charts. Bar charts serve two purposes, the monitoring of one variable over
the course of time or the quantification of a value related with a classification. Bar
charts are preferred for small datasets, at most with 12 parts, like the monthly total
value on the income of a company. The decision model chooses this chart when the
extracted features indicate that the query result has only two vartables, one of them is
a numerical variable and the other is either time-related or descriptive, and the size
of the result is less than 12. In contrast with pie charts, bar charts are not aware of
the total distribution of the variable that they represent or if it an aggregated value.
As an example, a bar chart can visualize the average age of retirement for people in
ten most stressful work fields.

Example 4.2.3 Taking advantage of the skos-history version store which has been
created with different versions of STW Thesaurus for Economics we can create useful
queries that show the changes between versions over time. As an example we can
retrieve the count of deprecated concepts between versions. The result of this query
has two variables, one is time-related and a size of 7, so it is represented as a bar
chart as shown in Figure 4.6.

Line charts. Line charts are complimentary to the bar charts, as they are used
to monitor the same datasets but when the size 1s more than 12. In detail, line charts
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show the wvariation of one wvariable with a lot of values over the course of time or
the quantification of a value when classified over multiple classes. This visualization
type is chosen when the query result has two variables with one of them numerical
and the other either time related or descriptive and size more than 12.

Example 4.2.4 Toking again advantage of the skos-history version store we can
retrieve the count of new concepts inserted per version. The result of this query has

two variables, one is time-related and a size of 10, so it is represented as a line
charts as shown in Figure 4.7.

Scatter-plot charts. We have discussed the cases of datasets with two vari-
ables that include either a time element or descriptive information, we present here
scatter-plot charts which are used for dataset that have two numerical values. They
represent the information as spots over a grid-like area, where each axis can have a
different scale to accommodate the minimum and maximum values of the represent-
wng vartable. This chart does not have a size limit given that its overall dimensions
are proportionally larger to the size of each visualized part. This visualization type




18 used for query results that contain exactly two numerical variables without a time
element.

Map charts. Map charts are used to represent time invariable spatial informa-
tion. This visualization type is used for datasets that contain spatial information,
either coordinates or region names. The displayed information may be a numeric
value, then a one-color visualization with gradient is used as the quantitative indi-
cator, or descriptive where a multi-color schema for the categories is adopted. This
visualization type is used for query results that contain spatial information. For uni-
formity reasons we categorize these queries as two-variable ones, one variable for
representing the displayed information and one that provides the spatial element.
Often, however, the spatial information may be available as two variable, latitude
and longitude in the result. In such cases we merge the two variable in one pair of
coordinates to facilitate their further processing.

Area charts. Area charts are used to represent how parts of a whole change over
time. This visualization type is ideal for datasets that contain at least three variables,
one of them is time related. The chart shows the variation of the variables and their
comparison in each time stamp. It can be presented in two versions, the stacked
area chart where the distribution of the variables is not examined and the 100% area
chart where the variables represent the distribution of the 100% of a value at any
giwen time. This chart is used for queries that have an aggregation along a group
by clause over two variables, represented over time. Here, the presence of filtering
functions is examined to ensure the use of the proper area chart type.

Descriptive representation. The chart types presented above do not cover all
the possible cases for query results. In the case of a result with only one variable a
chart is created only when the query contains a group bu clause with any filtering
using a pie chart. In all the other cases the available information is not sufficient to
create any visualization. Also, in the case where the query result has more than three
attributes without any time element, the information is displayed in a structured
table and no wvisualization is provided, given that the dataset in lacking the needed
cohesion.

We have implemented the decision model as a Java application with strict deter-
ministic rules. The extracted features are mapped to the rules and the most fitting
visualization type is selected.

4.2.3 DSS interface

We have tmplemented the DSS interface as a standalone Tomcat application that
receives as input a JSON data object that contains the extracted features regarding
the query result. The features that are included in the data object are such to support
the choice of the visualization type independently of the content of the query, the
endpoint queried or the underlying schema. The features included in the JSON
object are:

Number & type of variables: list of variable types

Time element: boolean

Spatial element: boolean

Result size: numerical



o Aggregation function: boolean

e Group by function: boolean

e [iltering function: boolean

e Average string length: numerical

e Min/Max/Average node degree: numerical
e Root node: boolean

e Depth First Search: list of nodes

4.3 Integrated Platform

4.3.1 User Interface

A key component of the integrated platform is the user interface. This component
18 responsible for all the interactions with the user and allows the user to navigate
and explore the information in an efficient and semantically meaningful way. It
supports the composition of queries, ensures the validity of the user queries, presents
to the user the retrieved information in dynamic and case-specific visualizations and
allows the exploration of the information through filtering and isolation techniques.
To achieve all the above a series of functionalities are provided through the user
interface.

Query composition. The user interface offers two ways for a user to write a
SPARQL query. The first one is addressed to expert users, a single text box allows
the user to type in any query. The second way is addressed to less experienced users
that have only some basic knowledge and understanding of the SPARQL language.
Here, the user is guided through the query composition by a form that has drop-down
menus when applicable and requires minimal free text input from the user.

Query validator. To further support the user in composing their queries we
have incorporated to the interface a query validator. After typing the query, the user
can ask to validate the query and any issues are highlighted and the proper message
with suggestions is shown. FEven if the user chooses to submit the query without
validating it, the validation process is always triggered before sending the query to
the endpoint to avoid any invalid responses and error messages.

Overview of the query result. We present a text overview of the result to
help the user get acquainted with it before exploring it. The textual representation of
the query result is also used as a legend for the charts in case it is required by their
type. This way the user can easily understand the displayed information by color
matching the relevant text to the chart part. Furthermore, for the graph visualization,
an additional overview is produced by isolating the most connected nodes, based on
their node degrees, and visualizing them with respect to the spatial placement in the
graph. The overview is interactive, meaning that the user can click on an area of
the overview and the visualization panel is centered to the corresponding part of the
graph.

Dynamic visualization. For large query results, or charts that are contain
a lot of information such as scatter-plots, the mapping of the query result to the



visualization part might not be obvious. For this reason, the query result visualization
18 not presented as a static image but as a dynamic object, responsive to user actions.
This allows the user to select a part of the visualization and see highlighted the
corresponding result part or chose a result part and see how it is depicted in the
visualization.

Customizable filtering functions. As it will be presented in Section 4.4,
only one in three endpoints enforces a query size limit and even in such cases it
can be as high as 100000. Recognizing that navigating through such large query
results can be ineffective and disengaging, the system provides to the user a series
of filterng capabilities that can be used to restricted the displayed information. The
interface enables the user to use one or multiple filtering criteria at the same time.
A very characteristic example where this functionality is of great applicability is when
the query contains multiple categories of semantic information. For example, when
querying information about a specific terminology the result may contain information
in different languages as well as synonyms and antonyms. A user can apply the
filtering functions provided to display only results in English and terms that are
synonyms to the original term. A different example would be a user visualizing
aggregated the average expenses of a company per month. In this case, there might be
a need to exclude from the visualization months before a limit. It is worth noting that
all the provided filtering functions can also be achieved through an updated SPARQL
query. However, by filtering the already retrieved information at the interface we
allow the user to explore different filtering scenario in an interactive way, with a
short response time and avoid over-querying the SPARQL endpoint.

Interactive keyword search. Another way designed to support the novice user
in getting started with the exploration of a SPARQL endpoint and locate informa-
tion of interest is through keyword search. The term is queried against the selected
endpoint and the query results are presented to the user following the same data flow
as any other result set.

Path navigation. For results that are visualized as graphs, the user is able to
choose one node and follow all the paths of the graph that include this node, while
the rest of the information is hidden. This way, irrelevant information is eliminated
allowing the user to focus exclusively on the node and paths originating on it that
are of interest. In contrast with most approaches in which a path can be traversed
on one direction only, in our system when a node is chosen, all neighbors, either
mcoming or outgoing are visualized.

Sub-result isolation. The user can also choose to isolate a part of the result
query, to better exploit and navigate the information that is present there. In order
to make the isolation of the information user-friendly, the information to be isolated
1s chosen either by selecting the relevant part of the visualization or the text from
the result overview.

Ezxploration support. Aiming to further support the novice user with the ex-
ploration of the available information the visualized result is interactive and upon
user actions suggests further queries. An indicative example is when a user selects
one specific result entity, then queries that retrieve its neighbors are suggested.



4.3.2 Query processor

When a new query is submitted by the user a process is initiated by the integrated
platform. First the query is validated, if any syntactic issues are identified, the user
in notified and the query is not send to the endpoint until the user has corrected it.
The valid queries are asked in real time to the selected endpoint. This approach s
selected as it gives the integrated platform the flexibility to connect with any end-
point and provide to the user real time information based on the latest update. The
alternative would be to duplicate the information of all the endpoints users are in-
terested in to a dedicated back-end. This approach has main drawbacks as it is an
expensive, time consuming process that would incapacitate the role of the SPARQL
endpoints to provide up-to-day data. Also it would have a huge overhead to the
back-end and threaten the sustainability of the platform as there would be need for
storage of Terabytes of data and would delay the provision of information to the
user in case he chose to visit an endpoint never before encountered by the platform.
While temporary unavailability of the endpoint or poor performance may affect the
user experience this is evaluated as a rarer and minimal discomfort to the user when
compared with ensuring the flexibility and sustainability of our approach. The query
result 1s then forwarded to the feature extractor.

4.3.3 Feature Extractor

The Extractor receives the query and the query result and extracts all the informa-
tion needed for the DSS. This is properly formatted in a custom JSON object and
forwarded to the DSS interface.

4.4 Experiments

In order to collect the raw data needed to create the knowledge database that is used
by the decision model we have conducted a series of experimental analysis. The ex-
periments were conducted using a laptop with an Intel(R) Core(TM) i7-4500U CPU
at 1.80GHz, 4GB RAM memory connected to a 12Mbps home network connection.

Datasets. In order to compile a knowledge database able to support our decision
model we need to include information from a wide variety of SPARQL endpoints.
We have examined over 140 SPARQL endpoints. The majority of the endpoints
were not available during Autumn of 2019 when the testing was conducted or were
available sporadically allowing us to obtain answers to only a few endpoints. We
have managed to collect some measurements from 55 endpoints. Ten of them had
strict query time limits and/or were very slow in providing responses so only few
characteristics were collected. Another ten of the endpoints were not supporting
queries using the strlength function, so we collected the rest characteristics. Forty
five endpoints were available throughout the testing period and were responding to
queries in a consistent and timely manner. For these endpoints the majority of the
characteristics were collected.

Metrics. We collected the data needed for the knowledge database which are the
result size limit, the total number of unique predicates, the total number of unique
subjects and objects, the most/least connected subjects and objects, the size of the
dataset, the most/least used predicates, the min/maz string length for subject,objects



and predicates. Based on the above information we have calculated and added to the
knowledge database the average node degree.

Methodology. We have carefully chosen specific SPARQL queries that allow
us to collect the needed information, for some queries we have created different
versions in order to overcome the restrictions of some endpoints regarding the use of
specific keywords, such as LIMIT and COUNT. We have created a Python script that
accesses the endpoints, provided as a list of URLs, and runs the queries, recording
the results in files as text. The script records a list with failed queries and tries
to re-run them at a later time in case it is due to temporally unavailability of the
endpoint. The results are then inspected and provided that there are no issues with
the responses they are inserted into the relational knowledge database. The queries
used for the collection of the information are presented here:

e Result size limit. SELECT ?subject ?predicate ?object WHERE {?subject
?predicate ?object}

o Number of unique predicates. SELECT (count(distinct ?predicate) as ?count)
WHERE {?subject ?predicate ?object}

o Number of unique subjects. SELECT (count(distinct ?subject) as ?count)
WHERE {?subject ?predicate ?object}

o Number of unique objects. SELECT (count(distinct 2object) as ?count) WHERE
{?subject ?predicate ?object}

o Number of predicates. SELECT (count(?predicate) as ?count) WHERE {?sub-
ject ?predicate ?object}

o Minimum appearances of predicates. SELECT ?predicate (count(?predicate)
as Zcount) WHERE {?subject ?predicate ?object} GROUP BY ?predicate OR-
DER BY ASC(?count) LIMIT 1

o Minimum appearances of objects. SELECT ?object (count(?object) as ?count)
WHERE {?subject ?predicate ?object} GROUP BY ?object ORDER BY ASC(?count)
LIMIT 1

o Mazimum appearances of predicates. SELECT ?predicate (count(?predicate)
as Zcount) WHERE {?subject ?predicate ?object} GROUP BY ?predicate OR-
DER BY DESC(%count) LIMIT 1

o Mazimum appearances of objects. SELECT ?object (count(?object) as ?count)

WHERE {?subject ?predicate ?object} GROUP BY Zobject ORDER BY DESC/(?count)

LIMIT 1

o Minimum string length for predicates. SELECT ?predicate (strlen(str(?predicate))
as ?min) WHERE {?subject ?predicate ?object } ORDER BY ASC(?min)
LIMIT 1

o Minimum string length for subjects. SELECT ?subject (strlen(str(?subject))
as ?min) WHERE {?subject ?predicate ?object } ORDER BY ASC(?min)
LIMIT 1



Minimum string length for objects. SELECT ?object (strlen(str(?object)) as
?min) WHERE {?subject ?predicate ?object } ORDER BY ASC(?min) LIMIT
1

Mazimum string length for predicates. SELECT ?predicate (strlen(str(?predicate))
as ?max) WHERE {?subject ?predicate ?object } ORDER BY desc(?maz)
LIMIT 1

Mazimum string length for subjects. SELECT ?subject (strlen(str(?subject))
as ?maz) WHERE {?subject ?predicate ?object } ORDER BY desc(?max)

Mazimum string length for objects. SELECT ?object (strlen(str(?object)) as
?max) WHERE {?subject ?predicate ?object } ORDER BY desc(?max)
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Figure 4.8: The number of unique subjects, predicates and objects for the examined
endpoints

Results. We present in Table 4.1 the results of the experimental analysis for some of
the endpoints that we have evaluated. Aiming to keep the table readable and coherent
we have added only the endpoints that have provided answers to all but one or two
queries. Based on the results obtained we present here an in-depth analysis of the
characteristics.

e Result size limit. From the 45 endpoints examined only 15 of them had any
limit at the result size. The most popular limit was 10.000 but the value had a
great deviation, from 500 to 100.000 elements and an average value of 18.700.
This is a very important find as it sets the requirements regarding the volume
of information that the user interface should be able to handle.

e Number of unique predicates. Endpoints have from 1 to 75.426 unique predi-
cates, with an average value of 4.388. This deviation is very interesting with
regard to the semantic differentiation of the datasets. Only a few datasets
are focused on few semantic relationships between their entities, while most of
them offer a higher variance.

e Number of unique subjects. The overall size of the dataset affects the number
of unique subjects. The examined endpoints have from 48 to 11.520.028.275
unique subjects with an average value of 343.734.281.

e Number of unique objects. The overall size of the dataset affects also the num-
ber of unique objects. The examined endpoints have from 99 to 12.153.725.295
unique subjects with an average value of 295.390.891. While the minimum and
mazimum values are higher than the ones for the subjects, the average num-
ber of objects per endpoint is significantly lower from the average number of
subjects. This is mostly due to the fact that few datasets contain descriptive
information and free text while most of them depend on categories from the
Semantic Web to describe the contained information.

In Figure 4.8 we present the chart with all the values of unique subjects, pred-
icates and objects for the examined endpoints.

e Number of predicates. The total number of predicates in a dataset represents
the number of all the triplets of information and as a result the size of the
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Figure 4.9: The number of predicates for the examined endpoints

dataset. Endpoints are dedicated to dataset ranging from 143 to 55.343.596.553
triplets, and an average value of 1.532.244.807. The difference between the
minimum and maximum values is indicative of the diversity of the datasets
available through endpoints. The results are presented in Figure 4.9.

Minimum € Maximum appearances of predicates. The minimum appearances
of a predicate range from 1 to 142.047 depending on the type of dataset while
the maximum times a predicate is repeated in a dataset can be as high as
186.915.393 for an endpoint. These value show that endpoints provide access
to diverse datasets, some are focused on specific relationships between entities,
thus having few predicates that repeat many times, while others cover a wide
range of topics and concepts, limiting the re-usability of terms.

Minimum & Mazimum appearances of subjects. The minimum appearances of
a subject range from 1 to 16 while the maximum can be as high as 693.397 for
an endpoint. As expected, here too the diversity of the datasets is affecting the
deviation of the values.

Minimum € Maximum appearances of objects. For the objects this deviation
1s even more pronounced. Here, the minimum appearances of an object range
from 1 to 15 while the mazximum can be as high as 12.856.179 for an endpoint.
Similarly with the predicates, datasets that are providing information for spe-
cific scientific fields repeat key concepts and semantic terms multiple times.
In Figure 4.10 we present the chart with all the values of appearances for sub-
jects, predicates and objects for the examined endpoints.

Minimum € Maximum string length for predicates. The string length for the
predicates ranges from 47 to 371 characters, with an average value of 62. These
values are within the expected range as predicates are mostly URLs from the
Semantic Web.

Minimum & Maximum string length for subjects. The string length for the
subjects ranges from 72 to 404 characters, with an average value of 87. These
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Figure 4.11: The maximum string lengths for subjects, predicates and objects for
the examined endpoints

values are higher than the ones for the predicates as subjects sporadically in-
clude free text in addition to URLs from the Semantic Web.

o Minimum & Maximum string length for objects. The string length for the
objects ranges from 72 to 203.920 characters, with an average value of 36.262.
Given that objects are mostly descriptive and include a lot of free text these
values are again expected.

In Figure 4.11 we present the chart with the maximum string lengths for
subjects, predicates and objects for the examined endpoints and in Figure 4.12
the minimum string lengths.

e Average node degree. The average node degree for the datasets is 0.32, indicat-
g that the datasets are not very connected and probably include independent
sub-graphs. The distribution of the values is shown in Figure 4.13.
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Figure 4.13: The node degree for the examined endpoints

Conclusions

In this chapter, a novel system architecture that supports both expert and novice users
with querying SPARQL endpoints, exploring and visualizing the query results in a
dynamic way was presented. The discussed system has been designed in a schema
agnostic and data structure robust way that allows the visualization of diverse query
results in a user-friendly and interactive way.



Chapter 5

Scalable exploration

In many cases, such as road maps, communication networks, biological structures,
financial and blockchain transactions, the datasets are complicated, highly connected,
contain critical information that should be available complete and need to be acces-
sible by many users with different analysis needs. In these cases, the challenges of
scalability, interactive and consistent visualization without loss of information and
data exploration through different filtering and aggregation functions should be met.

In order to achieve that, a novel technique for the pre-processing, indexing and
storage as well as visualization of very large datasets is proposed. The technique has
been carefully designed to alleviate the restrictions of the above-mentioned approaches
on the input datasets, reqarding accompanying metadata related to the model, full
or partial semantic annotation, hierarchical structure, data completeness and size
limitation. The technique is based on a modular off-line pre-processing phase that
allows us to meet all the requirements.

Independence of the characteristics of the input dataset. No part of
the pre-processing phase is based on specific data formats allowing us to handle any
dataset including incomplete datasets, datasets that are not annotated with respect
to semantic categories or datasets that do not comply with the hierarchical model.

Scalability with regard to the size and node degree of the input dataset.
Our technique allows us to handle real datasets, with variable volume and connec-
tivity degree. To achieve this, we split the input dataset into smaller partitions and
visualize them as independent graphs. We propose two different algorithms for the
arrangement of the wvisualized partitions into the two-dimensional Euclidean space
that minimize the length of the external edges based on nowvel cost functions. This
way we achieve smaller navigation paths, consistent exploration and limit the visu-
alization noise efficiently for millions of nodes.

Innovative storage schema that ensures efficient exploration of the
information. The pre-processing phase results in all the elements of the input
dataset to be assigned coordinates with respect to the Fuclidean space allowing the
storage of the dataset in a structured way to a spatial database.

Dedicated spatial indexing. We index the spatial information in a way that
ensures the reliable and efficient retrieval of information. This allows the filtering
of the data and the creation of multiple abstraction layers using various criteria that
can be custom to the input dataset. In addition context search is supported through
dedicated indexing.

Fully fledged prototype system. In order to showcase the usability of our tech-
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nique we have implemented a dedicated API over the storage schema along with a
client-server architecture that allows the exploration and the navigation of the infor-
mation through a web Ul The system offers an interactive overview of the visualized
information, allowing the user to choose intuitively the area to further explore, inter-
active visualization over different zoom and abstraction layers and keyword search.

The client-server communication is based on the translation of the user operations
through the UI into simple and very efficient spatial operations over the stored data,
allowing the unobstructive and smooth exploration of the information without any
dependencies on the computational resources of the user device. The Interactive
Visualization of Very Large Graphs (IVLG) prototype system is publicly available at
[148].

Experimental analysis. We performed a thorough experimental study on our
technique. We employed our technique for the visualization of many real and syn-
thetic datasets with as many as 150 million elements and an average node degree
as high as 20, in order to show that we can handle large and diverse datasets with-
out any limitations to their characteristics. In addition, we compare our system
with four other ones with respect to the rendering time per data object. Our system
outperforms the others by at least 60%.

5.1 System Architecture

We present here the three phases of the off-line, pre-processing technique that allow
us to efficiently represent large linked dataset as one continuous graph.

The first phase of the technique ensures that we are able to handle very large
datasets. For this reason, the input dataset is split in smaller parts. The number
and the size of these parts are decided based on the size, number of entities and
relationships, and characteristics, connectivity degree and average label length, of
the input dataset. Connections between the parts of the input dataset are separately
stored to be introduced again in the third phase of the technique.

The second phase of the technique is dedicated to the proper representation of the
parts of the input dataset. Each part is transformed into an independent graph, using
the Scalable Force Directed Placement algorithm [158]. We chose this algorithm due
to its flexibility and robustness.

We carefully initialize the parameters of the algorithm based on the characteristics
of the parts. Qur aim is to achieve the right degree of compactness, avoid any
overlapping and ensure that each sub-graph has approximately the same horizontal
and vertical span. This is of high importance to ensure that the merged information
will have a uniform spatial distribution and will be explorable.

In the third phase of the technique, the sub-graphs are merged into one continuous
graph. This means that each entity of the input dataset is transformed into a graph
node that has a unique position in the two-dimensional space.

It is important to arrange the sub-graphs in a way that the connections between
the sub-graphs, as identified and stored at the first phase of the technique, are intro-
duced here as edges between the nodes in a way that minimizes their total length. For
this reason, we have implemented a heuristic algorithm, which uses a cost function
based on the length of the edges, to arrange the sub-graphs.

Finally, the graphical information is translated to a spatial storage schema and
made accessible through a flexible, complete and efficient APL



5.1.1 Phase A: Dataset partitioning

This phase of the proposed technique is responsible for receiving as input the linked
dataset, model the information with respect to the graph model and partition the
graph into smaller sub-graphs. Linked datasets can be mapped to a graph G = (V, )
where V is a set of nodes (v) that represent the entities of the input dataset and &
is a set of edges (e) that represent the connections between the entities.

Graph partitioning is an important problem that has extensive applications in
many areas, including scientific computing, VLSI design, and task scheduling. The
problem can be intuitively defined as the partitioning of the vertices of a graph in k
roughly equal parts, in number of vertices, such that the number of edges connecting
vertices in different parts is minimized.

Formally, given a graph G = (V,E) with |V| = n, the k-way graph partitioning
is defined as the partitioning of V into k subsets, Vi, Vs, ..., Vx where V;NV; =0 for

The k-way graph partitioning aims to minimize the number of edges of £, the
vertices of which belong to different subsets. Given a graph G = (V, &) and a k-way
graph partitioning, the edges of the graph G, the vertices of which belong to different
subsets, are called external edges. X;; C &€ is the set of external edges between two
subsets V; and V; where i # j and X is the set of all external edges between all
possible pairs of V; € V.

In order to ensure that all datasets, no matter their specific characteristics or
volume, are partitioned properly, we chose a robust algorithm with the capability
of handling datasets ranging from a few thousands to millions, and from sparse to
dense. We use the k-way graph partitioning algorithm of G. Karypis and V. Kumar
[161] as implemented in Metis ', as it meets the requirements of handling any input
dataset without any restrictions on its size and properties.

Exzample 5.1.1 For the 485 pre-initiation protein complex, that has been presented
in Chapter 2, the k-way partitioning divides the dataset into nine sub-graphs, as
shown in Figure 5.1. Given the 116774 atoms of the dataset each partition has
13.000 atoms. The number of the partitions is selected to support the second phase
of the technique as presented in 5.1.2 and create a continuous graph with similar
horizontal and vertical dimensions. Based on the small size of the input dataset
here, the possible options are 4, 9 or 16 partitions. While with 4 partitions the sub-
graphs have too many elements for the second phase, with 16 they have unnecessary
few.

5.1.2 Phase B: Graphical representation of the sub-graphs

This phase of our technique is dedicated to the transformation of each part of the
input dataset to an independent sub-graph. The main requirements of this phase are
two, both related with the spatial distribution of the nodes. To begin with, we need
to achieve a uniform density of the nodes in the two- dimensional space for each
sub-graph. This means that the nodes of the sub-graph should be spaced out enough
not to have any overlaps between them while at the same time as close as possible
i order not to have a lot of empty space.

"http://glaros.dtc.umn.edu/gkhome/metis/metis/overview



Table 5.1: Number of external edges between the nine CNs

CN1] | CN2 | CN3|CN4 | CN5 | CN6 | CN7| CN8 | CN9
CN 1 0 25 16 27 3 24 1 26 6
CN 2 25 0 17 24 4 6 14 25 11
CN 3 16 17 0 10 25 17 19 4 1
CN 4 27 24 10 0 26 18 13 12 7
CN 5 3 4 25 26 0 14 27 21 11
CN 6 24 6 17 18 14 0 14 5 11
CN 7 1 14 19 13 27 14 0 10 16
CN 8 26 25 4 12 21 5 10 0 9
CN 9 [§ 11 1 7 11 11 16 9 0

Moreover, we should have sub-graphs requiring approximately the same horizon-
tal and vertical space. This is very important for the next phase of the proposed
technique, which connects all the sub-graphs into one continuous graph by arrang-
ing them in a two-dimensional grid. Given that the dimensions of each grid cell
are based on the width and height of the included sub-graph, having sub-graphs with
similar sizes ensures the lack of empty spaces.

Both requirements should be achieved independently of the specific characteristics
of the sub-graphs. Given the expected diversity of the input datasets, the sub-graphs
are also expected to have different characteristics, ranging from sparse to dense and
with nodes with uniform sizes, when entities are identifiers, to nodes that differ a
lot, when entities contain descriptive information.

For this reason, we choose the Scalable Force Directed Placement algorithm [158]
for the graphical representation of the sub-graphs. The algorithm is based on a
physics approach, balancing a system where nodes are considered charged particles
and edges are modeled as springs. This allows for the parameterization of many
attributes for the output graph including the allowed overlapping percentage, the size
of the nodes and the size of the graph.

5.1.3 Phase C: Merging the sub-graphs into one continuous
graph

In this section, the third phase of the technique that connects the sub-graphs in one
continuous graph is described. Given that at we dynamically choose the number of
sub-graphs based on the input dataset, we need a solution for the sub-graph arrange-
ment that accepts as input any number of partitions and any set of external edges
between them and results to an arrangement of the sub-graphs in the two-dimensional
space in a way that the length of long edges connecting different sub-graphs is mini-
mazed.

Problem Definition. Let P = {P1,Pa, ..., Px} where each P; fori=1,2 ... k
corresponds to the i-th partition and includes the vertices of the V; sub-graph with
their coordinates and the edges between them. For each partition P; a CN;, a Com-
plex Node (CN) is defined. A Complex Node C'N; refers to the two-dimensional area
with dimensions the width and height of the P; and content all the graph elements,
nodes and edges, of the partition. The position of each graph element in the contin-
uous graph is relevant to the position of the Complex Node that contains it to the
two-dimensional space.

Problem Transformation. Let CN denote the set of all Complex Nodes for the
partitions, with |CN'| = k and W the set containing the weights between the Complex
Nodes as defined by the number of external edges between them, W (i, j) = X; ;. The



Table 5.2: Steps of executing the proposed algorithm for the nine CNs

Step 1 CN 4 is set at the center of the grid

Step 2 CNs are ranked based on the weight [1,5,2,6,7,8,3,9]
Step 3 CN 1 is placed next in the grid

Step 4 CNs are ranked based on the weight [2,6,8,5,3,7,9]
Step 5 CN 2 is placed next in the grid

Step 6 CNs are ranked based on the weight [8,6,3,5,7,9]
Step 7 CN 8 is placed next in the grid

Step 8 CNs are ranked based on the weight [3,6,5,7,9]
Step 9 CN 3 is placed next in the grid

Step 10 CNs are ranked based on the weight [5,6,7,9]
Step 11 CN 5 is placed next in the grid

Step 12 CNs are ranked based on the weight [6,7,9]
Step 13 CN 6 is placed next in the grid

Step 14 CNs are ranked based on the weight [7,9]

Step 15 CN 7 is placed next in the grid

Step 16 CN 9 is placed next in the grid

process of placing each CN; € CN into the two-dimensional Cartesian integer grid
by assigning grid positions to each C'N;, such that it minimizes the weights is defined
as Grid Arrangement Problem (GAP). The problem is proven [239] to be NP-hard
for every dimension of the grid.

Problem Solution. We present here a greedy heuristic algorithm, as a solution
for the Grid Arrangement Problem that can be applies with large number of nodes.
The algorithm uses a weight-cost function to calculate the cost of adding a CN to
a specific position given a grid arrangement. The algorithm, incrementally creates
the grid arrangement by selecting, in each iteration, the CN which is going to be
to placed in the grid. The CN, with the highest cost as provided by the weight-cost
function, s selected on each iteration. The weight-cost function is calculating the
sum of the weights between each examined CN to the ones already placed on the grid.

Example 5.1.2 We present the weights between the CNs, of the human cap-dependent
488 pre-initiation complex, in Table 5.1. To simplify the example the numbers pro-
vided in the table have been scaled down, keeping the initial ratio. First, we merge
the sub-graphs into one continuous graph, by following the steps of the proposed al-
gorithm. We present the steps followed as well as the intermediate results of the
cost function in 5.2. Then, we merge the sub-graphs into one continuous graph in a
random way. The results of the two placements is presented in Figure 5.1. There is
a 40% decrease to the overall weight cost.

The merged information is stored in a distributed, scalable Accumulo ? key/value
datastore where the GeoMesa ® XZ-ordering index is used for the spatial information
of the graph.

5.1.4 Use cases

In order to provide access to the graph of the input dataset in an efficient and user-
friendly way, we have implemented a dedicated API that allows the retrieval of the
information in different ways, including spatial and filtering queries and keyword
search.

We have implemented a standalone Tomcat application, written using Java servlets,that
recewwes user requests along with multiple parameters and returns the result as an

’https://accumulo.apache.org/
3https://www.geomesa.org/documentation/current/index.html
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Figure 5.1: CN placement in the two-dimensional Cartesian integer grid

XML file, that follows the GraphML format and includes the proper geometry pa-
rameters that specify the position of the nodes in the two-dimensional space. The
API is designed to receive any Common Query Language function, including all the
spatial functions and geometries.

We are going to showcase the usability of the API through a series of use cases
as identified in the presented use case in Chapter 2, regarding the exploration and
study of the human cap-dependent 48S pre-initiation complexr which represents 47
unique protein chains with 116774 atom count. These use case are the following:

Example 5.1.3 Keyword Search. The initial exploration of the dataset begins when
the user wants to locate information of interest. The intuitive way for this is to use
a keyword and search among the entities of the dataset. For a protein complex the
user may search the identifier of an atom or a group of atoms. The API will return
a list containing all the entities containing the given keyword along with their spatial
iformation.

Exzample 5.1.4 Spatial queries. After locating an entity of interest, the user can
use its spatial information and query the API over the two-dimensional space, us-
ing any Common Query Language spatial function and geometry. As an example,
a user interested in identifying specific connections in parts of the biological struc-
ture, responsible for a specific function, can perform spatial queries and retrieve this
information.

Example 5.1.5 Filtering based on connection types. The API enables the retrieval
of the information using one or multiple filtering criteria at the same time. The user
can easily select to isolate one or more types of connections between atoms based on
their semantic annotations, and can combine this filtering with a spatial query for a
specific area of the graph.

Example 5.1.6 Path exploration. After locating an entity that is of interest, the
user is able to retrieve all the paths of the graph that include this node, up to a
customisable length. In contrast to most approaches in which a path can be traversed
only with respect to the edge direction, in our API when a node is selected, all
neighbors, either incoming or outgoing are retrieved.
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5.2 Integrated Platform

5.2.1 Platform Architecture

The architecture of the IVLG system is based on the server-client model as shown
in Figure 5.2. The server side of the system is separated in 3 main modules, the
offtine module, where the input dataset is translated into one fully connected graph,
the communication module which makes available the visualized information, and
the storage module, which stores the spatial information of the graph.

The offline module is further separated into 4 sub-modules, each responsible for
the necessary tasks that ensure the proper handling of any input dataset, its visual-
1zation with respect to the Euclidean space and its storage in the DB with a schema
that allows the efficient retrieval of information. These modules are the following:

Splitter. The input dataset is split into smaller partitions using the METIS
[205] algorithm. This algorithm tries to find the optimal partitioning of the nodes in
a way that minimizes the placement of connected nodes in different partitions. Given
that linked datasets cannot be partitioned in independent sub-graphs, the information
about the connections of nodes in different partitions, which is referred to as external
edges, is kept to be used by the Merger sub-module.

Visualizer. FEach partition is visualized as an independent graph. The visu-
alization algorithm used depends on the input dataset and its characteristics or on
specific requirements for the wvisualization, such as compactness, overlapping and
orientation. Currently, IVLG uses the Scalable Force Directed Placement algorithm
[158], as it has no limitation for the characteristics of the dataset and allows for the
parameterization of many of the graph attributes including the allowed overlapping
percentage, the size of the nodes and the size of the overall visualization.

Merger. This sub-module receives as input the visualized partitions and the
iformation regarding the external edges between the partitions and produces one
continuous graph as shown in Figure 5.3. The aim of this module is the arrangement
of the partitions in the two-dimensional Euclidean space in a way that the length of
long edges connecting them is minimized. This is of high importance for the quality



of the produced visualization as placing two connected nodes close, minimizes the
average navigation path, ensuring the meaningful navigation of the information even
when accessing it through a device with a small screen.

Also, minimizing the total length of the external edges, results in less background
noise for the visualization caused by long edges. We map the problem of arranging
the partitions in the two-dimensional space to the Grid Arrangement Problem for
which we developed a novel cost function to estimate the length of external edges
between partitions. This is necessary as calculating the actual length of the external
edges between partitions for all possible arrangements is a NP-hard problem [239].

Extractor. The Merger transforms the dataset into one continuous graph, on
which abstraction and filtering functions are calculated. Fach function indicates the
criteria used to assign an abstraction score to each node, a number of abstraction
levels and a threshold for each level. Each node is assigned a score, which is used
to determine in how many of the abstraction levels is present. This calculation is
done at the offline module to allow the application of complex criteria to datasets
with millions of elements without affecting the overall system performance.

The spatial information about the graph elements is handled by the storage mod-
ule, where the triplets of the graph are stored in a distributed Geomesa-Accumulo
database and indexed with a XZ-index. The client side consists of a user-friendly
interface, which allows multiple users to navigate and explore the information si-
multaneously, though a laptop or tablet.

Part of the client side of the system is also the Translator, a module which depicts
the user actions into spatial queries with respect to the Fuclidean space before sending
the request to the server. This module is the core client component that ensures that
the user can navigate the graph in a meaningful way with respect to the stored spatial
information regardless of any visualization preferences.

This module takes into consideration the size of the screen and the area of the
graph that fits there along with the user’s choices on navigation, panning or zooming,
and on exploration using different filtering and aggregation criteria. This way when
the user moves to a different part of the graph, regardless of the way that this action
was triggered, the relevant movement, with respect to all the chosen wvisualization
settings, is translated to the corresponding coordinates of the graph to the Fuclidian
space, before the request is sent to the server.

The Linker is responsible for receiving client requests, querying the DB for the re-
quired information and returning to the client the elements to be visualized gradually
in small packages that can be handled without causing any performance issues.

5.2.2 Platform Functionalities

To allow the user to navigate and explore the information in a fast and semantically
meaningful way, a series of functionalities are provided through the web interface.
These take advantage of the storage schema at the server, the indexing and the
dedicated API to perform complex queries over the dataset as they are answered in
real time.

Overview of the input dataset. Understanding the user needs to get ac-
quainted with the dataset before exploring it, we present a general overview of the
whole dataset as a static image. This tmage is produced by isolating the most con-
nected nodes, based on their node degrees, and visualizing them with respect to the



spacial information. The overview is used to locate areas of the graph that seem
of interest. The user can click on that area on the static image and her screen is
centred to the corresponding part of the graph on the interactive visualization panel.
An additional feature that enables the user to navigate the dataset overview as an
interactive visualization, is the zoom level that can be up to 0.1%.

Interactive visualization. The graph visualization is interactive and respon-
sive to any user request, allowing the user not only to browse information at the
same abstraction layer with simple panning and scrolling actions but also through
different abstraction and zoom levels. This is achieved due to the Translator module,
which can translate any change of the user’s preferences, regarding the graph area
currently visualized, to the corresponding spatial query to the backend.

Customaizable filtering and aggregation. Recognizing that navigating through
millions of nodes to locate the needed information is an ineffective and disengaging
approach, the system enables the user to view the information using one or multiple
filtering and aggregation criteria at the same time. The user is also able to define
the abstraction level that allows her to focus on the information of interest.

A wvery characteristic example where this functionality is of great applicability is
when the input dataset is highly connected and at the same time very diverse, such
as graphs about network traffic, shopping choices and social networks. Then the user
might be interested in only one aspect of the information, while at the same time
looking for nodes with specific node degree, a filtering combination that can be easily
achieved.

Interactive keyword search. Another way the user can locate the information
15 through keyword search. The term is matched against both node and edge labels,
ensuring that no information will be overlooked. The search result is an interactive
list of nodes containing the given keyword. By clicking on a search result, the nav-
1gation window is relocated on the position of the graph containing this node, while
the node s highlighted by a bounding bozx.

Path navigation. After locating an area of the graph that is of interest, the user
18 able to choose one node and follow all the paths of the graph that include this node,
while the rest of the information is hidden. This way, irrelevant information and
background noise are eliminated allowing the user to focus exclusively on the node
and paths originating on it that are of interest. In contrast with most approaches in
which a path can be traversed on one direction only, in IVLG when a node is chosen,
all neighbours, either incoming or outgoing are visualized.

On the fly sub-graph isolation. The user can also choose to isolate a part
of the graph, to better exploit and navigate the information that is present there. In
order to make the isolation of the information user-friendly, the information to be
isolated is chosen by selecting individual nodes, search results or areas of the graph
present in the current screen.

As a further step the user can chose the length of the path from the chosen
nodes that are included in the visualization. The isolated information is shown in
an independent window allowing the user to choose in addition to any filtering and
aggregation functions the algorithm that will be used for the visualization. Given that
the information chosen here may be spread out, respecting the spatial information
of the continuous graph would result in a chaotic and sparse visualization that could
unnecessarily extend in many screens. To avoid this, the stored spatial information
is not used here. The chosen nodes and their edges are visualized on the fly as one



Table 5.3: Synthetic Datasets

Dataset | #Edges | #Nodes | Degree
1M Db 5.1M 1M 5.09
10M D5 50.2M 10M 5.02
10M D10 103M 10M 10.3
10M D15 15™™ 10M 15.7
50M D5 259M 50M 5.18

graph independent from the rest dataset.

This functionality can easily support the on the fly visualization of 5.000 graph
elements, while still providing all the system functionalities, such as the filtering
and aggregation functions, the zoom and abstraction levels. This is done by taking
advantage of the computational ability of the server side of the system. The optimal
implementation of many visualization algorithms by the Graphviz [113] platform is
also exploited allowing the user to view the isolated graph visualized by the algorithm
of her choice. Once more the Linker is used to send to the user the visualized
information gradually in small packages that can be easily handled by devices with
limited computational resources.

5.3 Experimental analysis

In order to evaluate the proposed technique and carry out an experimental analysis
on the efficiency of the information retrieval through the API we developed a web
tool. We wused the tool to spatially query the API and evaluate the response time.
The experiments were conducted using a laptop with an Intel(R) Core(TM) i7-4500U
CPU at 1.80GHz, 4GB RAM memory over a 12Mbps network connection.

Datasets. In order to test our system with many diverse datasets with a wide
range of characteristics we used synthetic datasets. The synthetic datasets, presented
in Table 5.3, were created to comply with specific requirements for number of nodes
and node degree to showcase the scalability of the technique to the size and density
as well as the adaptation to any dataset regardless of its characteristics.

5.3.1 Visualization efficiency

Metrics. We evaluate the system efficiency based on the visualization response time
measured by the time in msecs needed to render the graph elements on the screen
after an exploration action. The time presented is the figures is the time needed for
the query execution, the rendering time for the first elements to appear on the user
screen as the graph is visualized gradually and the total response time of the system
when all the elements are rendered. The visualization time is independent of the
user actions, zoom, filtering or exploration, but dependent on the number of nodes
that are to be rendered.

Methodology. We render randomly selected parts of the datasets using spatial
queries with rectangular bounding boxes ranging from 5002500 px to 400024000 pux.
As the size of the area increases the spatial queries on the dataset match larger
number of graph elements, allowing us to examine the response time over a variation
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of total rendered graph elements. The experiments present the average results of a
series of one hundred repetitions of the graph rendering for each rectangle size.

Results. In Figure 5.3 we present the results for the synthetic datasets. In all
cases the total time is closely connected to the number of rendered elements. The
system renders more than 500 graph elements in less than two seconds and up to
5200 graph elements without causing lagging, performance issues or hindering the
user experience, as shown in 5.3 (e). The fact that so many graph elements can
be rendered smoothly, is of high importance, as similar systems have limits to the
number of presented elements.

In Figure 5.4 we examine the average time needed for the rendering of one graph
element. In Figure 5.4 (a) we show that the average rendering time is not dependent
on the density of the input dataset, while in Figure 5.4 (b) we show that it is not
dependent on the size of the input dataset.

These experiments prove that our technique scales efficiently for any size or den-
sity of the input dataset and supports the exploration of the information for datasets
with millions of nodes without any performance issues.

5.3.2 Comparison with other systems

Metrics. We evaluate the response time of our system by comparing it to that of
other visualization systems. Given that not all evaluated systems can visualize the
same number of elements, the comparison is based on the average visualization time
per graph element.

Methodology. First, we examined all the related systems, to identify the most
suitable for the comparison. Systems that visualize data in an aggregated manner
were not taken into consideration as the aggregation limits the volume of the visual-
1zed information and hinder any comparison.

For the systems FenFire, FlexViz and VOWL 2 [126, 89, 191] the information
about accessing the tools was outdated so no experiments could be performed. The
systems Tulip and Gephi [17, 19], are available only as desktop application, so they
were downloaded and installed for the experimental analysis. The systems RelFinder
and FlexViz [130, 45] are available as web applications, so they were accessed directly
through the web.

These systems could not handle the volume and the diversity of the datasets used
in 5.3.1, so we isolated from the synthetic dataset with 1M nodes and node degree
3, a fully connected graph having 1017 elements. This graph was used to perform
experiments with the IVLG system and the two desktop systems that could receive
input from a properly formatted file. The web-based systems are not supporting
custom dataset so we used for the experiments one of their available datasets.

For the RelFinder tool this was achieved by using the Leipzig/Berlin example that
was available and produced a graph of approximately 250 elements. For the LodLive
system only a few nodes were rendered as the visualization of each node requires
a user interaction. The visualization started from the DBpedia source URI for the
word ‘paper’.

Results. As shown in Table 5.4 the IVLG system has the best visualization time
per graph element among the systems that was compared with. The Tulip desktop
system was the second best, with its performance being dependent on the algorithm
selected for the visualization, only the best three results are shown in the table. The



Table 5.4: Average visualization time per graph element

Tool/Algorithm Elements 3;22}%@) tEiiflr:(j:ll:ecs)
IVLG 1017 2.74 2.5
Tulip (Fruchterman Reingold) 1017 4.37 4.29
Tulip (GEM Frick) 1017 4.71 4.63
Tulip (GEM Frick OGDF) 1017 5.28 5.19
Gephi (Yifan Hu) 1017 8.54 8.4
Gephi (Fruchterman Reingold) 1017 17.29 17
Gephi (Force Atlas) 1017 26.43 25.99
RelFinder 247 14.47 58.58
LodLive 1 3.93 3.93(secs)

Gephi system had a lower performance while some of the algorithms could not be
calculated due to the available resources of the laptop used.

Again, the three best results from the algorithms successfully tested are presented
in the table. RelFinder was tested with the ‘skip delayed graph building’ option se-
lected; that had a significant impact on the time needed for the graph visualization.
LodLive was the slowest system tested as the visualization of each element required
almost four seconds.

Conclusions

In this chapter, a novel technique for the pre-processing very large datasets with
hundreds of millions of elements and their representation as graphs in the two-
dimensional space was presented. The discussed technique has been designed in a
way to meet all the identified challenges regarding exploration needs and user expe-
rience. The presented technique process large real datasets with millions of elements
as well as dense graphs with high node degree. The technique does not impose any
restrictions on the dataset while the information is offered through a dedicated API
that supports many functionalities, including keyword search, path exploration and
neighbor information.






Chapter 6

Targeted Semantic exploration

As more and more datasets become available their utilization in different applica-
tions increases in popularity. Their volume and production rate, however, means
that their quality and content control is in most cases non-existing, resulting in
many datasets that contain inaccurate information of low quality. Especially in the
field of conversational assistants, where the datasets come from many heterogeneous
sources with no quality assurance, the problem is aggravated. We present here an
integrated platform that creates task- and topic-specific conversational datasets to be
used for training conversational agents. The platform explores available conversa-
tional datasets, extracts information based on semantic similarity and relatedness,
and applies a weight-based score function to rank the information based on its value
for the specific task and topic. The finalized dataset can then be used for the training
of an automated conversational assistance over accurate data of high quality.

Aiming to support the development of conversational automated agents that can
carry out accurate, productive and meaningful dialogues we have developed an inte-
grated platform for the creation of semantically correct training datasets. The inte-
grated platform receiwves as input keywords regarding the topic of interest and explores
conversational datasets, extracting semantically related and semantically similar in-
formation. The information is then merged, using an innovative weight-based score
function, and provided to the user as a topic-specific, complete and strictly structured
dataset. The integrated platform has been carefully designed to offer:

e Topic-specific information. The platform receives as input a list of pre-
defined categories that represent the main topics that the conversational agent
will be asked to handle. If needed, additional keywords can be provided to
further customize the semantic topic. This information composes a set of
words that are used to determine the semantic similarity and relatedness of
the information available to the datasets.

e Task-specific language. The main task that the agent is going to carry
out is also provided as input to the platform. This information is used in
the weight-based score function in two key ways. On one hand, it is used
to determine the balance between the similarity and the relatedness. Agents
designed for very specific tasks, and used in ways that limit the conversational
topics that they encounter, need datasets that have more similar information
due to the limited topic and vocabulary deviations they have to support. Agents
that address wider audiences, on the other hand, need to have a larger pool of
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related content to properly respond to questions not directly associated with
their main topic. In addition, the task is closely related with the language
and vocabulary that should be included in the dataset and used by the score
function to support information coming from task-similar datasets. As an
example, an agent utilized for answering company’s emails is expected to use
formal language and proper grammar, so datasets containing social media posts
are less relevant to datasets coming from technical support forums.

e Balanced €& unbiased dataset. The score function has been carefully de-
signed to produce a ranking that will ensure diversity of information in the
output dataset, offering a balanced and unbiased dataset.

e Complete € properly formatted dataset. Information in the input datasets
that it 1s not complete is automatically discarded. The output dataset is always
presented to the user as triplets of information connecting a question with the
corresponding answer and the semantic score as calculated by the function.

e Ranked output. The processed information is ranked based on the results of
the score function. While information that is incomplete, badly formatted and
irrelevant, with a score below 50%, is automatically discarded, the rest of the
mformation is available to be used for the training of the conversational agent.

6.1 System Architecture

We present the system architecture in Figure 6.1. The architecture adheres to a
strict data flow that ensures that all input datasets are processed with respect to
the parameters defined by the user of the platform. FEach question-answer pair is
independently given a similarity and a relatedness score. These two values are then
merged through a weight-based score function, that takes into consideration the source
of the dataset that this pair belongs to as well as the formality of the language that
the agent is expected to use and provides a similarity score as a percentage. Based
on this score, the available information is ranked, any pair with score below 50% is
discarded and the rest are included in the output dataset. The platform is developed
as a Java Application.

6.1.1 Input parameters

There are three main input parameters that are required by the integrated platform.
The first parameter is a set of words, keywords, that are the main topic of interest
for the automated conversational agent. The keywords are a combination of words
important for the semantic category chosen by the user and any additional keywords
that the user may have provided. The set may contain up to five words, a restriction
serving two purposes. On one hand, this ensures that the keywords provided will be
carefully selected to reflect only the important semantic meanings that are needed,
while at the same time will facilitate the semantic analysis process by ensuring that
no false semantic relationships will be identified.

The second parameter that the integrated platform requires as input is the task
that the conversational agent will be trained to carry out. This is needed to pa-
rameterize the weights used by the score function to ensure that dialogues coming
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Figure 6.1: System Architecture

from relevant sources will be prioritized. The input is provided in two ways, first
the formality of the language is specified, allowing the user to chose between every-
day, semi-formal and official language. Additionally, special categories of conversa-
tional agents such as social media chatbots or customer support agents are chosen.
These categories are one-to-one mapping with the categories that the conversational
datasets are coming from, allowing once more the adaptation of the score function
m a way that will promote dialogues coming from sources closer to the intended
purpose.

The third parameter is the set of datasets that will be explored in order to extract
the needed data. Given the plethora of available datasets, it is expected that they offer
a high dwersity with regard to the quality, the source, the topic and the language,
making them the perfect fit for some applications and rendering them unsuitable for
others. In addition, users may choose as input a custom dataset provided that it
respects the question-answer format.

6.1.2 Main processing

For the purpose of the semantic analysis the WordNet [315] lezical database is used.
Nouns, verbs, adjectives and adverbs are grouped into sets of cognitive synonyms,
that are called synsets, each expressing a distinct concept. Synsets are interlinked by
means of conceptual-semantic and lexical relations, resulting in a network of mean-
wgfully related words and concepts. The dataset offers all the semantic relationships
described above.

Based on the above, an overview of the processing data flow is presented here.



Fach question-answer pair of the selected datasets is process independently. First
a semantic similarity score 1s calculated, the algorithm s taking into consideration
the “is a’ semantic relationships between the input keywords and the examined data
to extract a normalized value from O to 1 as presented in Section 6.2.1. Next, the
semantic relatedness score is calculated utilizing the relationships between sets of
words that indicate semantic relatedness to extract again a normalized value from 0
to 1 as presented in Section 6.2.2. Finally, the weight-based score function merges
the two scores, taking into account information about the source dataset and the
target task as presented in Section 6.2.3. The result is given as a percentage score.

6.1.3 Output Dataset

After the processing of the information the question-answer pairs are ranked with
regards to their scores. To facilitate further processing and reduce the size of the out-
put, any pairs with score below 0.5 are discarded as irrelevant to the task and topic.
The data are then provided as a Comma-Separated Values file, that contains triplets
of information. The triplets include in addition to the question-answer pair the cal-
culated score to facilitate further processing and have the format (question, answer, score).

6.2 Semantic Analysis

6.2.1 Semantic Similarity

We present here Algorithm 1 that is used to calculate the semantic similarity. The
algorithm begins with processing the question-answer pair, extracting the nouns, ad-
jectives, adverbs and verbs, as these are the parts of speech available at the Word-
Net dataset, creating a set of words that contains the semantic information (Line
3). Neat, for each keyword provided with the input a similarity score is calculated
(Lines 4-16). Initially (Lines 6-7), the presence of the keyword in the set of words
is checked. If the keyword is present the similarity score is set as 1 and the next
keyword is examined. If the keyword is not part of the set of words, it is examined if
they share a synset of the WordNet dataset (Lines 9-10). If it is, the similarity score
18 once again set as 1. If it is not, it is examined if there is a generalization between
them (Lines 12-16). Hyponymy is given a higher score (Line 16) than hypernymy
(Line 13) as it is expected the keywords provided by the user to include general terms
associated with the general topic of interest, making phrases that include specifica-
tions of these semantically similar. Finally, the score is normalized based on the
number of the examined keywords (Line 17).

6.2.2 Semantic Relatedness

We present here Algorithm 2 that is used to calculate the semantic relatedness.
As with the semantic similarity, the algorithm begins with processing the question-
answer pair, extracting the nouns, adjectives, adverbs and verbs, creating a set of
words that offer semantic information (Line 3). Next, for each keyword provided
with the input we calculate a relatedness score (Lines 4-19). Initially (Lines 6-7),
it is examined if the keyword is an antonym of the set of words. If it is, then the



Algorithm 1: Similarity score algorithm
Input: QA:Question-Answer pair;
keywordList: The list of the keywords provided by the user;
Output: similarityScore: The similarity score between the Question-Answer
pair and the keyword list;

1 totalSimilarityScore + O; // The sum of the calculated scores
2 numberO f Keywords < 0; // The number of the processed keywords
3 setOfWords + extractWords(QA); // Set with nouns, adjectives and

verbs in the QA
4 foreach keyword € keywordList do // Find the similarity score for each
keyword

numberO f Keywords < numberO f Keywords + 1;
if keyword € setO fWords then // Check if the keyword is part of
the QA
‘ total SimilarityScore < total SimilarityScore + 1 ;
else
if IsSynonymy(keyword, setO fWords) then
10 ‘ totalSimilarityScore < total SimilarityScore + 1 ;
11 else
12 if IsHypernymy(keyword, setO fWords) then
13 ‘ totalSimilarityScore < total SimilarityScore + 0.7 ;
14 else
15 if IsHyponymy(keyword, setO fWords) then
16 L total SimilarityScore < total SimilarityScore + 0.9 ;

17 return similarityScore < totalSimilarityScore ~ numberO f Keywords;

relatedness score is set as 1, otherwise it is examined if it is a meronymy (Lines
9-10) and the relatedness score is set as 0.9. The hypernymy is again examined
(Lines 12-13) and given a relatedness score of 0.8. This because, if the keywords is
a specific term it is assumed that it was included to emphasize the semantic interest.
As a result, question-answer pairs that contain generalizations as expected to have
context semantically related as well as similar to the topic of interest. Next, the
path between the synsets is calculated (Line 15) and the relatedness score is set as
inversely proportional to its length (Line 16). Finally, the score is normalized based
on the number of the examined keywords (Line 17).

6.2.3 Weight-based score function

The weight-based score function is building on the fact that not all data sources are
equally important for a specific task. For conversational agents that need to use spe-
cific language or perform a specific task it is important to promote question-answer
pairs that are coming from relevant sources. As an example, two pairs scoring equally
in semantic similarity and relatedness, one coming from a social media dataset and
the other from a customer support dataset, do not offer the same value to a con-
versational agent trained as a chatbot. This is happening as the semantic analysis
investigates relationships between two sets of words but does not take into consid-
eration grammar, syntax and formality. Practically, a phrase coming from a social



Algorithm 2: Relatedness score algorithm
Input: QA:Question-Answer pair;
keywordList: The list of the keywords provided by the user;
Output: relatednessScore: The relatedness score between the Question-Answer
pair and the keyword list;

1 total RelatednessScore < 0; // The sum of the calculated scores

2 numberO f Keywords < 0; // The number of the processed keywords

3 setOfWords + extractWords(QA); // Set with nouns, adjectives and
verbs in the QA

4 foreach keyword € keywordList do // Find the relatedness score for

each keyword

5 numberO f Keywords < numberO f Keywords + 1;

6 if IsAntonymy(keyword, setO fWords) then

7 ‘ total RelatednessScore < total RelatednessScore + 1 ;

8 else

9 if IsMeronymy(keyword, setO fWords) then
10 ‘ total RelatednessScore < total RelatednessScore + 0.9 ;
11 else
12 if IsHypernymy(keyword, setO fWords) then

13 ‘ total RelatednessScore < total RelatednessScore 4+ 0.8 ;
14 else
15 pathLength < countSynset Path(keyword, setO fWords);
16 total RelatednessScore <
total RelatednessScore + (1 + pathLength) ;

17 return RelatednessScore < total RelatednessScore ~ numberO f K eywords;

Table 6.1: Weights for the score function based on language formality and intended
task

Task Similarity Relatedness Social Media Subtitles/Movies Wikipedia Yahoo Answers Customer Support User Provided

Dataset Dataset Dataset Dataset Datasets Datasets
Everyday 0.6 0.4 1 1 0.7 0.8 0.8 1
Semi-formal 0.8 0.2 0.8 0.8 0.9 1 1 1
Formal 0.9 0.1 0.7 0.7 1 1 0.9 1
Chatbot 0.7 0.3 1 0.9 0.8 0.8 0.7 1
Customer Support 0.8 0.2 0.7 0.7 0.8 0.9 1 1
Email correspondence 0.9 0.1 0.6 0.7 1 1 1 1
No preferences specified 0.8 0.2 1 1 1 1 1 1

media dataset will sound closer to what a chatbox is expected to provide than one
coming from more a customer support dataset. In addition, it is also very impor-
tant to have a proper ratio of the similar and related contributions in the output.
Conversational agents that have very specific tasks and are expected to encounter
a limited and invariable vocabulary need to be trained with question-answer pairs
that are very similar to the topic of interest. Contrary, conversational agents that
are exposed to uncontrolled environments where they may encounter discussions not
strictly related to the topic of interest need to be trained with more broad dataset,
one that will include a high percentage of related messages. Based on the above, a
weight table has been created that provides the values that should be used in each case
as presented in Table 6.1.

These weights are used for two purposes, the dataset related weight calculation
which is defining how important the source of information is with regards the task
of the conversational agent and the similarity related weight calculation which is



Algorithm 3: Dataset related weight calculation

Input: datasetCategory: The dataset category;
taskSpecification: The intended task;
languageSpeci fication: The language formality;
weight Array: The array with all the pre-defined weights;
Output: totalDatasetWeight: The calculated weight;

1 if taskSpecification then
2 taskWeight < weight Array(taskSpeci fication, datasetCategory];
3 if languageSpecification then  // Calculate dataset specific weight
4 languageW eight < weight Array[languageSpeci fication,
datasetCategory);
totalDatasetWeight — taskWeight+l(;nguageWeight;
else
L total DatasetW eight < taskW eight;

[}

8 else
if languageSpeci fication then
10 languageW eight < weight Array|languageSpeci fication,
datasetCategoryl;
11 total DatasetW eight < languageW eight;
12 else
13 L total DatasetW eight < 1;

14 return totalDatasetW eight

Algorithm 4: Similarity related weight calculation

Input: taskSpecification: The intended task;

languageSpeci fication: The language formality;

weight Array: The array with all the pre-defined weights;
Output: totalSimilarityWeight: The calculated weight;

1 if taskSpecification then // Calculate similarity weight

2 taskWeight « weight Array|taskSpeci fication, similarityl;

3 if languageSpeci fication then

4 languageW eight < weight Array[languageSpeci fication, similarity];
5 total SimilarityWeight <+ taskwelghtﬂ‘;”g”“gewezght;

6 else

7 L total SimilarityWeight < taskWeight,;

8 else

9 if languageSpecification then

10 languageW eight < weight Array[languageSpeci fication, similarity];
11 total SimilarityW eight < languageW eight;
12 else

13 L total SimilarityWeight < 0.8;

14 return totalSimilarityWeight




Algorithm 5: Weight-based score function

Input: datasetSet: The input datasets;
taskSpecification: The intended task;
languageSpeci fication: The language formality;
keywordList: The list of the keywords provided by the user;
weight Array: The array with all the pre-defined weights;
Output: outputDataset: A CSV file with triplets of information;

total SimilarityWeight < similarityWeightCalculation

(taskSpeci fication, languageSpeci fication, weight Array);
total RelatednessWeight < (1 — total SimilarityW eight);
foreach dataset € datasetSet do
total DatasetWeight < datasetW eightCalculation

(datasetCategory, taskSpeci fication,

languageSpeci fication, weight Array);
foreach QApair € dataset do // Find the total score for each QA
similarityScore < calculateSimilarity(QApair, keywordList);
stmilarityScore < similarityScore X total SimilarityW eight;
relatednessScore < calculate Relatedness(Q Apair, keywordList);
relatednessScore < relatednessScore X total RelatednessWeight ;
10 totalScore +
(similarityScore + relatednessScore) x total DatasetW eight;

[y
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11 if totalScore > 0.5 then // Check if the total score is above
threshold
12 L output Dataset < outputDataset + (Q Apair, total Score);

13 return outputDataset




defining the ratio of the related messages that will be included int he output dataset.

As presented in Algorithm 3, in order to calculate the weight for a specific dataset
the choices of the user are examined. If a user has defined a task (Lines 1-7) then the
task weight is retrieved from the weight table (Line 2). If the user has also defined
a language formality level (Lines 3-5) then the average of the two weights is set as
the overall dataset weight (Line 5). If the user has provided only a language weight
then this is the final weight for the dataset (Lines 9-11). Finally, in the case that
there are no user preferences the dataset level is set as 1 (Line 13).

The similarity related weight, as presented in Algorithm 4, is calculated again by
examining the choices of the users. If a user has defined a task (Lines 1-7) then the
task weight is retrieved from the weight table (Line 2). If the user has also defined
a language formality level (Lines 3-5) then the average of the two weights is set as
the overall similarity weight (Line 5), if not then the similarity is defined only by
the selected task (Line 7). If the user has provided only a language weight then this
is the final similarity weight (Lines 9-11). Finally, in the case that there are no
user preferences the similarity is set as 0.8 (Line 13), ensuring that enough related
information will be part of the dataset without disturbing the semantic focus.

Bringing all the above together is the weight-based score function, presented in
Algorithm 5. The function receives as input the user preferences, a list of datasets,
a list of keywords and the array with the pre-defined weights and produces a CSV
file with triplets of information, the question-answer pair and the calculated score.
First, the similarity weight (Line 1) is calculated based on the user preferences and
the weight array. Next, the relatedness weight (Line 2) is calculated, based on the
similarity weight. For each dataset (Line 3-12), the dataset specific weight is calcu-
lated (Line 4). Then for each question-answer pair in the dataset, a similarity (Line
6) and a relatedness (Line 8) score is calculated, the scores are adjusted based on the
calculated weights (Line 7 € 9). The two scores are added together and multiplied
by the dataset weight (Line 10). Finally, if the final score for the pair is above 0.5
it is added to the output file along with the calculated score (Line 11-12).

Exzample. Given the requirements for a formal, customer support agent with the
additional keyword of device, we examine the question-answer pair, coming from a
customer support dataset:

Q: Is your phone working now?

A: Yes, restarting it solved the problem.

Starting with Algorithm 5, the total SimilarityWeight is calculated as (0.9+0.8)/2,
and the total RelatednessWeight s set as 0.15. Then the total DatasetW eight is
calculated as (0.9+41)/2. This pair produces a set of words {phone, working, restart-
ing, solved, problem} while the keywords are {device, work, solve, problem}. For
these sets Algorithm 4 provides a similarity score of (0.74+1+141)/4 and Algorithm
2 provides a relatedness score of (0.84-040-+0)/4, so the total score for this pair, tak-
ing into consideration the calculated weights, is (0.93%0.85+0.2%0.15)%0.95 = 0.78.
This pair is semantically relevant to the topic and task of the agent so it will be part
of the output dataset.

6.3 Experimental Analysis

In order to evaluate the proposed algorithms and the potential improvement in the
training of conversational assistants we have conducted a series of experimental anal-



ysis. The experiments were conducted using a laptop with an Intel(R) Core(TM) i7-
4500U CPU at 1.80GHz, 4GB RAM memory connected to a 12Mbps home network
connection. Python version 3.6 was used as well as the nltk and scikit-learn libraries
along with their dependencies were used in order to implement the algorithms dis-
cussed in Section 13.

Datasets. The latest dump of the Wikipedia was used as the base dataset
for all the experiments. The dump enwiki-latest-pages-articles.xml.bz2, contain-
ing the latest pages of all the articles of Wikipedia, was downloaded from https:
// dumps. wikimedia. org/ enwiki/ latest/. The dump available in March 2020
was 16.02 GB and it contained 10682757 pages, from these some were indexing or
disambiguation pages that were excluded from the dataset. The final dataset con-
tained 6062172 article pages. These pages were further processed in order to elim-
inate special characters, templates, tables and and other elements available in the
dump related with the formatting, the images, the references and the annotations
available in the pages.

Next, articles that had less than two hundred characters were removed from the
dataset, as these articles were mainly placeholders for topics that needed to be fur-
ther populated and/or articles that were only contained redirection to other articles,
offering no additional information. The final dataset which included only the plain
text of the pages was merged into one file with size of 13.3GB.

All the experiments presented below are using as a basis this dataset. This choice
serves two main purposes. On the one hand, by using only one dataset we are
eliminating the subjectivity of the dataset from the experiments contacted. All the
metrics can be compared between them without the interference of the difference
between the used dataset. In addition, any bias introduced to the dataset during the
pre-processing by the elimination of certain articles and content will be uniform for
all the contacted experiments and will not affect the comparison of the results. On
the other hand, the volume and topic diversity of the Wikipedia dataset allows us to
create many topic specific datasets and showcase the adaptivity of our technique. At
the same time it allows us to emphasize the importance of limiting the input dataset
based on the application needs in order to improve the performance and the user
experience.

For the needs of the experiments below we chose to use the complete dataset as
the basis for comparison and create four new ones on different topics. The topics
and keywords chosen are:

o Tennis(1), with keywords {‘tennis’, ‘ball’, ‘court’, ‘sport’, ‘racket’}
o Tennis(2), with keywords {‘tennis’, ‘ball’, ‘sport’, ‘racket’}

e Animals, with keywords {‘animal’, ‘dog’, ‘jungle’, ‘cat’, ‘lion’}

e Food, with keywords {‘food’, ‘meat’, ‘vegetable’, ‘fruit’, ‘fish’}

The topics for the datasets were selected based on two criteria. The topics had
to be at the same time specific enough with regard to the overall Wikipedia content
and broad enough to support a possible application and allow the testing of multiple
related questions.

Keyword selection € Ambiguation. As discussed in Section 6.1.1 the key-
words selected are very important and will determine if the produced dataset can be



used for the intended purpose and what would be its performance. Choosing key-
words that are too specific will result in less words being connected with the with
the examined semantic relationships, making hard for phrases to have a high score
unless they are also very specific to the keyword, resulting in a smaller dataset, more
focused on the topic and the semantic neighbour of the keywords. Choosing keywords
that are too broad will create a large pool of words semantically associated with them,
resulting in a larger dataset that will cover a wider semantic area.

While we encourage the use of the algorithms with balanced keywords, that rep-
resent the main semantic categories of the topic, both options for specific and broad
keywords may be preferable based on the task that the dataset will be used for. As an
example, a technical support chatbot for mobile phones needs to have very specific
keywords and a limited dataset while a personal assistant chatbox needs to have a
larger dataset with broader keywords.

In all cases, extra care should be given to words that have multiple meanings or
their main usage is not the one related to the semantic topic of interest. Such an
example is shown here, with the creation of two datasets for the semantic topic of
Tennis. The first set of keywords contains the word court which is a reference to
the tennis court, the playing field for tennis. This keyword, however, is primarily
used to identify the court of law and it is tightly associated with the judicial system.
This is evident from the synonyms of the word court as they are identified by the
WordNet lexical database, which are:

[‘courtyard’, ‘motor_inn’, ‘Court’, ‘court_of justice’, ‘homage’, ', ‘Margaret Court’,
‘court_of law’, ‘motor_lodge’, ‘motor hotel’, ‘tribunal’, ‘law_ court’, ‘tourist_court’,
‘royal_ court’, ‘court’, ‘courtroom’].

It is also worth noticing that if the term is referred as ‘tennis court’ which s the
most probable scenario, the addition of the keyword court as a standalone at the list
of keywords is not expected to enrich the dataset with further tennis related material
that the keyword tennis on its own would fail to include.

The role of this term to the dataset size and performance will be evaluated at the
following Sections and discussed accordingly.

6.3.1 Weights vs Output dataset size

Metrics. The first step for the evaluation of our technique is to measure how
the weights discussed in Section 6.2.3 affect the volume of the produced dataset.
This is very crucial as the volume of the dataset will not only affect the quality of
the responses of a chatbox using it but also the time needed to provide the proper
response.

Methodology. For the four topics, and the identified keywords, we run the
algorithms for multiple weights between similarity and relatedness as well as differ-
ent thresholds. The combinations are shown in Table 6.2. For mow on, aiming to
present the results in a more compact way this information will be presented as (sim-
ilarity /relatedness/threshold), meaning that (0.7/0.3/0.8) will characterize a dataset
created with similarity weight of 0.7, relatedness weight on 0.3 and a threshold of
0.8.

Results. In Table 6.3 we present the sizes of the datasets created for the four
topics in the examined combinations of weights and thresholds. While the sizes of
the datasets for the tennis topic is remarkably smaller than the ones for the more



Table 6.2: Similarity & Relatedness examined weight combinations and thresholds

Similarity Relatedness Threshold
0.7 0.3 0.7
0.7 0.3 0.8
0.7 0.3 0.9
0.7 0.3 0.95
0.8 0.2 0.7
0.8 0.2 0.8
0.8 0.2 0.9
0.8 0.2 0.95
0.9 0.1 0.7
0.9 0.1 0.8
0.9 0.1 0.9
0.9 0.1 0.95

Table 6.3: Output dataset sizes based on weights & thresholds

Characteristics Tennis(1) Tennis(2) Animals Food
(0.7/0.3/0.7) 2.5 MB 2.1 MB 11.3MB 159 MB
(0.7/0.3/0.8) 2.3 MB 1.9 MB 10.6 MB  14.8 MB
(0.7/0.3/0.9) 676.5 kB 5942 kB 1.8 MB 2.1 MB
(0.7/0.3/0.95) 590 kB 432.1 kB 1.6 MB 1.8 MB
(0.8/0.2/0.7) 95.6 MB 91.2 MB 538.2 MB 649.4 MB
(0.8/0.2/0.8) 25MB  21MB  11.2MB 157 MB
(0.8/0.2/0.9) 23MB  19MB  105MB 145 MB
(0.8/0.2/0.95) 590 kB 432.1 kB 1.6 MB 1.8MB
(0.9/0.1/0.7) 1154 MB 1121 MB  612.1 MB 701 MB
(0.9/0.1/0.8) 111.2MB 975 MB  583.4 MB 692.9 MB
(0.9/0.1/0.9) 677 kB 612 kB 1.9 MB 2.2 MB
(0.9/0.1/0.95) 590 kB 432.1 kB 1.6 MB 1.8 MB

general categories there are still some interesting comparison among the results.

To begin with, it is remarkable that the (0.7/0.3/0.7) and the (0.8/0.2/0.8)
datasets as well as the (0.7/0.3/0.8) and the (0.8/0.2/0.9) datasets are almost the
same size. A manual inspection of their content showed that the content was also
very similar. This lead to the assumption that the similarity plays a key role to the
overall score and that the relatedness only has a small part of the balance.

Next, the fact that the (0.9/0.1/0.9) dataset do not follow this pattern as well
as the similar size for the (x/x/0.95) datasets leads to the assumption that it is
very difficult to find phrases that score very highly. It is expected that most phrases
included in these datasets will contain one of the given keywords. Finally, as it was
expected, the Tennis(2) dataset which was produced without the court keyword in the
given list, was significant smaller that the Tennis(1) dataset. The affect that this
has in the response quality is discussed in the next section.



6.3.2 Response quality evaluation

Metrics. In our to evaluate the impact our approach has to the response quality
we are going to use the cosine similarity. Cosine similarity measures the similarity
between two non-zero vectors of an inner product space that measures the cosine of
the angle between them. It takes advantage of the fact that the cosine between to
vectors that have 0 degrees of angle will be 1 and as the angle increases the value
will decrease as well.

In the world of semantic similarity the cosine similarity is very important for two
key reasons. On the one hand, the metric is based only on the vectors orientation
and not magnitude, meaning that the proportional size of the question to the answer
will not affect the value of the metric. On the other hand, the cosine similarity has
an outcome is neatly bounded in the [0,1] space allowing the easy comparison between
questions, datasets and topics.

Methodology. For each topic we are going to define three questions, one with
multiple keywords, one with only one keyword and one without any of the given
keywords. In addition for the tennis topic we are going to define an additional
question with the keyword court as it would appear in a judicial related question.
For these questions we are going to record the cosine similarity of the best response,
the average similarity for the top five, ten and twenty responses for the complete
dataset of 13.3G B as well as the datasets produced by our algorithms.

Results. We present here, the questions asked to the datasets as well as the
obtained results. For the tennis topic the questions that were used, are:

o “Which is the most famous tennis tournament?", results are presented in Table
6.4 and in Table 6.8.

o “What are the requirements for the balls and rackets used during a temnis
match?", results are presented in Table 6.5 and in Table 6.9.

e “Which is the most famous player of all times?", results are presented in Table
6.6 and in Table 6.10.

e “In the court of law how many who makes the decisions?", results are presented
in Table 6.7 and in Table 6.11.

For the animal topic the questions that were used, are:

o “Which is the most engaged animal in the world?", results are presented in

Table 6.12.

e “What are the chances of meeting a lion when walking in a jungle?", results
are presented in Table 6.185.

o “Which is the most famous zoo of all times?", results are presented in Table

6.14.
For the food topic the questions that were used, are:

e “Which is the most popular food in the world?", results are presented in Table
6.15.



e “What are the the nutritional needs of a person for meat, fruits, vegetables and
fish?", results are presented in Table 6.16.

o “Which is the most famous chef of all times?", results are presented in Table
6.17.

From the results presented in the tables, presenting the average cosine similarity
of the datasets for the chosen questions there are many interesting results.

To begin with, it is proven that the similarities between file sizes as discussed
in Section 6.3.1 are extended in the quality of the content of the file as well as the
recorded cosine similarity. For the topic of tennis, which is relatively targeted the
cosine similarity was almost identical between combinations of weights and thresh-
olds that had similar file sizes. For the more general subjects of animals and food,
there were some more noticeable differences, showing how the relatedness affected
the content of the dataset for for general cases. In this case too , however, the dif-
ferences could be considered insignificant when compared with differences to other
weights and thresholds.

Next, it is important to note that in most cases the (0.9,0.1,0.9) combination
seems to provide the best overall results for the average similarity score. This comes
as no surprise, as the restrictive size of the datasets does not allows semantically
dissimilar phrases to be infiltrate the top suggested responses of the result.

Furthermore, focusing on Tables 6.7 and 6.11 we note that the presence of the
keyword court in the formation of one of the datasets for the tennis topic has some
significant affect to the performance of this dataset to a judicial related question.
Also, in both cases the general dataset, with all the identified articles, has better
cosine similarity score. This shows that the one keyword was not enough to to cover
the topic of law and that significant amount of phrases containing judicial related
content were excluded.

In addition, examining the performance of the tennis related datasets to the other
questions, it 1s remarkable that they have the same or very similar cosine scores.
This proves that proposed technique has some resilience and if one of the provided
keywords is not well-chosen this will affect the size of the dataset but it won’t derail
it from its semantic focus and overall performance.

6.3.3 Dataset size vs Response time

Metrics. In order to evaluate the impact of our approach to the user erperience
we are also examining the time needed for the calculation of the cosine similarity as
discussed in the previous experiment.

Methodology. For each question we are recording the time needed for the cre-
ation of the vectors for the input dataset and their comparison with the vector of the
question. The time needed is also presented in the tables discussed above along with
the cosine similarities.

Results. The results show that there is a direct correlation between the size of
the dataset and the time needed to obtain the cosine similarity comparison results.
While for some cases, especially pre-processing services and offline training, the time
needed might not be directly affecting the user experience it does affect the overall
performance of the system. It also affects the needs for memory and computational
power. This may be counter-productive in large scare set-ups, especially taking into



consideration that carefully limiting the input dataset by applying the proposed tech-
nique will not affect the result quality.

Conclusions

Recognizing that Big Data often lack the needed quality for the training of artifi-
cial intelligence agents, an integrated platform was presented in this chapter that
performs semantic analysis in conversational dataset in order to create high quality
datasets for the training of conversational agents. The input question-answer pairs
are examined based on their semantic similarity, their semantic relatedness and their
source to extract a score that allow us to rank them based on their potential contri-
bution for the specific task and topic.
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Chapter 7

Data quality control & management

Environmental monitoring is based on time-series of data collected over long periods
of time from expensive and hard to maintain in-situ sensors available only in specific
areas. Climate change has prompted the monitoring of extended areas of interest
and has raised the question of whether such monitoring can be complemented or
replaced by low-cost and easy to use portable sensors and devices. This will allow
the collection of needed information with the support of volunteers, enabling the
monitoring of aquatic ecosystems and extended areas of interest.

In recent years, scientists have come to understand that widespread access to
technological platforms such as smart phones and tablets, with accurate GPS track-
ers, high resolution cameras and multiple sensors, has opened the way to the general
public to participate in scientific research [278, 71]. As the collaboration between
scientists and citizens in the data collection has increased, the term citizen science
has gained in popularity.

As a result, people from different social, economic and educational backgrounds
are interested in contributing to the collection of data. However, such diverse par-
ticipation often means that the volunteers do mot have the needed experience and
training to collect data in a strict scientific way, by following rules and procedures
and recording in detail their actions and measurements. Data collectionis strictly
defined as the process of gathering and measuring information on variables of in-
terest, in an established and systematic fashion that enables one to answer stated
research questions, test hypotheses and evaluate outcomes [252].

The deviation of the crowd-source data collection from the strict scientific defi-
nition has resulted in many scientists expressing skepticism regarding the quality of
the collected data from volunteers and questioning the value that these add to their
research. The main challenges regarding the use of citizen science [107, 72, 54, 248]
for scientific research are

Data quality. Critics have raised concerns about data quality, and some studies
have shown controversial results. Some studies find that volunteers are inaccurate
when tasked with actions that require a great degree of knowledge in a specific field,
such as identifying plant species [223]. Other studies, however, indicate that while
citizens have a greater learning curve than professionals, they tend to be more focused
and dedicated, paying attention to details that professionals may overlook and provide
data of the same or higher quality in the long run [271, 172].

Communication between volunteers and scientists. Another challenge that mate-
rialized from the first efforts of scientists to organize data collections with the help
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of volunteers was the communication between the two groups [306]. Scientists are
used to speaking in scientific terms with which citizens may not be familiar or fully
comprehend. This leads to the collection of data in improper ways that do not sup-
port the scientific purpose for which they were collected. Volunteers, on the other
hand, tend to know better the local topology, the accessibility of the area and the local
challenges.

Bias contributions. Concerns have also been raised about the motivations of
citizens and their potential biases, which might influence their activities in citizen
science projects, especially for cases where the rewards were not direct [263, 180].
As many examples have shown, research in general is not devoid from bias [216].
Regardless of their origin, biased contributions should be identified and eliminated
from the datasets before the data utilization.

Equipment requirements. Most technological needs for crowd-sourcing data re-
quire minimum equipment from the volunteer, a smart phone or tablet, an application
and some network connection. There are cases, however, where the scientists want
to measure other parameters, such as air temperature and quality, that cannot be
provided by equipment already available to the volunteer. In such cases, the scien-
tists are asked to identify sensors, that can be given to the volunteer and facilitate
the data collection [116]. While such efforts have proven to be reliable and provide
the needed information for the monitoring systems, occasionally, data collected by
such sensors may be of low quality or affected by noise, requiring additional quality
control measures.

Volunteer engagement and communities of practice. There are many difficulties
regarding the engagement of volunteers and the formation of communities of prac-
tice [329]. For tasks that require regqular and frequent data collections issues about
recruitment, commitment and time availability may be a significant barrier. For
collection of data to areas that are isolated or not easily accessible, the commute to
the area may be disengaging due to the time commitment and the financial burden.
In order to mobilize and maintain large citizen science initiatives, it requires the
dedication of both time and financial resources. This raised the question of whether
investing in citizen science can lower the cost of the data collection process. Re-
cent studies [106] show that the answer to this question is highly dependent not only
on the type of data collected but also the type and extent of errors committed by
volunteers.

Data discovery and re-usability. Another important challenge regarding data col-
lection through citizen science projects is the data discovery and re-usability. More
often than not, data collected in the context of citizen science projects are very spe-
cific, measuring data in customized ways that facilitate the collection from people
without scientific knowledge and are rarely mapped to generic formats or provided
using widely accepted standards. The answer to this problem, comes through the
utilization of the appropriate standards [240], that allow the uniform provision of
data between different citizen science projects [279, 173].

Contributions. We present here the Scent toolbox, an integrated monitoring
system that aims to address all the identified challenges and provide a way for sci-
entists to collect accurate and trustworthy environmental data. A collection of smart
collaborative and innovative technologies allow citizens to support scientists and pol-
icy makers by collecting environmental measurements. The toolbox has been carefully
designed to offer:



Data quality assessment. A data quality control mechanism has been imple-
mented that uses a custom mechanism to identify biased or low quality contributions
and remove them from the system.

Communication between scientists and volunteers. The Campaign Man-
ager is a web platform dedicated to the unobstructed communication between scien-
tists and volunteers. Scientists can use the tool to define areas and points of interest
(Pols) through an interactive map visualization and specify the type of data needed
at each point of interest.

Data Assurance. Important measurements for the monitoring of aquatic ecosys-
tems, such as water level and water velocity are collected indirectly. The volunteers
are asked to collect images and video, which are processed by dedicated tools that
extract the measurements. This eliminates biased measurements, errors due to in-
experience or insufficient training and allows for a detailed post-collection scrutiny
of the provided contributions.

Integrated portable environmental sensors. For measurements that require
the utilization of additional infrastructure, small, low-cost and reliable portable sen-
sors are selected. These provide accurate air temperature and soil moisture measure-
ments with low maintenance needs. The application responsible for the collection of
the measurements guides the volunteer and ensures the proper utilization of the sen-
sor while a dedicated quality mechanism ensures the validity of the information.

Volunteer engagement. We have developed a volunteer engagement strategy
that is based on gamification. The volunteers can collect points and awards by com-
pleting simple tasks, such as taking pictures and video, and contributing to the data
collection process.

Data discovery and re-usability. Recognizing the importance of making the
collected data available, all the information is modeled, stored and provisioned using
the Open Geospatial Consortium (OGC) [233] Standard SensorThings API (Applica-
tion Programming Interface) [183]. The filtering functionalities of the SensorThings
API allow the spatiotemporal discovery of information among the collected measure-
ments and encourage their re-usability.

7.1 System Architecture

In order to organize data collection activities with the help of volunteers with no
technical knowledge, referred to as campaigns, the key for success is to carefully
wdentify the information needed and establish unbiased and reliable processes for its
collection in a straightforward and easy way. The established processes should be
simple, easy to explain and exvecute, independent from the knowledge and skills of
the volunteer and not dependent on expensive infrastructure. They should also be
designed in ways that will ensure the data assurance and provide ample opportunities
for data validation and quality control.

The information, in the context of monitoring water ecosystems that has been
defined as very important is the monitoring of land cover and land use (LC/LU)
changes, the water level and the water velocity as well as the recording of environ-
mental parameters such as air temperature and soil moisture. These needs have been
mapped to straightforward, time-effective and meaningful actions that the volunteers
can carry out with ease, without requiring special knowledge or skills. The proposed
solution for the monitoring of the LC/LU changes is the collection of images of the
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Figure 7.1: Scent toolbox architecture.

area of interest and their classification based on a taxonomy to identify depicted el-
ements of interest. For the water level, the volunteer is again asked to capture an
image, while for the water velocity the volunteer is asked to collect video. As for the
collection of environmental parameters, a small, low-cost but accurate sensor paired
with a smartphone or tablet is used.

Aiming to facilitate the users in performing these tasks and address the above-
mentioned challenges related to the data collection through volunteers, we have de-
signed an innovative system, which is presented in Figure 7.1. The system is com-
posed of a suit of components, each one specifically designed to support the tasks
assigned to volunteers or to facilitate the data exchange. An innovative flow of in-
formation has been implemented to ensure that the needs of the local authorities are
communicated to volunteers, while the collected data are forwarded to environmental
experts where they are processed and enriched before being presented to the author-
ittes that can now have improved monitoring of the area of interest. The system
requirements for the toolbox have been collected through multiple end-user workshops
and focus groups, as discussed in [307]. The key components of the system are
presented in detail below.

7.1.1 LC/LU Taxonomy

When monitoring an ecosystem, it is very important to have detailed, area specific,
iformation about the land cover and land use. Indicative of the importance of
such monitoring are the efforts dedicated by the Furopean Union to the development
of a consistent land cover repository. The Copernicus Land Monitoring Service
[55] utilizes the CORINE (Coordination of Information on the Environment) Land
Cover (CLC) inventory, which was initiated in 1985 and updated in 2000, 2006,
2012 and 2018. It consists of an inventory of land cover in 44 classes. CLC uses
a Minimum Mapping Unit (MMU) of 25 hectares (ha) for spatial phenomena and a
manimum width of 100 m for linear phenomena. CLC is produced by the majority



Table 7.1: Taxonomy Elements.

Urban Case—LC/LU

Obstacles or Damages

Rural Case—LC/LU

Buildings

Trees

Furrows

Paved areas Tree branches Rice fields
River bank. Low grass Cars/vehicles Vineyards
River bank. Shrubs Dustbins Fruit trees
River bank. Concrete Storm drains. Clean Pastures/Grassland

River bank. Stone

Storm drains. Debris

Forest. Broad-leaved

River bank. Bare soil

Storm drains. Leaves

Forest. Coniferous

River. Dry cross-section

Storm drain discharge

Forest. Mixed

Roads Buildings. Damaged Heathland

Parking lots Roads. Damaged Sand

Railway lines Bare rock

Excavation or construction sites Sparsely vegetated area
Dump sites Burnt area

Inland marshes

Parks. Tall vegetation

of countries by visual interpretation of high resolution satellite imagery. In a few
countries semi-automatic solutions are applied, using national in-situ data, satellite
mmage processing, GIS integration and generalization. The }4 classes that form the
CORINE Tazonomy [56] come from a 3-level hierarchical classification system that
respects the detail level of the 25 ha MMU. As an example, for the classification of
Water bodies, a level-1 class, there are available two sub-classes, Inland waters and
Marine waters. The Inland waters are further divided in Water courses and Water
bodies.

In the context of monitoring water ecosystems, however, the CORINE taxonomy
does not offer the level of detail required. Specifically, it is of utmost importance to
specialize between different types of water courses, wetlands and sparsely vegetated
areas. For this reason, the Water bodies class was further specified to include Dry
cross section and River bank. Next the River bank was further specified to include
types of land cover at the bank, such as stone, bare soil, concrete and shrubs. All
the taxonomy classes used by the Scent toolbox are presented in the Table 7.1.

7.1.2 Campaign Manager

Aiming to alleviate the communication gap between scientists and volunteers, a web-
based application, the Campaign Manager, was created. The Campaign Manager
allows scientists to communicate their needs regarding data collection activities in
a user friendly, simple and functional way. Scientists can use a user-friendly web
interface to create campaigns for areas where data on LC/LU, soil conditions and
river parameters are needed, while also providing descriptive information about the
scope, aim and purpose of the campaigns. In addition, the scientists define for
each campaign Points of Interest (Pols), specific coordinates where data should be
collected. Furthermore, the Campaign Manager supports the visualization of citizen
generated data, tmages, videos and sensor measurements, as well as maps of the
areas of interest with information regarding LC/LU.

The architecture of the Campaign Manager has been designed according to the
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Figure 7.2: Campaign Manager. Pol visualization.

classical multi-tier system with a communication paradigm based on open source
service-oriented architecture, where each service interacts with the other through a
set of messages written in a standard format. The architecture and relevant services
are composed of the following layers:

Presentation layer. Mobile and web interfaces, the main gateway for interacting
with the application’s main services.

Service layer. Services responsible for the communication between parts of the
Presentation Layer and also for the communication between Campaign Manager and
external API endpoints, further details about these endpoints are provided in Section
7.4.3, for the acquisition of citizen generated data.

Data access layer. The internal endpoints of the Campaign Manager.

Database. A database and collections implemented using MongoDB.

The interfaces of the application, Figure 7.2, are implemented using Angular
4, a JavaScript-based open-source platform that makes it easy to build applications
with the web. Angular combines declarative templates, dependency injection, end to
end tooling and integrated best practices to solve development challenges. Moreover,
spatial visualizations of the collected data are implemented as map overlays using
OpenLayers library along with OpenStreetMaps.

The server and the RESTful API of the Campaign Manager are implemented
using Node.js, an open-source, cross-platform JavaScript run-time environment that
executes JavaScript code server-side. Through the API basic user actions, such as
authentication and password change, and more complicated ones, such as data CRUD
(Create, Read, Update and Delete) actions, are handled. The personalized settings of
the user accounts and settings are stored in a database implemented using MongoDB,
a free and open-source cross-platform document-oriented database program, that uses
JSON-like documents with schemas.

7.1.3 Gaming Applications

One of the major challenges in citizen science s keeping the users motivated to
contribute over a period of time, in a way that will not require the continuous dedi-
cation of time and resources from the scientists. The 1% rule of thumb [227], which
is also referred to as the 90-9-1 principle, aims to quantify the imbalance that is



associated with the contributions of volunteers to crowd-sourcing efforts. It has been
observed that approximately 1% of users of any application or website contribute the
vast magority of new content. The percentage that they contribute is calculated in
most cases between 90% to 95%. An additional 9% of users are credited with sparse
contributions or secondary tasks that may not be as important, depending a lot on
the context discussed. An indicative example is Wikipedia where approximately 1%
of users are contributing the majority of the content while 9% of users are usually
editing, proofreading and correcting grammatical errors [331]. Finally, the magjority
of individuals, the remaining 90%, are only interested in using the available material
without providing data or contributing to the overall efforts. In one of the empirical
studies of this phenomenon, this observation was supported within the digital health
social network context [207].

An approach to boost volunteer participation and user engagement comes through
the gamification of the process [266, 145, 224]. The two mobile applications that were
developed to utilize elements of gamification [51] but also support the data collection
for the monitoring of the LC/LU and the collection of river parameters, are presented
here.

Scent Explore

Scent Fxplore, Figure 7.3, is a game designed for the primary purpose of collecting
scientific data and not for pure entertainment that the volunteers use to locate the
Pols, as defined by scientists through the Campaign Manager; carry out the tasks
specified and gain rewards when successfully concluding them.

First, volunteers select a campaign and see the associated Pols and the actions
to be performed. As the volunteer reaches a Pol where an image of LC/LU is
needed, the phone camera is activated and features of augmented reality, a little
animal, are shown; see Figure 7.3. The volunteer is encouraged to look around
and locate the little animal. While the volunteer is looking for the AR feature, the
application is integrating the information recewed from the GPS with the gyroscope
and the accelerometer so as to guide the user to the correct position, the one provided
by the local authorities at the Campaign Manager. The little animal is carefully
integrated to the screen so as to appear further away or close depending on the
distance of the volunteer from the Pol. For older devices that lack some or all of
the needed sensors for the navigation to the Pol, there are additional features that
ensure an unobstructed user experience and valid collection of data. After locating
the augmented reality feature, the volunteer can simply tap on the screen to capture it
and as a result take an image with specific orientation that includes the information
of interest [103, 268]. The volunteer is then asked to choose elements of the taxonomy
that best describe the content of the image. Upon the conclusion of this task, the user
1s rewarded by adding the captured little animal to their collection and with points
depending on the distance from the Pol. Collecting points and badges, based on the
level of expertise, is a common way of user engagement for gaming applications that
has been proven to have positive results [75, 102].

When a volunteer reaches a Pol where the water level measurement is required,
the process described above is repeated, only this time the augmented reality elements
are strategically located towards the water level indicator. Additional information
about the image processing, its requirements and the measurement extraction are
giwen in Section 7.1.4. For a Pol where the water velocity is required, the camera of
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Figure 7.3: Scent Explore.

the device is activated to video mode. The volunteer is then asked to capture a video.
Additional information about the requirements for the video and the extraction of
the water surface velocity are provided in Section 7.1.4.

An additional feature of Scent Explore, aiming to improve the user experience and
support user engagement, is the random Pol generator. In case that two Pols, as
defined in the Campaign Manager, have a significant distance or the user is delayed
m any other way, e.g., people in the team taking longer to complete the Pol resulting
i the user being inactive for more than three minutes, then the application creates a
intermediate Pol requesting LC/LU information. This feature not only succeeds in
keeping the volunteer engaged in case of delays during the campaign but also results
in the collection of additional data.

Given that the collected video and images are further processed to extract river
measurements, as discussed in Section 7.1.4, it is important they are of high qual-
ity. To this end, further actions are taken to ensure the quality of the collected
multimedia. To begin with, 1tmages are stabilized by directly accessing the charge-
coupled device camera sensor, improving the color schema and eliminating noise
from movement, instead of using pictures interpolation. Image stabilization is addi-
tionally improved by taking three photos every time that a volunteer is capturing an
augmented reality feature, rather than the expected one, and choosing the photo with
less vartation of the mobile accelerometer, to ensure better definition of the captured
elements. Furthermore, the video stabilization is achieved by utilizing the accelerom-
eter to detect instability and up-down movements at each frame. Additionally, extra
thought is given to the positional data quality. The application gets GPS data with
an implementation of Position Dilution of Precision (PDOP). This is very impor-



tant given that with the GPS, optimal accuracy is in the order of 35 m or 10-20 m
i isolated environments; with PDOP, the position accuracy can be less than 2 m or
3-5 m, respectively.

Scent Measure

The first step for the Scent Measure was to identify a set of requirements to be
used in order to identify the proper sensor for the volunteers to use in the field.
The requirements take into consideration the needed volume, the inexperience of
the volunteers as well as the need for an interoperable and reproducible solution for
different pilot areas. The identified requirements are presented in Table 7.2.

After an exhaustive search for the available sensors that can measure air temper-
ature and soil moisture, the Xiaomi Flower Care Smart Monitor [335], as presented
in Figure 7.4, was selected as it complies with all the above mentioned requirements.
It records measurements quickly and is simple to use as it does not require any in-
stallation. It provides measurements for air temperature and soil moisture every 15
s requiring only to insert the metal probes into the soil. It is a reliable sensor, with
a battery life of a year and resistant to corrosion with a waterproof battery compart-
ment. It is lightweight, only 130 g, and compact, only 12.00 x 2.45 X 1.25 cm in
dimensions, making it portable. The detectable temperature range covers from —20
°C to 50 °C with +0.5 °C temperature error control. The moisture is measured in
scale 0%-100% with 1% accuracy.

Scent Measure, shown in Figure 7.5, is the application dedicated to the collection
of sensor measurements by the volunteers. The application can be used indepen-
dently, in areas where only sensor measurements are needed or complimentary to
Scent Explore. The users can use their Scent account with this application too, in
order to collect points and rewards for their contributions. In order to maintain
the same look and feel among the applications, the user is rewarded with points for
each collected measurement. In addition, badges dedicated to the collection of sensor
measurement are available and unlocked based on the performance of the user.

The main data flow of the application is to connect to the portable sensor of the
volunteer, collect measurements, add the needed metadata and forward them to the
dedicated backend server. In detail, first the user can choose to login or play as
a guest. Next, the application scans for nearby sensors. For communication with
the portable sensor, the application uses Bluetooth Low Energy as it is designed to
connect devices with low power consumption. All the discovered sensors are shown
to the user so as to select the one that is assigned and proceed with the measurement.
The application then collects air temperature and soil moisture values at 15secs time
intervals from the selected sensor; the GPS coordinates and the current time as it
15 available at the mobile device are added as metadata to the measurement which
15 then forwarded to the backend server. To further support user engagement, the
application notifies the user every time a new measurement is recorded and displays
the recently collected measurements.

7.1.4 River Measurement Extraction from Multimedia

The collection of measurements from water bodies, such as rivers and canals, are
usually carried out by groups of scientists trained to accurately collect such measure-
ments without bias, using a variety of methods to ensure quality control [319, 289,



Figure 7.4: Xiaomi Flower Care Smart Monitor.
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Figure 7.5: Scent Measure.

337]. Such data collections require expensive equipment and are time consuming.
The utilization of such techniques in the context of citizen science is not feasible as
they are often complex, require training and resources and lead to variable degrees
of data quality based on the expertise of the volunteer contributing.

In order to provide measurements for the proper monitoring of ecosystems, the
data should be consistent, accurate and independent of the expertise of the volunteers
collecting it. To achieve this, volunteers are simply asked to take a picture of a water
level indicator or a video of a predefined floating object and upload it through the
Scent Explore. The crowd-sourced data are then processed by two tools, that have been
specifically designed to automatically extract the water level and the water velocity
m a consistent and accurate way.

Water Level Measurement Tool

The WLMT receives an image that contains a water level indicator and the waterline,
the line where the water level indicator meets the surface of the water. Initially, the
tool uses the color difference in the image to identify the waterline. This step is very



Table 7.2: Requirements for portable sensor.

Requirement Justification

Measurements  According to the requirements of the environmental scientists,
to be recorded. the key parameters that the portable sensors should be able to
record are air temperature and soil moisture.

Low-cost. As many sensors as possible are needed in the field simultane-
ously; where it is probable they might get destroyed or lost,
the price per unit for the sensor should be low. This, however,
should not compromise the quality and accuracy of the collected
measurements.

Portability. Keeping in mind that the volunteers will have to carry the sen-
sors for the duration of the Campaign, there is a need for the
sensor to be lightweight. In addition, it is crucial to ensure
that the sensor will have enough power autonomy for at least
one fully operational day, to avoid the need for power banks or
charging stations during the Campaign.

Ease-of-use. Taking into consideration the inexperience of the volunteers,
their lack of training regarding the scientific way for the col-
lection of environmental measurements, the possible challenges
on the field and the need for multiple measurements in a short
time span, the portable sensor should have a very intuitive way
of use and require minimum effort from the user.

Connectivity. Aiming to have a high degree of accuracy and ensure uniformity
among the measurements collected, many of the needed values
such as the GPS coordinates and the timestamp are collected
from the mobile device of the volunteer. This means that the
sensor should be able to connect, preferably over Bluetooth,
with a mobile device and forward the information there.

Open API. Last but not least, the collected information is to be forwarded
to the system backend. In order for that to be feasible the
sensor should provide an open API.

important for the detection of the correct measurement, the numbers closer to the
waterline, and eliminates any noise from numbers of the water level indicator higher
up or random signage included in the image.

Next, the tool “reads” the indicator and extracts the number that is closest to
the waterline. The conversion of images containing handwritten or printed text into
machine encoded text is called Optical Character Recognition or Optical Character
Reader (OCR). Tesseract [281] is an optical recognition engine, released under the
Apache License, Version 2.0, and sponsored by Google since 2006 [320]. Tesseract is
considered one of the most accurate open-source OCR engines available [257, 332].
In our case, a Python script utilizes this library to extract the water level.

While the digit extraction is very accurate and robust, the main issue is the differ-
entiation between water level indications, specifically if a topological or a hydrological
indicator is captured in the image. In the majority of the campaigns, hydrological
indicators were used, but in some cases during the first campaigns where the issue
was not known, some topological indicators were used as well. This is an important
problem as the two indicators display the numbers very differently. The hydrologi-
cal indicators use centimeters while the topological indicators use decimeters, so an



Table 7.3: Instructions for the water level indicator capture.

Step Description

Num-

ber

#1 Locate the water level indicator at the opposite river bank.

#2 Wait for the camera to be activated.

#3 Stand straight opposite to the water level indicator.

#4 Chose the camera frame to include the water level indicator
and the waterline.

#5 Make sure that you keep the camera stable and steady.

#6 Capture the image.

identified value of 10 corresponds to 10 cm for a hydrological indicator but to 10 dm
for a topological one.

Aiming to ensure measurements with high degree of confidence, detailed instruc-
tions are given to the volunteers, as presented in Table 7.3, regarding the optimal
way that they are to capture images including a water level indicator.

Water Velocity Calculation Tool

The WVCT receives a video with a pre-defined object, which is floating downstream
following the river course, and extracts the water surface velocity. As a floating ob-
ject, a tennis ball was selected. Initially, efforts were dedicated to more eco-friendly
solutions such as oranges. Such solutions however pose significant technical chal-
lenges, given that each object is expected to have different color and size and differ
in density. Upon testing, it was observed that occasionally oranges were submerged
into the water rather than floating on the water surface. Tennis balls have strict
specifications, they are always the same bright yellow color, have a 6cm diameter
and float on the water surface. To ensure that no tennis balls will pollute the ecosys-
tem, a very thin fishing string was carefully attached to the tennis balls used during
the campaigns to ensure that the ball would be always retrieved.

The main challenge regarding the processing of the video is the noise that has
been introduced to the recording due to intentional or unintentional movement of
the mobile device. In order to eliminate this noise the video is first stabilized. The
stabilized video is then processed frame by frame. The first step is to locate the first
frame of the video that contains the tennis ball. This is achieved by looking for the
very distinct bright yellow color of the tennis ball, which is not expected to occur
naturally in the environment. FEach pair of consecutive frames are examined, and
the optical flow between them is calculated. First, the average optical flow of the area
of the frame that includes the tennis ball is calculated. Next, the average optical flow
of the rest of frame is calculated to identify if the camera was moving during the
video capture and eliminate this movement from the calculation. The displacement
of the ball, between these two frames, is calculated by subtracting from the average
optical flow of the ball the average optical flow of the rest of frame.

The calculation is repeated as long as the next video frame contains the tennis ball.
A dedicated counter is recording the number of frames that were valid and examined
while the total displacement is calculated as the sum of the displacements between all
pairs. The end of the video is defined as the first frame where a tennis ball cannot be



Table 7.4: Instructions for video recording.

Step Description

Num-

ber

#1 Select an area of the river where there are no visible obsta-
cles and/or river bends.

#2 Activate the camera and chose the appropriate frame.

#3 Throw the securely attached tennis ball upstream.

#4 Start the video recording while waiting for the object to
float by.

#5 Record the object floating by while keeping the camera
stable and steady.

#6 When the object is no longer visible within the camera
frame stop the video recording.

#7 Retrieve the tennis ball using the fishing line.

located. This is an additional safety measure in the case where excessive movement of
the camera resulted in the tennis ball being completely removed from the frame. The
total displacement, which has been calculated in pizels, is then calibrated using the
dimension of the tennis ball given, which we know to be 6 cm in diameter. Finally,
the number of frames where the tennis ball is found is calibrated by the frames per
second of the video, to give the time in seconds calculated for the displacement. We
calculate the water velocity by dividing the total displacement by this time resulting
in the measurement of the water surface velocity in cm/s.

The tool has some baseline validation mechanisms that are used to discharge
video that is of low quality. The first validation test is with regard to the duration
of the presence of the tennis ball. If the tennis ball is tracked in fewer frames than
the frames per second of the video, giving less than a second of useful material, then
the video is considered invalid. The second validation test examines the calculated
displacement of the tennis ball. If the displacement is less than the identified size
of the tennis ball, then the video is again considered invalid. In any other case, the
water velocity is extracted with a confidence score that it calculates as the average
of the percentage of the video frames that were used, continuous identification of
the tennis ball, to the total duration of the video and the average number of pixels
that the tennis ball covers in the frames to the overall displacement as calculated in
pizels. The function giving the confidence level 1s:

. __ 1/ValidVideoFrames TennisBallSize
C’onfzdenceLevel - 2<TotalVideoFrames + Displacement )

The tool was tested with some videos captured for this purpose, containing frames
of the tennis ball. The tracking of the object was very reliable and robust to the video
quality and duration; the displacement calculation however was up to some degree
dependent on the stability of the video. Aiming to ensure measurements with high
degree of confidence, detailed instructions are given to the volunteers, as presented
in Table 7.4, regarding the optimal way that they are to capture the video.



7.2 Demonstration Cities and Data Collection

The Scent Toolbox was tested in two carefully selected areas, the Danube Delta in
Romania and the Kifisos River basin in Greece. The areas offer different environ-
ments and topologies and have different needs and challenges allowing the testing of
the system under different conditions. Starting from August 2018, several specific
campaigns were organized for each study area. FEach campaign was focused on one of
the needed measurements in order to facilitate a training workshop before each one.
During the workshop, the volunteers were informed about the project and trained in
the use of the Scent Toolbox component that was used during the campaign. The
campaigns ran for a period of 10 months, with 6 different campaigns taking place in
each pilot area, two for each thematic topic, LC/LU images, sensor measurements
and rwer data.

7.2.1 Danube Delta, Tulcea, Romania

The Danube Delta in Tulcea, Romania [69] is the largest natural wetland in Europe
and is protected under UNESCO as a unique biosphere reserve. The Danube Delta
Biosphere Reserve has the third largest biodiversity in the world with more than 5500
species of flora and fauna and the highest concentration of bird colonies in FEurope.
Many of the species of plants and animals living in the Danube Delta are unique
to it. The Biosphere Reserve is also home to a population of more than 10,000
people, who rely on the natural resources and the environment of the Danube Delta
for their livelithoods.

However, the Delta has suffered from human interventions, which led to dramatic
changes in the area, including damming large areas for agricultural use, fishing and
forestry. This has resulted in the disturbance of the ecological balance of the wetlands
and in some cases the deterioration and loss of biodiversity. Monitoring the changing
landscape of the Delta is an tmportant first step in maintaining its natural ecological
balance, and protecting its communities. The Scent Toolbox aims to collect up-to-
date data to dynamically and accurately monitor changes in land-cover and land-use
and thereby help to better protect both the Delta’s environment and the population
who live there.

Campaigns in Numbers During the campaigns 200 participants collected 1500
videos, 1500 sensor measurements, 1800 images containing water level indicators
and 16,000 images with LC/LU elements.

7.2.2 Kifisos River Basin, Attica, Greece

The Kifisos river basin[259] is roughly 380 km?, and almost 60% of its watershed
18 urbanized as the metropolitan area of Athens. As the city has expanded, the
land-cover of the area has transitioned from rural to urban, and industrial in some
areas. The hydrological network of the basin has been heavily engineered to support
expanding constructions. However, in many cases, the hydraulic works were poorly
designed. There are many areas where there are illegal constructions, even within
the main riwer course. As a result, during periods of heavy and rapid rain events,
the river floods due to the insufficiency of drainage networks, causing severe damage
to infrastructure around the river.



Scent has organized campaigns in areas of the river basin characterized by rapid
changes in the riwer water level caused by natural and anthropogenic factors. With
the Scent Toolbox, volunteers collected tmportant information that allows for in-
creased awareness of the status of the river environment. The volunteers have also
collected soil moisture and temperature measurements, both before and after heavy
rain events to help hydrologists better understand the river dynamics.

Campaigns in Numbers During the campaigns 460 participants collected 400
videos, 1000 sensor measurements, 700 images containing water level indicators and
4000 images with LC/LU elements.

7.2.3 Safety Considerations during Campaigns

For the campaigns organized at the Danube Delta, personnel from the DDNI [64]
and SOR [284] were responsible for ensuring the safety of the volunteers. Both orga-
nizations are partners of the Scent project and experienced in organizing campaigns
for educational or bird watching purposes in the area that was visited. In all cases,
safety precautions were taken, including life vests for boat trips, protection from the
weather elements such as hats and sunscreen in the summer and raincoats in the
winter as well as satellite and radio communications in case of an emergency while
at remote areas without GSM (Global System for Mobile Communications) signal.

For the campaigns organized at the Kifisos river in Attica the Hellenic Rescue
Team of Attica (HRTA) [140], a Scent project partner was responsible for the safety
of the volunteers. The HRTA members have significant experience in providing first-
response emergency medicine in events with many participants as needed. For most
of the campaigns organized at the Kifisos river, pedestrian paths in semi-rural envi-
ronment were chosen, so the HRTA members were mostly tasked with coordinating
the teams of volunteers and ensuring that all safety guidelines were respected. As
an exception to this, due to the topological challenges of an area of interest at the
northern part of the Kifisos river, only trained HRTA members were allowed to par-
ticipate.

7.3 Data Quality Control
7.3.1 LC/LU Annotations

Volunteers are given training over the available taxonomy elements as well as exam-
ples of images to which these correspond. This training process provides the relevant
knowledge to the volunteers in order to provide annotations of high accuracy. The
environment of the campaign, the high inter class variation of the taxzonomy and the
unpredictability of the environment may lead the volunteer to provide incorrect or
misleading annotations. In order to ensure that such annotations will be removed
from the dataset, a validation mechanism has been implemented.

Scent Collaborate is a browser-based crowd-sourcing platform that allows users
to validate tmages collected and annotated during the campaigns. The users can also
provide further annotations for elements that are in the images but have not been
icluded in the annotations. Fach image is annotated by one or multiple users, de-
pending on whether there is an agreement or not upon the validity of the annotation.
The validity of the annotation is established based on the majority vote.



Aiming to boost user engagement and the user-friendliness of the toolbox, the
user can login to the Scent Collaborate using the Scent account. Then the user
is rewarded with points based on the number of annotated pictures. Once more, the
points are connected to badges that acknowledge the achievements of the users. Scent
Collaborate is designed to engage users that do not live close to any of the study areas
but are still interested in contributing to the Scent movement.

7.3.2 River Data Measurements

Understanding that due to low quality contributions and calculation inaccuracies,
the measurements extracted by the WLMT and the WVC'T tools can contain invalid
data, a methodology has been developed that identifies such values and removes them
from the datasets. We present here the steps of the methodology as well as the results
of the data quality analysis for the data collected during the first Kifisos campaign,
held from the 15th to the 17th of November, 2018.

The first step for the evaluation of the data extracted by the WLMT is the spatial
and temporal clustering. To this end, the coordinates and timestamps available from
the metadata were used to divide the measurements into K clusters using the K-
means algorithm [98, 190]. The main challenge of the k-clustering process is to
correctly identify the number K of the clusters into which the data should be divided.
While knowing the nature of the data and the collection process can provide an
tuitive way of specifying the number of clusters, we chose to use a more robust
and agnostic approach, the average silhouette method [163]. Applying this step to
the first Kifisos campaign, the method indicated that the optimal number of clusters
is K = 10; Figure 7.6. Further examining the clustered data, a internal variance
was observed along with data that can be considered as outliers. In Figure 7.7 at the
top, the internal variance of the clusters is presented using the boxz-plot technique.
The next step of our methodology was to eliminate the internal variance presented
in the clusters. To achieve that, the “sigma test” was applied [298].

This test checks if data within the same cluster follow the normal distribution
N(u,0?), and the mean value and standard deviation can be approzimated by the
characteristics of the sample, u ~ T and 0* ~ s*. The sigma test is used to remove
possible invalid measurements by keeping only the data in the interval (u—c- o, p+
c-0), with c € RT.

For the data extracted during the Kifisos campaign, and for a value ¢ = 1, about
32% of data of each cluster were invalidated. The box-plots of the clusters after
the sigma test are presented in Figure 7.7 at the bottom. Carefully examining the
results, it is noticeable that some variance is still within the results. In order to
identify the source of this variance, the outliers were visually inspected. This showed
that occasionally the WLM'T gave a wrong measurement. In most cases, the WLMT
gave the proper reading based on the content of the image but that was significantly
higher than expected as the bottom of the image did not contain the water level, or
the water level indicator was obstructed by brought material. In a few limited cases,
deterioration of the letters printed on the indicators made some digits resemble others
such as a “T” resembling a “1”7 or an “8” resembling a “0”.

For the evaluation of measurements extracted by the WVCT, the same method-
ology was followed. In Figure 7.8, the box-plots that show the range of the collected
data of the K = 12 clusters for the Kifisos campaign are present. The number of



© o o o
o o o o @
NORA & ® N
T T T T
. = |
. .
. .|
1 1 Il 1

Average silhouette score
o
(o))
T
[ J
1

8 9 10 11 12 13
Number of clusters

Figure 7.6: Using the silhouette method to define number of clusters.

clusters was once more decided using the average silhouette method. In some cases,
there are clear outliers; these were examined further to identify the causes. The
main cause was that often part of the video contained the retrieval of the tennis ball,
a process that was increasing the average velocity calculated. In order to eliminate
this problem, instructions were given to the volunteers and an option was added to
the interface of the Scent Fxplore application allowing users to discard video that
was not properly captured.

7.3.3 Sensor Measurements

Sensor measurements are accompanied by rich metadata that include coordinates,
timestamp, a unique measurement ID, the unique identifier of the volunteer that
collected the measurement as well as the GPS accuracy. The measurements contain
two wvalues, one for air-temperature measured in Celsius degrees and one for soil
moisture as a percentage. The collected data of each campaign are examined to
identify potential invalid measurements and remove outliers. For both of the collected
measurements, the criteria used to identify invalid measurement are

e Spatially isolated measurement. Knowing that volunteers collect measurements
in groups of at least three persons, having a measurement that is more than
10 m away from the rest is an indication of either invalid coordinates or a
contribution far from the Pol.

o Volunteer exclusive measurements. This test is also based in the knowledge of
how campaigns are organized, in groups of people. If there is an area where
only one volunteer is providing measurements, most probably there was an issue
with the provided coordinates or the execution of the measurement collection
process.

e GPS accuracy being greater than 20 m. This test is necessary, as the areas the
volunteers wvisited were remote, and in many cases the GPS coordinates were
not accurate. Given the importance of the spatial distribution for the usage of
the collected measurements, such values are not useful.
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Figure 7.7: The variance of water level measurements (a) before and (b) after the
sigma test.

For the air temperature measurements, an additional validation test, called the
range test, is carried out. The validate range is calculated as T+ 10 °C, where T
15 the daily mean temperature the volunteers provided. For the soil moisture mea-
surements, the delta test [298] is applied. The analysis of the soil moisture mea-
surements, revealed many entries with zero as value. Fxtensive laboratory testing
proved that the sensor can provide a valid measurement of 0% moisture level when
measuring dry soil without any roots of living plants inside, which was also expected
by its specifications. This created the need for differentiating between measurements
taken with the sensor not inserted properly to the ground thus being invalid and
measurements taken where the soil was dry. In order to identify valid zero measure-
ments, the time series of measurements provided by a user are examined. If a 0%
moisture level measurement is followed within the next 15 s, which is the update rate
of the sensor, with a measurement greater than 0%, then the first measurement is
mvalidated.

For the Kifisos campaign, there were N = 215 measurements of air temperature
and soil moisture collected. Following the methodology described before, they were
clustered into K = 4 clusters. The spatial distribution of the measurements col-
lected is presented in Figure 7.9, showing that the choice of creating four clusters
was accurate. The internal cluster distribution of the air temperature is uniform,
distributed inside its range in most cases. However, there are cases where the dis-
tribution of the values within a cluster is irreqular; such an example is presented
in Figure 7.10 where the data distributions within two clusters are compared. This
raises the question of a user providing systematically invalid measurements.

In order to determine that, the data of the cluster are further divided using the
unique user identifier, as shown in Figure 7.11, and the one-way ANOVA statistical
test [328, 338] is applied as shown in Table 7.5. This test proves that there is
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Figure 7.9: Spatial distribution of the sensor data clusters.

significant difference between measurements collected by different users within the
cluster, as p = 6.47 x 1073* < 0.01. The mean air temperature values showed that
the user with unique identifier 368 consistently recorded higher temperatures.

7.4 Data Provision

Taking into consideration the large volume of collected data, the need of the environ-
mental scientists and local authorities for information based on spatial and temporal
criteria as well as the importance of interoperability and data discovery, the OGC
SensorThings API [183] is implemented as the storage and retrieval platform for
all measurements collected. The SensorThings API is an OGC standard providing
an open and unified framework to interconnect sensing devices with data and ap-
plications. It follows REST principles, the JSON encoding, and the OASIS OData
protocol and URL conventions.

The foundation of the SensorThings API is its data model that is based on the
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ISO 19156, 1SO/OGC Observations and Measurements, which defines a conceptual
model for observations and for features involved in sampling when making observa-
tions. In the context of the SensorThings API, the features are modeled as Things,
Sensors and Features of Interest.

7.4.1 Data Harmonization

Fach data source provides the data in custom JSON formats, and these are received
by the Data Translators, the entry points of information for the back-end. Fach
translator receives data from a specific source and pushes the data to the Data Quality
Control modules as needed. The Data Translator also ensure that the received data
respect the format and types of the data models. They use the available information
in the receiwed data object, trying to transform it based on the requirements of the
SensorThings API standard. In case the data received are not complete or the JSON



Table 7.5: Data evaluation in cluster using the ANOVA table.

Source SS df MS F Prob > F
Group 499 3 166 251  6.47e¢-34
Error 39 60 0.66

Total 539 63

values are not the proper data types, they discard the data object, properly logging
this information. In any other case, they forward the transformed data objects to
the Data Quality Control module.

For the SensorThings API, the correlation between the received data and the data
model involves the creation of two or more data objects for each received measure-
ment. For each data object received, an Observation and a FeatureOfInterest are
created containing the measurement collected and the location that is associated with
it. In order for these entities to be valid, in the context of the standard, an Observa-
tion should be associated with a Datastream. A Datastream is a unique combination
of a Thing, a Sensor and an ObservedProperty. Here, the pre-defined the observed
properties based on the expected data are presented:

o Water level;

o Water surface velocity,

Air Temperature;

Soil moisture;
e LC/LU.

FEach volunteer is modeled as a Thing, based on the unique user identifier that
15 available in the received metadata. Fach portable sensor is modeled as a Sensor,
based on the sensor unique identifier included in the metadata. For the data that do
not require a portable sensor, the mobile device of the volunteer, uniquely identified
by the unique user identifier of the volunteer, is used as a Sensor.

7.4.2 Data Storage

Given the need for a scalable storage solution that can support the provision of spa-
tially dense data with variant time distributions, without a known volume and the
need to efficiently respond to spatial and temporal queries from multiple users simul-
taneously, a distributed storage schema is used for SensorThings API data schema.

The majority of the databases nowadays offer some support for spatial queries.
Most of the traditional approaches such as the ones in MySQL [77] and PostGIS
[249] are based on R-tree indezes to respond to spatial queries. Such approach has a
key challenge, closely related to the spatial distribution of the stored information. R-
trees are only effective if they are balanced, meaning that the stored rectangles do not
overlap or have empty spaces, as they do not guarantee good worst-case performance.
The quality of the R-tree will determine the number of sub-trees that will be examined
each time to answer a query. In our case, given that all the measurements are
collected at or near Pols, it is expected that there will be multiple measurements



with the exact same location. The lack of spatial deviation means that it is close to
mmpossible to construct a balanced R-tree.

Another technique for spatial indexing is the Z-ordering, which aims to allevi-
ate the problems of the R-tree index. The Z-ordering is based on a transformation
of the input spatial information to a one-dimensional data structure without any
loss of information. While, this approach can handle efficiently spatial points, it
lacks the flexibility to efficiently store multiple overlapping objects that lack spatial
distribution.

The XZ-ordering [38] is an index that can efficiently handle the lack of spatial
distribution. This is achieved by avoiding object duplication and allowing overlap-
ping Z-elements. To this end, in order to ensure the optimal storage and indexing
of the data, the XZ-ordering index for the spatial information was chosen for the
SensorThings API. This is achieved by using the GeoMesa [141] indexing tools over
an Accumulo [122] datastore.

7.4.3 OGC Sensorthings API

We have implemented the SensorThings API as a standalone Tomcat application
using the Jersey RESTful Web Services framework. The implementation supports
all the requests described in the standard as well as all the filtering capabilities. The
implementation has received the compliance badge recognizing that it is an OGC
certified product [232]. The endpoints provided are presented below.

GET Requests

Entities may be accessed in many different ways:

e As a collection of entities: A list of all entities in the specified entity set when
there is no service-driven pagination imposed. The response is represented as a
JSON object containing a name/value pair named value, a JSON array where
each element is a representation of an entity or of an entity reference.

e By identifying one entity in a collection: A JSON object of the entity that
holds the specified ID in the entity set.

e By identifying a property of a single entity: The specified property of an entity
that holds the ID in the entity set.

e By accessing the value of an entity’s property: The raw value of the specified
property of an entity that holds the ID in the entity set.

e By following a navigation property: A JSON object of one entity or a JSON
array of many entities that holds a certain relationship with the specified entity.

e By following an association link: A JSON object with a value property, a
JSON array containing one element for each associationLink. FEach element
1s a JSON object with a pair, with name URL and the value of selfLinks of the
related entities.



POST Requests

To create an entity in a collection, the client sends a HTTP POST request to that
collection’s URL. The POST body contains a single valid entity representation. If
the target URL for the collection is a navigationLink, the new entity is automatically
linked to the entity containing the navigationLink.

Newly created entities may be linked to existing entities, by using the entity ID,
or contain the information needed to create the related entities. A request to cre-
ate an entity that includes related entities, represented using the appropriate inline
representation, is referred to as a “deep insert”.

PATCH Requests

HTTP PATCH requests are responsible to merge the content in the request payload
with the entity’s current state, applying the update only to those components specified
in the request body. The properties provided in the payload corresponding to prop-
erties that can be updated replace the values in the entity. Missing properties of the
containing entity or complex properties are not directly altered. These requests may
contain binding information for navigation properties. For single-valued navigation
properties, this replaces the relationship. For collection-valued navigation properties,
this adds to the relationship.

DELETE Requests

A successful DELETE request to an entity’s edit URL deletes the entity. The request
body must be empty. The implementation implicitly removes relations to and from
an entity when deleting it; clients need not delete the relations explicitly. Related
entities may be deleted or modified if required by integrity constraints.

7.5 Discussion of Similar Approaches

According to relevant studies [121], the first recorded effort of establishing a Cit-
1zen Science project is from 1989, when 225 volunteers across the US were asked
to collected rain samples to assist the Audubon Society in an acid-rain awareness
campaign. The volunteers collected samples, recorded pH, and reported back to the
organization. The information was then used to demonstrate the full extent of the
phenomenon [167]. While this project is very important as it established the advan-
tages of engaging volunteers in scientific projects, the data collection process was far
from simple; the sample pool was very limited, and the data collected were not val-
idated in any way, making this a poorly designed Citizen Science project by today’s
criteria.

Since then, many Citizen Science projects have been established, from different
scientific areas, aiming to collect contributions from volunteers. To the best of our
knowledge, SCENT 1is the only Clitizen Science project tackling the issue of moni-
toring water parameters such as water level and velocity in the context of aquatic
ecosystems, so a direct comparison of the results is not feasible. The design decisions,
the system architecture, the validation process as well as the campaign organization
will be compared here with other Citizen Science projects that are focusing on mon-
itoring other elements of the environment.



There are many examples of citizen science projects that follow a simple approach
to the data collection. They identify the needed information, define simple actions
that are to be performed by volunteers, they provide training where needed and they
collect the data generated. We present below a few indicative examples.

A wvery interesting approach was the bumblebee [194] monitoring in the UK that
was supported by citizen science. Data were collected on 1022 bumblebee nests when
participants were asked to record attributes of bumblebee nests discovered in their
gardens and either fill an online form or provide their data with post. The collected
data were very valuable, as they made it feasible to study how bumblebees select their
habitat, and provided the first quantitative evidence of potential decline in one of
the UK’s ‘big siz’ common bumblebee species. This was possible due to the wide
geographic range in a short time period of the data collection. The main challenge
this project faced was the identification of the species. This required photographs
that were examined by experts. This is a major scalability issue as an increase in
the number of collected data samples would make their validation impractical.

The Neighborhood Nestwatch Program [85] engages citizen scientists in the col-
lection of scientific data and fosters scientific literacy and increased attachment to
place in their local natural environment. Nestwatch collects data that can help re-
searchers understand the ecology and population dynamics of eight species of birds
along an urban-to-rural gradient in the Washington, D.C., area and teaches people
living in urban/suburban settings about bird biology.

eBird [293] is a program launched by the Cornell Lab of Ornithology (CLO) and
the National Audubon Society in 2002, which engages a vast network of citizen sci-
entists in reporting bird observations using standardized protocols. The mission is to
better understand bird distribution and abundance across large spatiotemporal scales
and to identify the factors that influence bird distribution patterns. The collected
iformation provides useful insights on species occurrence, migration timing, and
relative abundance at a variety of spatial and temporal scales. To effectively engage
birders, eBird provides a permanent repository for their observations and a method
for keeping track of each user’s personal observations, birding effort and various bird
lists. The main challenge of this project is that data are collected by individuals and
not by organized campaigns. Inexperienced users might use bird counting techniques
wrongly or confuse similar looking bird species. If these users are in locations where
not enough information is available, bias may be introduced to the system.

Moon Zoo [267] is proving that there are no limits to where citizen science can
go. The project utilises internet crowd-sourcing techniques to take volunteers for a
walk around the moon. Moon Zoo users are asked to review high spatial resolution
images from the Lunar Reconnaissance Orbiter Camera (LROC), onboard NASAs
LRO spacecraft, and perform characterisation such as measuring impact crater sizes
and identify morphological features of interest. The tasks are designed to address
issues in lunar science and to aid future exploration of the Moon. The information
adn measurements derived from the data are also found to align with other estimates
for the study area.

In the context of water ecosystems there are many citizen science project. They
cover a wide range of research subjects such as the monitoring of species, the pol-
lution and the overall health of the ecosystem. We present below some indicative
examples.

CoralWatch [200], launched in 2002, is a citizen-science program that seeks to



integrate education and global reef monitoring by examining coral bleaching and uses
a monitoring network to educate the public about reef biology, climate change and
environmental stewardship. The main tool for Coral Watch participants is a square of
plastic that can be used like a color swatch card, to monitor coral bleaching and there-
fore coral health. CoralWatch participants match the chart colors to the coral color,
record the codes and enter the data on a chart via a website. Scientists developed
the colors on the chart using intentionally bleached coral in temperature-controlled
aquaria. In this case, the data collection protocol is the main challenge. In order for
the information collected to be of use to the scientists, additional data to the color
information is needed, putting the user engagement at risk. Special effort was made
by the project organizers to communicate with participants through various media.

Within the context of Coastwatch Europe, an international network of environ-
mental groups, universities and other educational institutions, who in turn work with
local groups and individuals around the coast of Furope, many citizen science activ-
ities took place aiming to support the monitoring of the coasts around Europe and
collect needed information. An annual survey held in UK [162] offered an insight
into the major problems and threats to the coastline and raised public awareness re-
garding environmental issues. Similarly, in Poland [154] the project monitored with
the help of volunteers the tendencies in numbers of beverage containers. These con-
tainers have posed a problem to the state of popular coastal destinations worldwide
for many years and the problem has been addressed in numerous publications that
focus on the state of coastlines. The results of the survey indicated that despite the
raise in the number of visitors to the coasts the number of containers left behind
declined due to the environmental awareness of the public.

The plastic pollution is a fast escalating problem for all the oceans around the
world. Careful monitoring and recording of their spatial and temporal distribution,
a key requirement to identify the origin and measures to contain the pollution, is a
magjor and expensive task that requires a vast amount of properly distributed data.
The citizen science project “National Sampling of Small Plastic Debris” [86] was
supported by schoolchildren from all over Chile who documented the distribution and
abundance of small plastic debris on Chilean beaches. Thirty-nine schools and nearly
1000 students from continental Chile and Faster Island participated in the activity.
To wvalidate the data obtained by the students, all samples were recounted in the
laboratory, again raising the issue of scalability with regard to the validity of the
data.

In all the Citizen Science projects presented here, the main issue was the data
validity. In most cases, expects were tasked with the manual inspection of the col-
lected information or even the duplication of the measurement in order to ensure a
high quality of data. Such approaches, however, create the question of the scalability
and the reproduction of the experiment in different areas or countries interested in
participating. The Scent toolbox, through dedicated tools and applications, has au-
tomated the data validation process, creating a scalable solution that can be easily
reproduced in other areas of interest.

Taking a different approach to the classical citizen science model where citizens
simply collect data for scientist to analyse, the Pathfinder [193] created an online
where citizen scientists could not only log the data they collect about sustainability,
transportation, and commuting, but also begin to explore it alongside data collected
by other citizen scientists, identifying interesting findings, and leveraging these dis-



coveries into collaborative discussions around their data. The results showed that
citizen scientists preferred Pathfinder to a standard wiki and were able to go beyond
data collection and engage in deeper discussion and analyses.

A wery unique approach was adopted by the Zooniverse [280], a platform that
hosts many citizen science projects and invites the public to participate in genuine
data analysis at a scale that researchers cannot accomplish on their own. The first
project to be part of this platform was the Galazy Zoo [99], launched in July 2007
and successfully engaged 165,000 volunteers in the morphological classification of
images of galazies. Motivated by this successful outcome, the platform expanded to
host multiple projects covering a wide range of scientific data for volunteers with
different interests. The core methodology is uniform for all the projects, research
data is shown to users in the form of images, video and audio via the Zooniverse
website. Volunteers are shown how to perform the required analysis via a simple
guide or tutorial such that they can then identify, classify, mark, and label them as
researchers would do. The results show the success of this approach as Zooniverse
citizen science projects have resulted in the classification of more than a million
galaxies, the discovery of nearly a hundred exoplanet candidates, the recovery of lost
fragments of ancient poetry, and the classification of more than 18,000 thousand
wildebeest in images from motion-sensitive cameras in the Serengeti. The combined
effort of hundreds of thousands of volunteers adds up to more than 50 years of non-
stop effort each year on the Zooniverse platform alone.

Conclusions

An innovative monitoring system and a constellation of technologies that can support
the participation of volunteers in the collection of data for environmental ecosys-
tems was presentedin this chapter. Carefully designed tools, easy to use and reliable
sensors along with a thorough data quality mechanism allow citizens to contribute
proper, unbiased and high quality scientific data as needed for the researchers and
local authorities. The collected data are harmonized and offered to environmental
scientists and local authorities allowing a more targeted monitoring of areas of in-
terest. The collected information allows scientists to study areas of interest but also
18 invaluable tool for the policy makers in order to make educated decisions reqarding
the needs and potential problems of the study area.



Chapter 8

Emotional analysis of short text

The most suitable sources for opinionated text are posts from social media platforms
and their monitoring has gained in popularity as more techniques are available for
performing sentiment analysis, evaluate the opinions expressed about current events
or public figures and characterize them as positive or negative [18]. The term sen-
timent analysis [189, 5] is used to describe the categorization of text as expressing
a positive or megative opinion. Sentiment analysis is performed for entertainment-
related events, such as TV series and movies, as well as public figures [92]. In order
for such analysis to be successful there is a need for high quantities of annotated text,
collected from multiple trustworthy sources and with high time variance.

It is indisputable that this technique has some very important use cases and real-
world applications. These use cases, however, are limited to scenarios where the
overall opinion about the examined event is not known. There are many scenarios
where the positive or negative aspect of the opinion can be assumed with a high
degree of confidence. One indicative example is the analysis of text produced by
indiwiduals that are exposed to extreme or stressful situations, such as a car accident
or an extreme natural disaster. People experiencing such incidents are expected to be
very negatively influenced, being worried about their well-being and their properties,
angry with the authorities due to lack of preparatory measures or scared about the
development of the event and its consequences. Another important challenge during
such events is that the opinionated text is produced in a short amount of time, during
or close by the occurrence of the event.

Emotion detection [4] in text is proposed as a solution for these challenges. This
technique is not focusing on the positive or negative opinions expressed but tries to
determine the human emotion that is expressed. The task of identifying the emotions
expressed by a person is a very challenging task, that even humans struggle with.
Trying to model such identification and create an automated way of identifying the
expressed emotion is an even more challenging task, not only due to the limited
availability of training datasets but also the restricted information contained in a
short text.

Humans more often than not, do not take into consideration the actual words
that exchange with other people but base their interpretation regarding the expressed
emotion on a series of other cues. The tone used to pronounce the words, the
intonation of the phrase, the facial expression of the interlocutor as well as subtle
signs from the body language. Even then, it is rare that multiple individuals will have
matching opinions when tasked to interpreter the expressed emotion in a situation
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that they witness. This is due to the fact that emotion interpretation is affected by
personal and social experiences that lead each individual understand and interpret
differently emotional expressions.

A technique to emotionally classify tweets is presented in [34] were tweets are
mapped to 6 emotional moods using the Profile of Mood States (POMS) technique.
In [181], a text analysis software, the Linguistic Inquiry and Word Count (LIWC),
is used to classify tweets into 6 main emotional categories. The LIWC calculates the
degree that people use different categories of words across a wide array of texts. The
same text analysis software is also used in [323]. All the available solutions so far
have two main drawbacks. On the one hand, the emotional categories selected are
not based exclusively on the research done by psychologist regarding the emotion the-
ory. Many systems adapt the emotion categories based on their finds, merging or
separating emotions, without any consideration to the scientific standard. On the
other hand, most of the available systems create their training dataset based on the
presence of specific keywords. Unfortunately, using only keywords-based methods,
there is no way to validate the accuracy of the classification method as the classi-
fier is almost exclusively trained to recognize these keywords and classify the text
accordingly.

A fully-fledged prototype system for the emotion detection in text, as it is pub-
lished in social media posts has been developed. The system offers a solution for the
creation of a fully annotated dataset that can be used for emotion detection and a
comparison study between different machine learning models, that were trained using
the annotated dataset. This prototype system offers the following:

e A natural language processor that handles the unique linguistic characteristics
of social media posts in regard to lexical, syntax and annotation preferences
and provides a uniform text in the annotated dataset.

o A hybrid rule-based algorithm that supports the creation of an objectively classi-
fied dataset over the Plutchik’s eight basic emotions[246]. The algorithm takes
into consideration the available emoji in the text and utilized them as objective
indicators of the expressed emotion thus efficiently tackling the challenge of
the subjectivity of the emotion detection.

e An experimental analysis to select the proper machine learning solution, and
its proper configuration, for identifying the expressed emotions in text.

8.1 Methodology

8.1.1 Emotion categories

The discrete emotion theory [261] is one of the most popular theories regarding the
emotion categorization, expressed for the first time in 1872 by Charles Darwin [60].
The theory follows the same basic idea behind the color theory, claiming that there
are some fundamental emotions that can be used as the base for interpreting and
categorizing all the emotions that people may express.

The discrete emotions theory evolved over time and gained in popularity when
Paul Ekman presented an extended experimental analysis about the emotions that
should be considered as primary and reasons for that [78, 305]. His conclusions



are summarized in two key directions. On the one hand, a pleasant-unpleasant and
active-passive scale was identified as capable to depict differences between emotions.
On the other hand, emphasis was given to the fact that the emotion interpretation by
humans was biased, as the understanding and interpretation of emotions is a skill
that people develop though their environment, the other people they communicate
with and their social and cultural interactions. FEkman was the first to challenge
his own assumptions as too restrictive to map all the human emotions, and tried to
establish the proper experiments that would allow the collection of unbiased data.

Due to his systematic and unbiased study of the emotion classification, Paul
Ekman is thought of as a pioneer in the study of emotions and their relation to
facial expressions [79]. The results of Ekman’s emotion classification study have
received a lot of criticism, mainly regarding the way that the data were collected, the
process that was chosen for the data validation and the affect these choices had on
the integrity of the results. Despite the doubts regarding the process and the results,
Ekman has provided the first widely accepted list of the primary emotions, which are
happiness, anger, sadness, fear, disqust, and surprise.

Robert Plutchik [246] built upon that and proposed a slightly modified list with
eight primary emotions. His classification is based on elements of the psychological
evolution of the expression of emotion and it is extracted after careful examination
of general emotional responses of individuals for the same event [245]. Plutchik’s
psycho-evolutionary theory of basic emotions has ten suggestions, which are:

e Animals and Humans. Plutchik claims that emotions are also been expe-
rienced by animals, especially mammoals, and that the concept of emotion is
applicable to all evolutionary levels.

e Fvolutionary History. According to the psycho-evolutionary theory the
emotions appeared through the evolution process, proven to be useful in cer-
tain situations and have evolved into various forms of expression in different
species.

e Survival Issues. A core idea of evolution is the natural selection and the
1dea that physiological changes are the result of the need of a species to survive.
Similarly, emotions evolved overtime and helped with key survival issues posed
by the environment. All the eight emotions can be mapped to survival needs,
for example anger helps humans fight predators, anticipation forces people to
prepare and surprise to learn.

e Prototype Patterns. As with the primitive color theory, similarly for the
emotions, it is believed that there are certain common emotional elements that
can be used to identify prototype emotions, despite the different forms of ex-
pression in different species.

e Basic Emotions. There are eight primary emotions, joy, trust, fear, sur-
prise, sadness, disqust, anger and anticipation.

e Combinations. Any other emotions experienced by humans, even though they
have their own names, can be traced back to various combinations, mixtures
and intensities of the eight primitive emotions.
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e Hypothetical Constructs. Primary emotions are recognized as ideas created
to describe experiences and are mainly idealized states with specific properties
and characteristics.

e Opposites. The eight emotions are designed as pairs of polar opposites. The
pairs are (joy, sadness), (fear, anger), (anticipation, surprise) and (disqust,
trust).

e Similarity. The human emotions vary in the degree of similarity to one other.
There are pairs of emotions such as (aversion, disgust) that are referring to
very similar emotional states while others cannot be compared, such as (admi-
ration, fury).

e Intensity. Plutchik suggested that emotions can be expressed in varying de-
grees of intensity.

The Plutchik’s eight average-intensity emotional categories, which are joy, trust,
fear, surprise, sadness, disqust, anger and anticipation, will be used as the classes
for the emotion detection system proposed here. The system will offer an observation
percentage for each emotion allowing the extraction of more complexr emotions as it
1s defined by Plutchik’s wheel of emotions, as shown in Figure 8.1.

8.1.2 Dataset Acquisition

Computers are unable to understand the human language without any interpretation,
a functionality that is considered useful for many applications including automated
assistants and smart networks. The task of machines to understand the human lan-
guage 1s very challenging as it is very complicated, it includes expression of emotion
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and usage of lax syntactical and grammatical rules. Aiming to alleviate this barrier,
there has been an extended research regarding the ways that artificial intelligence
solutions can help computers with the interpretation of the human language as well
as support machines in communicating in a human-like way/68].

This research field, called Natural Language Processing (NLP) [157], has as a key
target the development of automated solutions that will be able to receive some text
and process it in a way that will enable its interpretation given the overall context.
Unofficially, the aim of the NLP can be defied as the process that will allow machines
to understand a text, the same way that an individual would.

The main challenge for the NLP solutions is the complexity of the meaning ex-
traction. Understanding the individual meaning of the words when isolated is trivial
but identifying the meaning when they are in phrases, accompanied with irony or
sarcasm, is very challenging. Irreqular verbs, plural number exceptions, double neg-
atives used either to emphasize a point or to create a positive as well as multiple
meanings of words based on the overall context are some of the most interesting
peculiarities of the human language [198].

Humans tend to interpret a word based on the context and the overall meaning
very easily, as it 1s something that they are accustomed to. Modeling such behavior,
however, is very challenging as this is not a deterministic task. A very indicative
example is the word bark which can be used either as a verb or a noun with a
plethora of meanings. The following phrases, are all valid uses of the term but its
interpretation is completely different. "The dogs bark every time there is a strange
at the yard’, ’Some kids wrote their names in the tree bark’, ’I love pretzels covered
with almond bark’, "Do you know if bark beetle causes problems with the development
of the trees?’.

The task of performing NLP analysis to social media posts comes with some
additional challenges. It is important to note that the most the well-established
solutions have been trained using text coming from journal articles and encyclopedias
[91], sources of large quantities of high quality text [33], that comply with spelling
and syntax rules, use proper grammar and vocabulary that can be found in official



dictionaries. This is a complete contrast with the characteristics of the language
used at social media posts. In detail, the identified differences in the language are:

e Text size. Traditional NLP systems have been trained using large passages of
text that have only one author. Social media posts have limited characters and
are produced by multiple individuals.

e Topic diversity. Traditional sources provide content that presents specific
topics within the same text, journal articles for example are expected to be
focused on one single topic throughout. A single social media post can included
multiple topics, and express opinions of different intensity, at the same time
that multiple users are discussing a plethora of topics that are of interest.

e Vocabulary € Spellcheck. Formal text includes exclusively words that can
be found in dictionaries, used following the proper spelling and the word cap-
italization rules. In social media posts, users often use words that are non-
existing, either formed on the fly to emphasize a situation or due to incorrect
spelling. There are also some habits of these users that deviate from the proper
spelling rules, such as the usage of letter repetition to give emphasis, the use
of capital letters to expressed the intensity of their emotions or the shortening
of words to their sound for shorter messages, like heyyyyy’, 'I am SAD’ or
.

e Syntax €& Grammar. Formal text follows all the syntax and grammar rules,
including the use of punctuation marks. In social media posts, emphasis is pri-
oritized over proper usage of the linguistic rules. The text includes incomplete
phrases, non-existent grammar, phrases without verbs or subjects, incorrect
and excessive use of punctuation marks.

e Text objectivity € originality. Formal sources are providing unique and
objective text that contains properly presented facts and precise information
with limited emotional expressions. On the other hand, social media posts are
often repetitions or additions to already presented opinions. The posts aim to
present specific views and arguments over recent events and topics of interest,
often expressed under emotional excitement.

e Abbreviations. Shortened text is really used in official documents, unless
it has been clearly defined, is related to a well-established term that is used
throughout the document and is properly explained. The users of the social
media are creating abbreviations continuously, giving them multiple interpre-
tations based on the overall context and fail to explain their meaning.

Dataset Collection & Harmonization

Twitter is the social media platform selected for the collection of the text that will
be used as it is focused mainly on text messages and not on video and images.
The tweets will be pre-processed in order to be harmonised and annotated using a
rule based approach[46]. The approach will ensure that the special characteristics
of the social media posts are taken into account, and utilized as needed in order to
objectively annotate the collected posts, and provide a high quality training dataset.



A dedicated developer’s account was created for the Twitter platform/[310] to
obtain the proper permissions and authentication criteria wn order to collect so-
cial media posts. The Twitter Streaming API[311] was used through the Python
Tweepy[260] library. The library is handling the proper communication as well as
the management of respecting the post capturing quotas of the Twitter API, allowing
us to focus on developing the logic needed for the proper data collection.

The main feature of the Twitter Streaming API is the need to provide a filter to
be used for the streaming. The filter includes multiple criteria, including keywords,
location and language [95] that can be used independently. Many different configura-
tions were considered regarding the best way to collect the training dataset, including
using directly as keywords the emotions and their synonyms or capturing only tweets
that contained emoji. These configurations however were quickly dismissed, fearing
that such dataset will lack the needed heterogeneity to categorize with accuracy any
given text.

After investigating the most popular, based on their frequency of use, words in
tweets[300], a list was composed and used as the streaming filter. The list is {"a",
"the, "T". "to", "you", "in", "on", "for", Mwith", "that"}. In addition, under-
standing that the profiles of the users, and inevitable the content of the posts, changes
based on the day and time they are produced, for example teenagers tend to use so-
cial media late at night while parents of young children in the afternoon, special
consideration was given to the collection of posts at different times and days.

As an additional step to ensure the collection of a high quality dataset, retweets,
quotes and responses to tweets were not included in order to avoid text repetition and
phrases too small to be interpreted on their own. The process of eliminating such
tweets is shown in Figure 8.2. Having established the methodology to collect the social
media posts, the next step is to harmonize their content, focusing on the following:

Hashtags: Hashtags are a unique characteristic of tweets, they are used either
at the beginning of important to the post’s content words, providing a indirect catego-
rization or at the end of the post, along with words and short phrases that have special
meaning and importance to the post. For example, a user at the airport ready to
leave for summer vacations would write "Waiting at the #airport, the flight is leaving
for my #vacations in less than an hour!!! #Summer #SummerTime #traveling’.
Such tweet is using the hashtags to highlight important words for the post as well as
to provide additional context.

A innovative data flow has been designed, as presented in Figure 8.3, to examine
each hash-tagged word and identify the words included. The first step is to remover
the hashtag and look up the word in a dictionary, if the word is found there then
the hash-tagged word is replaced by it, for example #vacations is replaced by vaca-
tions. Next, it is examined if the hash-tagged word is actually multiple words written
in camel case. If this is the case, then the capitalization rule is used to split the
hash-tagged word into multiple ones. Again, each split word is validated through
a dictionary to ensure that the division was accurate, for example #SummerTime
18 replaced by ‘summer time’. As dictionary, the nltk text corpora and lexical re-
sources[228] are used. Last but not least, the hash-tagged word is checked over the
Abbreviations[2] open API and replaced with the corresponding words in case of a
match. If none of the above steps are fruitful then the hash-tagged word is considered
a misspell and is removed from the tweet.

URLs: Tuweets are known for containing hyperlinks to other sources, as they



add value and meaning to the posts. Such links however are not of any value for the
emotion detector and their unusual spelling is more probable than not to confuse the
feature extractor. For this reason, they are removed from the tweets using the Tweet
pre-processor Python library[309].

Mentions: As discussed also for the hyperlinks, mentions are very important
for the Twitter social media platform. They are used mainly to responses and when
specific people are referenced. They always start with the special character @ followed
with the user name of the person mentioned. While their purpose is important for
the interaction at the platform, they have no semantic value. On the contrary, their
unique spelling and the sparsity of their appearance in the dataset may confuse the
feature extractor and the emotion detector. For this, it has been decided to remove
them from the text included in the dataset.

Character repetition,/ misspelled words: Each tweet is divided into words,
and each word is check against the dictionary to determine its validity. In case of
an tnvalid word, the phenomenon of character repetition is investigated, gradually
eliminating characters that appear more than once and checking again if the word is
valid. Posts with misspelled or invalid words are removed from the dataset.

Emoji: The Unicode codes of the emoji are not processed at this time in any
way. The emoji are very important, as it will be discussed in detail in Section 8.1.2,
for the rule-based classification of the tweets in the eight categories. For this reason,
they are not modified in the harmonization phase.

Dataset Annotation

Having collected and harmonized the dataset, the next step is to provide proper cat-
egorization in the eight emotion categories of the Plutchik’s wheel. This is achieved
through a rule based python script, that complies with the following rules:

Emoji: The emoji that are used in excess in social media posts, as collected
by the emoji python library/83], were examined in detail and separated into eight
categories corresponding to the eight emotion categories of the Plutchik’s wheel. A
large percentage of the emoji was not included in any of the eight categories, as they
were general and descriptive, not associated with any emotional state. Indicative
examples of such emoji are vehicles, the fruits and vegetables as well as objects
and animals. Another important part of the emoji dataset that was not categorized,
included emogi that were referring to emotions that were a combination of more than
one of the eight emotion categories according the Plutchik’s wheel, such as remorse
and aggressiveness.

Approximately, only 7% of the initial emoji were categorized as expressing one of
the eight emotions. The number of emoji per category differs a lot, with categories
such as anger and joy having up to 60 emoji while categories such as anticipation
and disqgust having less than 30. Aiming to ensure that the emoji included in the
lists for each emotion are popular, and consequently probable to be found in posted
tweets, the most commonly used emoji as published in tweets and monitored by a live
web tool, the Emoji Tracker [84], were also examined. The lists with the emoji were
updated to include some of the emoji found in the list.

For each collected tweet, the emoji that it contains are examined against the eight
lists. If the emoji is not present in any of the lists then it is simply replaced by its
corresponding text. In the case that only one of the emoji of the tweet is in one of
the lists then the tweet is annotated as belonging to that category, also if more than



one emoji belongs to the same list, again the tweet is annotated as belonging to that
category. In both cases the emoji that were used for the categorization of the tweet
are removed from the post, and not replaced by their text. If multiple emoji belong
to multiple lists then there is no way to properly annotate the tweet, so the emoji
are replaced by their corresponding text [177].

NRC Emotion Lexicon: The NRC Emotion Lexicon[212] is a list of English
words and their associations with eight basic emotions of the Plutchik’s wheel. Each
tweet 1s examined in case such word is present, and if so classified accordingly.

Lexical relations: WordNet [93] is a large lexical database of English, where
nouns, verbs, adjectives and adverbs are grouped into sets of cognitive synonyms, so
that each set is expressing a distinct concept. The sets of synonyms are also inter-
linked by means of semantic and lexical relations. These relationships are synonymy
(car,automobile), antonymy (hot, cold), hyponym (red, colour), hypernymy (cutlery,
fork) and meronymy (tree, forest).

In the annotation rules, two groups of relationships are identified. The syn-
onyms,/hyponyms/hypernyms that are providing for each emotion a set of words and
the antonyms of each emotion that are added in the set of words for the polar oppo-
site of the emotion based on the Plutchik’s wheel [175, 176]. The annotation process
for the tweets is shown in Figure 8.4. Taking into consideration that some emotions
are expressed more frequently, the final dataset has a different number of tweets per
emotion category. Tests performed in different hours during the day and during
different days of the week, including late at night and during weekends showed that
there is a constant lack of social media posts expressing fear and anticipation. Tweets
expressing anger and trust are also hard to collect, while joy and surprised are the
most common emotions expressed. The collected dataset can be used to train any
emotion detection machine learning model, following the process depicted in Figure
8.5.

8.1.3 Classification model development

Amongst many classification methods, the Long short-term memory networks (LSTM)
are wide used to classify text and social media posts. LSTM [138] is a type of re-

current neural network (RNN) [82], that specifically addresses the issue of learning

long-term dependencies. Their architecture allows for the accumulation of informa-

tion during operation and uses feedback to remember previous network call states

[229]. A generic description of the network model used in this document is pre-

sented in Figure 8.6 where each circle represents an LSTM cell, the input is given as

a vector representing a tweet and Output h will return the result that is of interest.

Detailed description of the architecture of LSTMs can be found in [235].

LSTM networks are often used in time-series forecasting and pattern analysis,
such as on petroleum production [264], on weather [160] and on fog data [206]. Also,
in the literature the Long-Short-Term-Memory (LSTM) networks are the leading
methodology for text analysis and classification. In [229] the LSTM is used to classify
pre-labeled texts gathered from online forums in the categories of spam and not-
spam; also the content of books reviews are classified into positive or negative. In
[251] three public available pre-classified datasets, a movie review dataset and two
sets with restaurant reviews, are used in order to train an LSTM to classify the
reviews into negative and positive ones. Also, in [322] pre-labeled articles as news
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and reviews of movies and products are classified in the categories of positive and
negative. Finally, in [250] posts from social media referring to political beliefs are
classified as Democratic or Republican.

For the purposes of this paper, an LSTM network is trained to solve the presented
classification problem of the emotion detection. In order to compare the results of
the LSTM classifier with other methodologies, five other classifiers have been trained
using the same dataset. These baseline classifiers are:

o A linear support vector machine using the stochastic gradient descent classifier



i really dont wanna go to work  tomorrow

Figure 8.6: The sequential learning procedure of an LSTM network.

TWEET
' really dont wanna go to work

tomorrow TOKENIZED TEXT OF LENGTH L = 30

& =) x =4, 82, 69, 156, 83, 3, 126,

9,
VOCABULARY 247,0,0,0,0,0,0,0,0,0,0,0,
{'<O0V>": 1, ‘the’: 2, ‘to’: 3, ‘I': 4, ‘and’: 5, 0,0,0,0 ,0,0,0,0,0]
‘a’:6, ‘of’: 7, ‘you’: 8, ‘in": 9, ‘for’:10 ...}

,0,0
,0,0

Figure 8.7: The tokenization process of the tweets. OOV refers to ‘out of vocabu-
lary’. As the reader can see from this figure a tweet may not always be coherent.

(called SVM-SGD in this document) [36]

An XGBoost classifier [50]

A Naive Bayes classifier for multinomial models [168]
o A Decision Tree classifier[342]

o A random forest classifier [6]

In order to train all the above methods, the collected posts of Twitter had to be
transformed into numbers. Using the downloaded tweets, a vocabulary was created
using the V most common words appearing. The parameter V also determines the
dimension of the feature space used for the classification problem. A higher dimen-
ston could presumably capture more information and obtain better results, at the cost
of slower training times. Using the created vocabulary, each tweet was transformed
to a vector of length L representing the words it contains; this process is called tok-
enization. If a tweet contains less that L words, then it is filled with zeros. Figure
8.7 presents this procedure.

To perform the training process of the classifiers, the average loss of cross-
entropy, also known as Negative Log Likelihood Loss, objective function was mini-
mized:

1 N

Jw) = = 3" [yiog(g) + (1 — yo)log(1 — &) (8.1)
i=1

where w represents all the synaptic weights used in the LSTM, N is the size of the
dataset, y; and §; symbolize the number of the original and predicted category (y;
and y; € {1,2,...,8} in this document). As equation (8.1) gets minimized, more of
the data are being classified into the correct category. For this optimization problem,
the Adam algorithm was used [170].

For all the simulations the Python 3.6.10 programming language was used with
the libraries xgboost 1.2.0 [49], scikit-learn 0.23.2 [242] and tensorflow 2.4.1 [201].



Testing

Classifier
accuracy
LSTM 91.90%
SVM-SGD 86.86%
XGBoost 84.45%
Naive Bayes 77.01%
Decision Tree  84.69%
Random forest 80.35%

Table 8.1: Performance of the classification methods applied on the testing dataset

#

Correctly Classified Tweets

Annotated as

Classified as

(1)

Nothing hurt more than loyalty coming
from one side in a relationship.

anger

anger

(2) What a vibe This song made my day joy joy

(3) How you gonna find a knockoff version disgust disgust
of me that welcomes commitment that’s
gross

(4) The greatest day of the year has finally anticipation anticipation
begun

(5) How to cope with parents who regret your sadness sadness
existence

(6) can we cancel 20207 im so done sadness sadness

(7) god bless the ability to mute people on anticipation anticipation
instagram

(8) I cant wait to live alone in the mountains. anticipation anticipation

9) I hate this fucking song anger anger
Incorrectly Classified Tweets

(10) 40 minutes till i can play tomb raider sadness joy
again

(11) Man I hate my life disgust anger

(12) allergy highs disgust joy

(13) CHANGE MY PIC TO ALL THOSE joy anger
DIRTY HACKERS AND SCAMMERS
TRYING TO USE MY FB, INSTAGRAM
PG, THANK YOU MONIE FOR THE
LOOKOUT CHICK!!! #CLASS OF 88

(14) I love not being loved by my friends joy sadness

Table 8.2: Examples of the classified tweets

8.2 Results

A total of 1.2 million annotated tweets was downloaded using the process described in
Section 8.1.2;this number of tweets is just a balanced (among the emotion categories)
subset of a greater set of 3.6 tweets that were collected with a speed of about 700,000
tweets per day. This dataset is publicly available at https: //www. kaggle. com/
tasos123/ tweets-annotated-to-emotions and it contains only the tweet-ID and
the class it has been annotated in order to protect the anonymity of the Tweeter’s
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Figure 8.8: The layers used in the training process of the LSTM network.

users. The 80% of them were used as a training sample, 10% as validation and 10%
as testing. The used vocabulary size is V = 20,000 and each tweet was transformed
to a vector of length L = 50. Choosing other values for the parameters V and L was
leading to similar or worse results. Also greater values for V were resulting to very
slow training procedures or were resulting to overfitting networks and were avoided.
It should be noted that all computations were performed to a CPU (an Intel i7-4770
@ 3.40GHz) and not any GPU was used in all the experiments of this document.

Fig. 8.8 shows the layers used in the training process of the LSTM together with
their parameters. For the baseline classifiers, the default parameters (according to
their libraries mentioned in the previous section) were used.

In order to compare the performance of the classification methods, the overall
accuracy on the testing dataset is used. Table 8.1 shows the results of the LSTM
compared with the five other baseline classifiers. The LSTM provides the best overall
performance and the SVM-SGD follows. The Naive Bayes model provides the worse
performance than all the others, but this could be resulted by the use of the partial
fitting function that was used since it was demanding huge amounts of RAM memory.
Figure 8.9 shows the LSTM’s accuracy in each of the eight classes at the form of a
confusion matriz. This matriz was normalized, i.e. each row sums to one. Higher
values in the main diagonal of this matriz show better performance for each category.

Disgust and joy are the emotions that are better predicted using the LSTM, while
trust and anticipation are the emotions with the lowest network performance. The
differences, however, in the performance of the LSTM in the eight categories are such
that can be considered insignificant. FEspecially for trust and anticipation, the two
least accurate predicted emotions, careful examination of the confusion matriz shows
that text expressing trust is more often than not wrongly classified as anticipation
and vice versa. Based on this observation it can be assumed that, even though
not anticipated, there is some overlap in phrases and expressions used to express
these emotions. It is also worth noticing that these emotions are the ones that have
the least keywords associated with them, the fewest synonyms and the least diversity
regarding emoji expressing them. For these reasons the network’s accuracy is limited
in these categories.
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Figure 8.9: The Confusion matrix with the classification results of the LSTM net-
work

Table 8.2 presents some examples of classified tweets, nine correctly classified
ones and five classified to the wrong class. It can be observed that, the second wrongly
classified tweet, (#11 in Table 8.2 ), although it was labeled as disgust in the anno-
tated dataset due to the presence of an emoji, the LSTM classified it to the anger
category, possibly using the "I hate" sequence of words. Similar behaviour is pre-
sented in the tweet #13 that s was labeled as joy in the annotated dataset due to the
presence of a smiling emoyi, but from the human perspective it is more likely that it
belongs in the anger class, like the LSTM classified it. Also in #14 we can see the
presence of sarcasm/irony that although it was labeled in the annotated dataset as
joy due to the ezistence of the "love" keyword, it was classified by the LSTM to the
more fitting sadness emotion.
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